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Abstract 

In this research, we apply data mining techniques to a nationally-representative expenditure data 

from the US to predict very high-cost patients in the top 5 cost percentiles, among the general 

population. Samples are derived from the Medical Expenditure Panel Survey’s Household 

Component data for 2006-2008 including 98,175 records. After pre-processing, partitioning and 

balancing the data, the final MEPS dataset with 31,704 records is modeled by Decision Trees 

(including C5.0 and CHAID), Neural Networks. Multiple predictive models are built and their 

performances are analyzed using various measures including correctness accuracy, G-mean, and 

Area under ROC Curve. We conclude that the CHAID tree returns the best G-mean and AUC 

measures for top performing predictive models ranging from 76% to 85%, and 0.812 to 0.942 

units, respectively. Among a primary set of 66 attributes, the best predictors to estimate the top 

5% high-cost population include individual’s overall health perception, history of blood 

cholesterol check, history of physical/sensory/mental limitations, age, and history of colonic 

prevention measures. It is worthy to note that we do not consider number of visits to care 

providers as a predictor since it has a high correlation with the expenditure, and does not offer a 

new insight to the data (i.e. it is a trivial predictor). We predict high-cost patients without 

knowing how many times the patient was visited by doctors or hospitalized. Consequently, the 

results from this study can be used by policy makers, health planners, and insurers to plan and 

improve delivery of health services. 
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Chapter 1: Introduction 
 

The continued growth of health care spending and the widespread implementation of quality 

performance initiatives have created a growing need for tools to identify high-cost populations. 

In the US, health spending reached 14- 17% of the nation’s GDP in 2005-2009 period, equal to 

$2.5 Trillion in 2009 (CMS 2011; CDC 2009).Similar numbers and trends are visible in other 

developed countries which shows rising healthcare costs as an outstanding problem worldwide. 

During the years 2008-2010, healthcare spending in Canada reached to 11-12% of GDP.  Health 

spending equaled $192 billion in 2010, growing an estimated $9.5 billion or 5.2% since 2009. 

This represents an increase of $216 per Canadian, bringing total health expenditure per capita to 

an estimated $5,614 (CIHI 2010).  

This high-cost problem becomes more complicated when we explore the highly-skewed nature 

of the healthcare costs i.e. only a small portion of the population cause a major portion of the 

costs. In the US, major chronic diseases including Diabetes, heart attacks, cancer, and stroke 

cause around 70% of all deaths and over 75% of all healthcare costs (CDC 2009, DeVol & 

Bedroussian 2007). In Canada, over 40% of direct illness costs and over 50% of all health costs 

including indirect costs are incurred by persons diagnosed with seven major mortal diseases 

including cardiovascular, cancer, chronic obstructive lung disease (COLD), arthritis, and 

diabetes among others (Fauci 2008, Mirolla 2004; Patra et al. 2007).  

1-1 Motivation 

Researchers have examined cost issues in healthcare by focusing on high-cost profiles among 

patients diagnosed with specific medical conditions including cardiovascular diseases (Farley et 
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al. 2006), diabetes (Govan et al. 2011) and bronchial asthma (Khan et al. 2006). Based on our 

literature survey, only few research studies examined the healthcare costs, among the general 

population, irrespective of their health status and disease background, in order to identify the 

high-cost profiles.  Some researcher used statistical modeling (Fleishman & Cohen 2010) and 

other relied on data mining techniques (Moturu 2007, 2010). All these studies introduce trivial 

measures including comprehensive disease categories (Fleishman & Cohen 2010) or visits 

counts (Moturu 2007, 2010; Farley et al. 2006) to predict high cost instances. In this study, we 

introduce non-trivial predictors and employ data mining predictive modeling to forecast high-

cost individuals among general population. Data mining algorithms are superior to traditional 

statistics in predictive model building, because they focus on individual units of analysis and 

predicting its final assignment to a specific class; they follow a bottom-up approach which is not 

concerned with hypothesis formation and testing; they are not affected by multicollinearities 

among numerous predictors;  and they strongly handle multiple independent variables in a large 

dataset with exhaustive details (Zhao & Luan 2006).   

 Understanding future health expenditures by predicting high-cost patients among different 

demographic populations,  health planners can better allocate available resources to different 

initiatives.  Predictive models can greatly enhance decision making related to resource allocation 

(Deslavo 2009) and helps researchers and policymakers to better evaluate efficacy of different 

clinical intervention programs, and to measure effects of policy changes. Predictive models also 

help to better customize different case-management or disease-management programs by 

enrolling potential high-cost patients earlier (Fleishman and Cohen 2010).  

1-2 Research Objectives and Questions 

The research objectives for the current research study are: 
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1- To build predictive models including Decision Tree (DT) and Artificial Neural Network 

(ANN) to classify patients to high-cost/low-cost groups. 

