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ABSTRACT 

 

 Modern hospitals and clinics produce tons of electronic data every day regarding 

patients, medications, treatments, and diseases. These amounts of data contain the 

potential to help humanity understand and analyze the biomedical fields from a 

statistical and predictive point of view. Throughout the years, research has been 

concluded to develop methods of interpreting and analyzing this data. Biomedical 

statistical researchers have experimented algorithms to achieve findings and associations 

within the aspects of the data given. Medical decision-making is becoming more and 

more dependent on data analysis, rather than conventional experience and intuition. 

Hence, this project will look into the feasibility of developing software for hospital data 

analysis, specifically, the MIMIC-II (Multiparameter Intelligent Monitoring in Intensive 

Care) data that support a diverse range of analytic studies which extend across 

epidemiology, clinical decision-rule improvement, and electronic tool development. This 

statistical software is programmed to run multiple algorithms on the massive datasets in 

the mean of revealing similarities of items related to sets by focusing on the algorithm 

based of Market-Basket method. With the aim to assist in showing patterns and 

associations in hospital big data, the software reveals associations and apprehending 

patterns inside this data demonstrated as predictive analytics that can assist in handling 

comparable cases and present clinical and hospital-decisions. 
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1. CHAPTER 1: INTRODUCTION 

1.1. Project Background 

The industry of healthcare is transforming globally moving towards a value-

based industry [1]. Increasing demands from consumers are asking for many things such 

as, better quality of healthcare, more value, pressurizing the healthcare providers to 

bring enhanced outcomes. The shortages in physicians and nurses expect overworked 

professionals to work more efficiently and productively. The increase in life expectancy 

as well as the spread of continuous diseases is changing the healthcare cost dynamics. 

 

The healthcare industry throughout history has brought up large quantities of data, 

motivated by keeping records, as well as patient care. Since data was stored as a hard 

copy form in the past, the present goal is heading towards fast digitization of these vast 

amounts of data. These huge amounts of data aka „big data‟ hold the potential of aiding a 

broad range of medical and healthcare purposes, also others biological decisions 

assistance, disease monitoring, and improvement of population health. [2].  

 

Performing analytics to obtain more clarified insights is capable of showing value and 

achieving better results, such as modern treatments and technologies. That information 

that leads to vision aids knowledgeable and educated citizens to act more responsibly for 

their own wellbeing. Analytics have the possibility to maintain better effectiveness and 

overall efficiency. From handling small details up to huge processes, this analytics is 

able to explore and discover; help structure and form policy as well as programs; 

advance in delivering service as well as operations; improve sustainability; reduce risk; 

also provide ways and methods to evaluate and calculate acute organizational data [3]. 

Above all, it is able to enlarge gate of improvement to healthcare, connect pay with 

performance while helping to limit increasing healthcare costs. 
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1.2. Problem Statement 

Healthcare industry is facing challenges to enhance and improve the quality of 

their services. With the increased complexity of the data generated by the hospital 

records, patients‟ treatments, and medical history, it is becoming even harder to process 

this amount of data to deliver new means of decision making. It is becoming a new 

challenges and opportunity for the healthcare industry to utilized the readily available 

data to model treatment delivery for new medical cases.  

 

Statistical algorithms can be developed to obtain similarities or relations between 

patients‟ electronic data to actualize data-driven decision making and improved 

judgement in healthcare. Different algorithms are to be tested to evaluate their 

functionality and efficiency in providing fast results. By revealing associations and 

apprehending patterns inside this data, data analytics provides the chance to develop 

care, rescue lives and cut down on costs.  

 

1.3. Objectives 

The objectives here for this study will be as follows: 

 To develop a software for MIMIC II data analysis, and related databases. 

 To apply big data analytics techniques on the data at hand. 

 To test and validate the algorithm and demonstrate visualized output. 

1.4. Scope of Study  

The scope of study will be covering the following aspects: 

 

 Interpretation of hospital data sets. 

Big data analysis in healthcare industry is becoming a trend in modeling new 

patient-oriented treatment and medical decision of diagnosis-oriented medical 

care. The big-data initiative, which combined information collected from 

patients' medical history, claims, demographics, laboratory results, pharmacy use 
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and patients' self-description of their health status, and performing sets of 

algorithm on it to create predictive analysis to prevent the diseases and to 

manage diagnosis, medical care and health condition.  

 

This project will look into analysis on MIMIC II data sets which encompasses of 

a diverse and very large data of ICU patients containing diagnosis, medication 

prescription, lab results, electronic documentation, and bedside monitor trends 

and waveforms.  

 

 Classification of data using R programming language. 

This project focuses on the development of statistical software using R 

programming languages on precedent clinical data sets. R is a powerful language 

for comprehensive statistical analysis that incorporates all of the standard 

statistical tests, models, and analyses, as well as providing the capability to 

manage and manipulate data. However, this project will focus on predicting 

pattern and matching trends and relations of the clinical data sets, independent of 

its timeframe and time series aspect which eliminates the forecasting scope. 

Forecasting on the clinical data sets, though powerful and advantageous, is 

unfeasible for the development of the hospital data analysis software in this 

project. 

 

 Developing an algorithm for data analysis and statistical results. 

Market-basket model is chosen as the algorithm for data analysis to be 

programmed in the software for this project due to its capability to form 

associations in the objects extracted from the clinical data sets. 
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2. CHAPTER 2: LITERATURE REVIEW 

 

2.1. Advantages of Big Data Analytics To Healthcare 

Big data within healthcare indicates the massive and multifaceted health datasets 

that are challenging (nearly impossible) to process using old-fashioned software or 

hardware; nor simply managed by general data management means and tools. 

 

The size of big data that exists in healthcare is devastating due to the multiplicity of 

types of data as well as its size, adding to that the speed at which it needs to be 

processed. The entirety of data linked to patient wellbeing and healthcare events 

generate “big data” in the healthcare business. It contains clinical information such as 

physicians‟ orders, notes, prescriptions, chart events, and other machine generated data, 

such as monitoring vital signals [3]. 

 

Performing analytics in order to achieve more explained conclusions will show value as 

well as obtaining clarified results, heading towards up-to-date treatments and tools. Data 

that leads to insight is able to assist informed and well-educated consumers behave more 

responsibly towards their health. Analytics is able to develop efficiency and 

effectiveness. Ranging from small details up to big processes, analytics are able to help 

examination and findings; develop the delivery of services and operations; improve 

sustainability; reduce risk; and offer a way to measure and evaluate important structural 

data. Most important of all, analytics can enlarge access to healthcare and reduce the 

growth of healthcare costs [4]. 

 

Analytics in big data is possible to change the method used by healthcare providers to 

make decisions out of their clinical and other data sources from complicated 

technologies to simpler forms. In the future, fast and general applications of big data 

analytics among healthcare will be noticed. Regarding that matter, several challenges 



5 

 

shall be addressed, issues like privacy, security protection, constructing authority as well 

as standards [5].  

 

2.2. Data Mining 

The general meaning of “data mining” is the detection of “models” intended for data. It 

is also known as obtaining useful info from large datasets, then the analysis of 

observational data to seek unsuspected associations while reviewing data in new ways to 

be useful and understandable by data owner [6].  

 

2.3. Association Rule Mining 

Association rule learning is a prominent and well researched method for revealing 

interesting relations between variables in big data analysis. It is directed to classify 

strong rules discovered in big data using different measures of interestingness. 

2.3.1. Finding Similar Items 

A general goal in data-mining is to look for “similar” objects or items. An example is 

finding near-duplicate Web pages by observing a group of pages online. The result can 

be plagiarisms, or mirrors that contain the same material but different host information. 

It phrases the similarity problem as in discovering big intersections between data sets. 

Then, to find textually similar documents it starts with a technique called “shingling” 

that turns it into a set problem. Hereafter, another method known as “minhashing” is 

used to compress huge sets to deduct the similarity of the original sets from their 

compacted versions [6]. 

 

A different issue that arises in searching for similar items is the existence of huge 

amounts of pairs of items to be tested in their level of similarity, even if it is easy to 

compute the similarity of just one pair. That issue encourages a new technique named 

“locality-sensitive hashing”, that focuses on pairs that have a high chance of being 

similar. 
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2.3.2. The Market-Basket Model 

The market-basket classification of data describes a general way of many connections 

among two types of items. On one side, there are items, and on the other there are 

baskets, often named “transactions.” Every basket contains an itemset, and it is assumed 

that the amount of items inside a basket is few – much fewer than the amount of items. 

The amount of baskets is often presumed to be huge, bigger than the size the main 

memory can handle. The data shall be represented in a file made up of an order of 

baskets. In terms of the arranged file, the objects of the file are baskets, and “set of 

items” is the type of each basket. 

Let‟s assume the items:  

                       

The transactions or basket is a set of items that re-occur together.   

                        

 

Rules are statement of the form  

                             

 

The rules that enable us to analyze the data acquired are basically identified by the 

support, confidence and the lift of the market basket analysis. 

 

The support of an item or an item set is the probability of finding that item or item set 

within our data set that includes this specific item or item set. Generally, it is preferable 

to identify rules which possess high support, as they shall be applied to a relatively big 

number of transactions or baskets. In hospital analytics it depends on the item set that is 

compared to the item, as in, if the library of the diseases for the patients tested, the 

support should be high. If the list of diseases is small, then it is less likely to obtain 

similarity; therefore the support should be decreased. 

support (AB)         
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The confidence regarding the rule shall be the possibility of occurrence of a new 

transaction that contain an item that it is true for a new transaction that contains the 

items on the LHS of the rule.  

confidence (AB) = support      / support (A) 

 

 

The lift is identified as the ratio of the support on the LHS co-occurring with the RHS 

items then divided by the possibility of both A & B co-occurring with them being 

independent. 

lift (AB) = support       / (support(A)×support(B) 

 

If the lift happens to be more than 1, it indicates that the existence of items on the LHS 

did enlarge the possibility the items on the RHS happening in this transaction. If the lift 

is less than 1, it indicates that the existence of the items on the left hand side shall set the 

probability of the items on the RHS that will be part of the transaction less. If the lift is 

equal to 1, it will suggest that the existence of items both, on the LHS and RHS certainly 

are independent: by understanding that the items on the left hand side are existing adds 

no change to the possibility that items will happen for the RHS. 

 

On performing market basket analysis, we are searching for rules that have a lift greater 

than one. Rules with greater confidence are rules such the possibility of an item 

appearing on the right hand side is high specified the existence of the items on the left 

hand side. It is better (higher value) to execute rules that have greater support - as they 

will be relevant to a bigger amount of transactions. 

2.4. The MIMIC II Database 

The Multi-parameter Intelligent Monitoring in Intensive Care II (MIMIC-II) database 

contains thorough material for patients who stay in the intensive care unit, this database 

includes laboratory data, therapy involvement data as vasoactive medication input 

amounts and ventilator preferences, nursing action notes, discharge summaries, reports 

of radiology, entry data of the provider, International Classification of Diseases, 9th 
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Revision codes, as well as, for a set of patients, high-resolution trends for vital signs and 

waveforms of 25,328 intensive care unit patient stays [9]. This project will look into 

analysis on MIMIC II data sets. 

 

Although other clinical research databases exist, such databases are often privately 

owned and have highly restricted access or require fees for access. MIMIC-II has been 

fully de-identified in a Health Insurance Portability and Accountability Act (HIPAA) 

compliant manner and is available free of charge for public use, subject to completion of 

an appropriate online human-subjects training course and signing of a data use 

agreement.  

 

The database, which was made freely available in February 2010, is available via 

PhysioNet, a web-based resource for the study of physiologic data along with a detailed 

user‟s guide and a collection of data processing tools [10]. It establishes a new public-

access resource for critical care research, supporting a diverse range of analytic studies 

spanning epidemiology, clinical decision-rule development, and electronic tool 

development. 

 

2.4.1. Data Mining on MIMIC II Database 

The large-scale ICU databases, MIMIC II have been effective resources to understand 

risk factors and natural histories of critical illness as well as the efficacy of various 

treatment strategies. Several data mining project has been done by researches on this 

databases which shall be the benchmark for the development of the software in this 

project. Some notable data mining project includes, 

 

 Computer-assisted de-identification of free text in the MIMIC II database [11]. 

An evaluation of methods for computer-assisted removal and replacement of protected 

health information (PHI) from free-text nursing notes collected in the intensive care unit 

as part of the MIMIC II project. This study develops a semi-automated method to allow 
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clinicians to highlight PHI on the screen of a tablet PC and to compare and combine the 

selections of different experts reading the same notes.  

 

 Estimating cardiac output from arterial blood pressure waveforms: a critical 

evaluation using the MIMIC II database [12]. 

An evaluation of 11 well-known Cardiac Output (CO) estimators using clinical radial 

ABP waveforms from the multi-parameter intelligent monitoring for intensive care II 

(MIMIC II) database, using thermodilution CO (TCO) as reference for comparison. 

 

 Predictive Value of Ionized Calcium in Critically Ill Patients: An Analysis of a 

Large Clinical Database MIMIC II [13]. 

This research studies the association of Ionized Calcium (iCa) with mortality by using 

MIMIC II database. In critical illness, heart failure and hyperadrenergic states are the 

most commonly seen disorders that have been proven to be associated with calcium 

derangements. iCa measurements in multiple MIMIC II patients‟ ICU stays records was 

used to establishes said association. 

 

 Accessing the public MIMIC-II intensive care relational database for clinical 

research [10]. 

This paper presents the two major software tools that facilitate accessing the relational 

database: the web-based QueryBuilder and a downloadable virtual machine (VM) 

image. QueryBuilder and the MIMIC-II VM have been developed successfully and are 

freely available to MIMIC-II users. 
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3. CHAPTER 3: METHODOLOGY 

 

3.1. Research Methodology 

This study will be based on developing an algorithm to detect similarities or 

associations within the elements of the present hospital data. Starting with a simple 

software that can detect similarities within given sample data, a software will be 

developed that is able to analyse large datasets that stream every day from hospitals, and 

be able to present facts about that given data. The algorithm development will include 

presenting visual results to help simple understanding of the results. These algorithms 

can be integrated in R software that is able to aid modern healthcare analysis. The flow 

of the project study can be summarized in figure 1 below. 

 

Figure 1: Flow of the project 

• Understand different methods of statistical measurements for hospital 
data. 

• Review size and dimensions of data required for analysis. 

Initial Research 

• Manipulation of data using R functions 

• Testing various algorithms and study the respective outputs. 

Development 

• Functional requirements for the Hospital Big Data Analysis software 

• Visualization of the algorithm output. 

Evaluation 
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3.1.1. Initial Research 

 Understand different methods of statistical measurements for hospital data. 

 

The primary focus of this project is to understand different methods of statistical 

measurements for hospital data. Explosive growth in the generation and collection of 

hospital data has created abundance of opportunities for research and statistical analysis 

in healthcare industry.  

 

Prior to development of the hospital big data analysis software, understanding of the 

subject matter and its data types is crucial in order to decide on the method of statistical 

analysis to be performed. The diversity of data types in MIMIC II supports the 

development and evaluation of automated detection, prediction, and estimation 

algorithms [15]. Having high temporal resolution and being multiparameter in nature 

made MIMIC II data suitable for developing clinically useful and robust algorithms [9, 

15]. MIMIC II is selected for this study due to its ability to simulate a real-life ICU in 

offline mode that enables inexpensive evaluation of developed algorithms without the 

risk of disturbing patients and clinical staff.  

 

 Review size and dimensions of data required for analysis. 

 

The MIMIC-II is a massive intensive care unit (ICU) research database with a high-

resolution diagnostic and therapeutic data from a large, diverse population of adult ICU 

patients. Thus, initial research of this project includes reviewing the size and dimensions 

of MIMIC II data required for analysis. Sets of less than five (5) patients per algorithms 

run were decided for this study to ensure efficient query processing and memory 

management. Extractions of the required data within each MIMIC II patient ICU stay 

logs were done to avoid heavy processing and to allow faster results generation. 
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3.1.2. Development 

 Development with R programming language 

 

R is an open source programming language and software environment for statistical 

computing and graphics. Widely used among statisticians and data miners for 

developing statistical software [16][17] and data analysis, the R language includes 

virtually every data manipulation, statistical model, and chart that the modern data 

scientist could ever need. R has become the most popular language for data science and 

an essential tool for Finance and analytics-driven companies such as Google, Facebook, 

and LinkedIn.  

 

In this section, the viability of developing the hospital big data analysis software using R 

programming language is addressed.  

 

3.1.3. Evaluation 

 Testing and visualization of the algorithm 

 

The testing and visualization of the algorithm is done using R studio, an integrated 

development environment (IDE) for the R programming language. It includes a console, 

syntax-highlighting editor that supports direct code execution, as well as tools for 

plotting, history, debugging and workspace management. The visualization of results 

from the algorithm run is display in the console and plot section of the R studio. These 

visualizations are provided within this paper in Chapter 4, Results and Discussions. 

 

 Functional Requirements of the Hospital Big Data Analysis software 

 

Function 1 The software shall provide data import capabilities 

Description The Hospital Big Data Analysis software should be able to perform 

data import for the MIMIC II datasets and its tag dictionary. 
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Function 2 The software shall include data extraction capabilities 

Description The software must be able to extract all the data to be analyse and 

formed in into the proper data structure. 

 

Function 3 The software shall enable user to run algorithms for data analyzation 

Description The software should be able to perform sets of analytical algorithm 

on the MIMIC II datasets. 

 

Function 4 The software shall provide results visualization capabilities 

Description The software shall output the results of the algorithms run to the user 

on the console and provide graphical representation of the performed 

output. 

Table 1 : Functional Requirements of the Hospital Big Data Analysis software 
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3.2. Gantt Chart 

The Gantt charts for Final Year Project I and Final Year Project II are shown in 

Figures 2 and 3 below: 

 

Week 1 2 3 4 5 6 7 8 9 10 11 12 13 14 

Selection of project title               

Initial research of work               

Extended Proposal Submission               

Proposal Defence               

Continuation of research               

Data interpretation and 

function testing. 
              

Submission of interim report               

Figure 2: Gantt chart for FYP I 

 

Week 1 2 3 4 5 6 7 8 9 10 11 12 13 14 

Interpreting Data                

Progress Report Submission               

Running Algorithms               

Pre-SEDEX               

SEDEX               

Dissertation Report 

Submission 

(Soft Copy) 

              

Viva               

Dissertation Report 

Submission “Hard Copy” 
              

Figure 3: Gantt chart for FYP II 
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3.3. Key Milestones 

Key milestones completed so far: 

 Project Research kick-off       Week 4 (FYP I) 

 Extended proposal submission     Week 7 (FYP I) 

 Proposal defence          Week 8 (FYP I) 

 Interim report submission     Week 14 (FYP I) 

 Progress Report       Week 8 (FYP II) 

 

Key milestones to be completed: 

 Pre-SEDEX       Week 10 (FYP II) 

 Obtaining Visual Results and Debugging   Week 11 (FYP II) 

 Dissertation Report Submission     Week 12 (FYP II) 

 Viva        Week 14 (FYP II) 

 

3.4. Project Work 

 

Figure 4 : Project Work Methodology for Software Development 
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3.4.1. Data Import & Extraction  

Using the physionet download URL, it has been possible to download the MIMIC II 

database for a 100 patients, each patient has a record of events and incidents as well as 

the diagnostics and treatment given, all in plain text file. A sample is given in the 

following figure:  

 

Figure 5: Data Sample 

In the above figure, is shown a sample of the data obtained. The information is divided 

by tab “/t” which make it easier to import to programming languages. The first column 

describes the time stamp at which the events take place. The two characters in the 

second column are a source code; it identifies the entry, whether its information in the 

patient‟s ICU chart, a laboratory test, or a physician‟s order. The rest of the columns 

explain the information for measurements taken, ICD 9, or name and quantity of 

medication. Figure below outlines the tag dictionary of MIMIC II data sets which will be 

used in this project. 
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Figure 6 : MIMIC II Tag Dictionary 

 

With such a huge amount of clinical data inside a single record of MIMIC II patients‟ 

ICU stay, the next question would be how to conceive clinical research ideas. The type 

of clinical research using big data that is chosen for this project is the Prediction Model 

which aims to fit a model for pattern matching and future predictions.  

 

This study investigate the association of different data entry in the MIMIC II data sets of 

10 different patients‟ ICU stay with the goal to explore the diagnosis, physician order, 

chart event, I/O event and medication event matches between these patients data sets.  

Performance of statistical description for these datasets, by using traditional central 

tendency (mean, median) and discrete tendency (full range, 95% confidence interval) 

shall provide graphical demonstration of the event matches. Contour plot help to explore 

associations between these variables. The study protocol was adapted accordingly as the 

functional requirement of the Hospital Big Data Analysis software. 

 

Considering the basis that the software to be developed is a small scale analysis 

software, this project investigate simple and easily obtainable parameters within the 

MIMIC II sheets. Hence, only a collection of selective variables are extracted from the 

data sets to run the programmed algorithm on.  

 

3.4.1.1. Data Import 

Data import functionalities in R uses the function read.file-type within the utils package 

in R. utils package is preinstalled in R software and resided in R system library. Using 

the code below the selected MIMIC II data sets will be imported as a single data frame 

MIMIC II Tag Dictionary 
ic-ICD9  diagnosis code 

po-Physician Order 

ce-Chart Event 

so-Solution Type 

io-I/O Event 

me-Medication Event 
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name patientn (n depicting patient MIMIC II data sets 1,2….). The tag dictionary which 

consist of ID and label for chart events, input/output events and medicine events is only 

imported using the same method as per depict below. 

 
library(utils) 

#Import MIMIC II Patient's ICU Stay Data 

patient1 <- read.csv("C:/Users/Desktop/CSV/1.csv", header=FALSE) 

View(patient1) 

patient2 <- read.csv("C:/Users/Desktop/CSV/2.csv", header=FALSE) 

View(patient2) 

patient3 <- read.csv("C:/Users/Desktop/CSV/3.csv", header=FALSE) 

View(patient3) 

patient4 <- read.csv("C:/Users/Desktop/CSV/4.csv", header=FALSE) 

View(patient4) 

 

#Import Chart Event(ch), Input/Output(io), & Medication(me) Dictionary  

ch_dictionary <- read.csv("C:/Users/Desktop/Data acquire/tag 

dictionary/chdic.csv") 

io_dictionary <- read.csv("C:/Users/Desktop/Data acquire/tag 

dictionary/iodic.csv", header=FALSE) 

names(io_dictionary) <- c("id","Label","X") 

me_dictionary <- read.csv("C:/Users/Desktop/Data acquire/tag 

dictionary/medic.csv", header=FALSE) 

names(me_dictionary) <- c("id","Label","X")  

 

 

 

3.4.1.2. Data Extraction 

Since the imported data sets comprises of a very large data records for a single patient – 

one MIMIC II sheets can contains thousands of entry lines, data extraction is vital in 

order to extract only the needed variable for analysis by the developed software. Using 

the R function subset in the arules package installed under user library that provides 

function for mining association rules and frequent itemsets, the code below extract 

entries in MIMIC II data sets, namely, diagnosis, chart event, I/O event, medication 

event and physician order event. Several user defined functions namely, get_ch(), 

get_io(), get_me() and get_po() were created to extract the entries from 

MIMIC II datasets.  

 

 



19 

 

install.packages(“arules”) 

library(arules) 

 

#Filter patient record to extract ic,ch,io,me,po 

#Extract diagnosis data record  

get_ic <- function(patient){ 

   

  names(patient)<- c("Timeframe","Entry") 

  data_diagnosis <- subset(patient, Entry == "ic")   

   

  names(data_diagnosis)<- c("Timeframe","Entry","ID") 

  ic <- unique(data_diagnosis[,"ID", drop=FALSE]) 

   

  ic <- as.data.frame(sapply(ic,gsub,pattern="dd=",replacement="")) 

   

  return (ic) 

} 

 

MIMIC II data sets‟ variables come in the form of unique „ID‟ which will then be 

translated into layman terms from the MIMIC II data sets tag dictionary which has been 

imported as per previous section with the developed software. Figure below shows an 

excerpt of chart event tag dictionary. 

 

 

 

Figure 7 : Chart Event (ch) of MIMIC II Data Sets Tag Dictionary 
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3.4.2. Development of Data Structures 

In order to run analytical functions for mining association rules and frequent itemsets, 

the extracted data from MIMIC II data sets must be converted and built in a form of 

transactions data frame.  Once the data has been coerced to transactions the data is ready 

for mining itemsets or rules.  Association Rule Learning uses the transaction data files 

available in R.  

 

The code excerpt below depicts the required packages and libraries for the development 

of transactions data structure for data mining in the software. Sample given is the 

development of transaction data structure, patientSet_ch through user defined 

function get_patientset_ch() which contains the sets of chart event (ch) entries of 

four (4) different MIMIC II patients‟ ICU stay data sets.  

 

chn (n depicting patient MIMIC II data sets 1,2….) contains the extraction of only the 

„ID‟ of chart event entries in the patient record excluding its time frame and other 

details. Due to the fact that multiple entries of the same event varies in time intervals 

existed within a single MIMIC II data sets, the function unique from arules package is 

run onto chn to remove redundancy of event ID.  

 

patientSet_ch is then created containing the list of chart event ID for four(4) different 

patient record. This list is then coerced as transaction data type as depicted below. The 

same methodology is done on the other entries of the MIMIC II datasets. 

 

install.packages(“plyr”) 

install.packages(“matrix”) 

library(arules) 

library(plyr) 

library(matrix) 

library(stats) 

library(graphic) 

library(base) 

 

#Get patients chart events (ch) transactions data set 

get_patientSet_ch <- function (){ 

 

ch1 <- as.matrix(get_ch(patient1)) 
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ch2 <- as.matrix(get_ch(patient2)) 

ch3 <- as.matrix(get_ch(patient3)) 

ch4 <- as.matrix(get_ch(patient4)) 

 

ch1 <- unname(ch1) 

ch2 <- unname(ch2) 

ch3 <- unname(ch3) 

ch4 <- unname(ch4) 

 

ch1 <- unlist(ch1) 

ch2 <- unlist(ch2) 

ch3 <- unlist(ch3) 

ch4 <- unlist(ch4) 

 

patientSet_ch <- list(ch1,ch2,ch3,ch4) 

 

## set transaction names 

names(patientSet_ch) <- paste("Tr",c(1:4), sep = "") 

patientSet_ch 

 

trans <- as(patientSet_ch, "transactions") 

 

return (trans) 

} 

3.4.3. Development and Application of Algorithm 

After acquiring the data needed in the type required, manipulation is essential in order to 

compare certain vectors inside the dataset we have. Each algorithm function in R has its 

own arguments and a certain outcome. To be able to use these functions properly, a wide 

variation of packages shall be installed and learnt throughout the project.  

3.4.3.1. Equivalence Class Transformation 

Equivalence Class Transformation (Eclat) algorithm can be used to do mining on 

itemsets. This allows the user to find repeated patterns within the data. These patterns 

are included in the association rules and are applied in different application fields. 

 

Basically, Eclat algorithm uses tidset (transaction identifier itemset) intersections then 

computes the support of an itemset without generating the subsets not included in the 

pre-set tree. 
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The Eclat algorithm is explained as a recursive function. The first run computes the 

single items and their tidsets. In every recursive run, each itemset-tidset pair is verified 

{X,t(X)} next to the other pairs {Y,t(Y)} to produce candidates:   , if it is found that 

the candidate is frequent, it is added to    set. Then the function recursively finds in the 

X branch all the frequent itemsets. 

 

The Eclat model to run on the variables between different patients is programmed into 

the software as below. 

 

install.packages(“arules”) 

install.packages(“arulesViz”) 

library(arules) 

library(arulesViz) 

 

#function get_eclat is built in order to run different entries datasets 

on function call 

 

get_eclat <- function(patientSet_data){ 

 

Results <- eclat(patientSet_data, parameter = list(supp = 0.5)) 

 

Results.top5 <- sort(Results)[1:5] 

inspect(Results.top5) 

entry_item <- as(items(Results.top5), "list") 

 

names(entry_item)<- c("1","2","3","4","5") 

 

return (entry_item) 

 

} 

 

#get sets of ic,ch,io & me entries for 4 different patients  

patientSet_ic <- get_patientSet_ic() 

patientSet_ch <- get_patientSet_ch() 

patientSet_io <- get_patientSet_io() 

patientSet_me <- get_patientSet_me() 

 

#eclat run on sets of patients medication event (me) 

me_item<-as.data.frame(get_eclat(patientSet_me)) 
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3.4.3.2. A-Priori 

The A-Priori Algorithm is developed to decrease the amount of pairs that has to be 

counted, with the action of doing two passes on the data, not just one pass. Schematics 

are illustrated in figure 5. 

 

 

Figure 8: Schematic of main-memory use during the two passes of the A-Priori 

 Algorithm 

 

In the first pass, two tables are created. Item names are translated into integers if needed 

in the first table. The other table counts the occurrences of the items in the data. Then 

counts are examined to determine any frequent singletons. In order not to get too many 

frequent sets, the support s should be 1%. For the next pass, frequent items are counted 

in numberings and stored in the frequents-items table. 

 

In the second pass, all pairs that consist of two frequent items are counted; a pair cannot 

be frequent unless both members are frequent. 
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The apriori model to run on the variables between different patients is programmed into 

the software as below. 

 

install.packages(“arules”) 

install.packages(“arulesViz”) 

library(arules) 

library(arulesViz) 

 

#function get_apriori is built in order to run different entries 

datasets on function call 

 

get_apriori <- function(patientSet_data){ 

 

Results <- apriori(patientSet_data, parameter = list(supp = 0.5, 

conf = 0.9, target = "rules")) 

summary(Results) 

 

itemsets <- unique(generatingItemsets(Results)) 

itemsets.df <- as(itemsets, "data.frame") 

frequentItemsets <- itemsets.df[with(itemsets.df, order(-

support,items)),] 

names(frequentItemsets)[1] <- "itemset" 

write.table(frequentItemsets, file = "", sep = ",", row.names = 

FALSE) 

 

frequentItemsets 

 

return (Results) 

 

} 

 

#apriori run on sets of patients medication event (me) 

apriori_me <- get_apriori(patientSet_me) 

 

Summary(apriori_me) 

 

3.4.4. Data Visualization 

 Graphical plotting of entries data and its frequency.  

 
n <- count(data_chart[,”ID”, drop=FALSE],ID) 

as.data.frame(n) 

 

data <- filter(data_chart, n) 

plot(data$ID, data$n, 

     xlab=”Event ID”,         

     ylab=”Frequency”) 
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plot(Results, measure=c("support","confidence"), shading="lift") 

 

itemFrequencyPlot(trans, support = 0.1); 

 

 Obtaining ICD-9 diagnosis name for diagnosis entries matches between patients. 

 
link<-“http://www.hipaaspace.com/Medical_Billing/Coding/ICD-

9/Txt/Diagnosis/” 

 

for(I in 1:50){ 

  dd<-grepl(„dd‟,x[I,4]) 

  if(dd == TRUE){ 

    print(sub(„dd*\\=‟, “”, x[I,4])) 

     

    diagnosis<-sub(„dd*\\=‟, “”, x[I,4]) 

    link<- paste(s1,diagnosis, sep =””) 

    print(link) 

  } 

   

  url<-html(link) 

  selector_name<-“h1” 

   

  fnames<-html_nodes(url, selector_name) %>% 

    html_text() 

   

  head(fnames) 

 

 

 Obtaining entries term from MIMIC II tag dictionary  

 

me_item<-as.data.frame(get_eclat(patientSet_me)) 

 

for(n in 1:5){ 

  me_id = as.character(me_item[1,n]) 

  print(subset(me_dictionary, id == me_id , select=c(id, Label))) 

} 
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4. CHAPTER 4: RESULTS & DISCUSSION 

4.1. Hospital Big Data Analysis Software 

The Hospital Big Data Analysis software was developed with the capability to import, 

extract, formed data frames and run analysis functions on MIMIC II data sets. The 

output screenshots of the software run is provided in the sections below. 

 

4.2. Data Extraction 

 

Figure 9: Data Import of MIMIC II patients‟ ICU Stay Data Sets 
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Figure 10 : Chart Event (ch) „ID‟ extraction for a single patient data sets 

 

 

 

Figure 11: Data Import of MIMIC II patients‟ ICU Stay Data Sets based on Entry Type 
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4.3. Data Visualization 

4.3.1. Algorithm Visualized Output 

 

Figure 12: Item frequency plotting from Apriori run on Medication Event (me) entries 
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Figure 13: Item frequency plotting from Eclat run on Medication Event (me) entries 

 

4.3.2. Apriori algorithm 

 

Figure 14: Apriori algoritm results  
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Figure 15: Apriori algoritm frequent item sets  

4.3.3. Eclat Algorithm 

 

 

Figure 16: Eclat algorithm results 
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4.3.4. Comparison of Apriori and Eclat Algorithm 

Apriori uses a breadth-first search strategy to count the support of itemsets, whereas 

Eclat uses a depth-first search algorithm using set intersection. Eclat requires less space 

than apriori if itemsets are small in number. It is suitable for small datasets and requires 

less time for frequent pattern generation than apriori. However, apriori results are better 

in terms of its analytical depth and larger item sets produced. 

 

As depicted in the screenshots within the previous sections, the results of Apriori 

algorithm run through the software is larger than the Eclat algorithm. Apriori would be 

more feasible for some entry data sets but may be impractical for other entry data sets. 

This is the case for chart event (ch) entries between different patients‟ MIMIC II data 

sets, due to the large and extensive entry logs; it is simply unfeasible to run apriori on 

these data sets since the odds of having abundance of similar frequent items sets are 

high. 

4.4. Entries Term from MIMIC II tag dictionary 

Following the Apriori and Eclat algorithm run on the software, the terms of the IDs of 

the resulting item sets is extracted from the dictionary to form descriptive output.  

 

 
 

Figure 17: Descriptive output for Medication Event (me) patients‟ data sets algorithms 

run  

 

 

 



32 

 

5. CHAPTER 5: CONCLUSION & RECOMMENDATION 

 

 

The study plans to develop different algorithm examples to suit needed outcomes from 

the analysis of hospital data. These results should assist and aid the study of correlation 

between different factors relevant to healthcare. 

 

The study has reviewed so far the A-Priori and Eclat algorithm which contains one of 

the most basic similarity check mechanism. This algorithm has proven its simplicity in 

finding similar pairs of items in baskets. It will be used as a base method to understand 

further algorithms and functions to process more complex data.  

 

To be able to obtain required analysis using the market-basket model, it shall be 

controlled using the support, confidence, lift identities assigned to the rule. It is 

recommended that other algorithms be tested in correlation with the present one. This 

paper also advises to discover and understand which data format shall be used in the 

future to adjust the algorithm and enable it to process data streams or flow.  

 

R language has proven to be the suitable programming software to compute such 

similarities as its online libraries grow exponentially and its ability to simply manipulate 

with data and implement various functions. 
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