2- Evaluating the accuracy of the resultant predictive data mining models. 

3- Discovering the minimal set of attributes (MSA) which can reasonably predict the high-cost 

population. 

Through these objectives, the current research will answer the following research questions: 

1- Can we build predictive models to estimate high-cost patients in general population, and 

compare their performances? 

2- What is the minimal set of attributes from the Medical Expenditure Panel Survey (MEPS) 

database to predict high-cost/low-cost patients? How are they ranked? 

These objectives and questions are designed to respond to the needs of health planners, health 

policy makers, and insurance providers to better model cost issues. As such, we expect to come 

up with a set of recommendations specifically applicable to health systems.  

1-3 Research Methodology 

We studied a sample of data for adult-age non-institutionalized US population taken from the 

American Agency for Healthcare Research and Quality (AHRQ)’s Medical Expenditure Panel 

Survey (MEPS) for three years of survey results in 2006-2008. This is a valid database and is 

available to public through the MEPS’ website at http://meps.ahrq.gov/mepsweb. We employ a 

quantitative approach in a systematic way for data preparation, preprocessing, model building, 

and performance evaluation of models which is based on data mining tools. We exploit DT and 

NN algorithms to build supervised predictive models, and K-Means algorithm to build 
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unsupervised models. The models performances are evaluated by various metrics and the 

research objectives and the research question are addressed based on the modeling results. 

1-4 Structure of the Thesis 

This study is organized into six chapters: 

Chapter 1, Introduction, the motivation behind this study, research questions & objectives, and 

the research methodology, 

Chapter 2, Literature Review, reviews the existing literature and presents the background of our 

study,  

Chapter 3, Research Design and Methodology, discusses the study design and methodology in 

detail,   

Chapter 4, Data Preparation, entails data pre-processing steps in depth.   

Chapter 5, Modeling and Analysis of the Results, discusses research findings in details along 

with their implications.  

Finally, in Chapter 6, The Conclusions, summarizes the research findings and answers the 

research questions along with the recommendations, and suggestions for future works.   
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Chapter 2 : Literature Review 
 

In this chapter, we review the existing literature and discuss different aspects of data mining 

applications in medical datasets. First of all, we briefly discuss the general importance of data 

mining tools and their relevance to healthcare field. In the second part, reviewing major machine 

learning tools in medical field, we discuss four major areas of data mining techniques application 

in healthcare i.e. Clinical Medicine, Public Health, Medical Text Mining, and Policy & Planning. 

In the third part, highlighting present healthcare cost and expense issues in US and Canada, we 

discuss the role of data mining techniques in addressing these concerns. 

2-1 Data mining and Biomedicine: Importance 

Data mining is “the practice of searching through large amounts of computerized data to find 

useful patterns or trends” (Merriam & Webster 2011). It is a part of knowledge discovery and 

contributes to the whole process by analyzing the raw data and capturing novel and useful 

patterns in datasets (Chen 2005). During the process of knowledge discovery, an iterative 

sequence of cleaning, integration, selection, transformation, and mining of data is done which 

results in possible patterns and knowledge presentations, and the data mining is considered an 

essential step thereof (Han et al 2012). 

In general, major areas of application of data mining techniques fall either under science or 

business fields. The scientific uses are extensive and may include diverse domains including 

astronomy or healthcare. On the other hand, in business field, data mining has fueled much more 

media interest.  Database Marketing and Market Basket Analysis focus on forecasting 

customers’ purchasing behavior by grouping them into multiple clusters (segments) and 

identifying items mostly purchased together in each segment. Modern techniques e.g. Genetic 
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Algorithms, Neural Nets, and different Expert Systems have been used by investment services 

firms for managing very large capital portfolios (Fayyad et al 1996). 

Over the past few decades, healthcare sector experienced a rapid growth. New breakthroughs in 

gene sequencing, protein identification, imaging modalities, and digitized patient records all add 

to the amount of available data in biomedical field tremendously, and data mining techniques 

may be applied to these huge databases in order to discover new useful patterns out of them and 

to extract knowledge (Chen 2005). In addition to large volume, healthcare data have some other 

specifications which warrant the use of modern data mining techniques. Incompleteness and lack 

of some parameter values, high noise and incorrectness, sparseness of data for a given subject, 

inexactness of parameters selected for a given task, and working with time-series require us to 

apply knowledge discovery techniques in order to work with and derive new knowledge out of 

healthcare data (Lavrac 1999).   

2-2 Major Applications of Data mining in Healthcare 

Applications of machine learning systems in healthcare sector fall in four categories: Clinical 

medicine, Public health, Text mining, and Policy and planning. 

2-2-1 Data mining Applications in Clinical Medicine 

Modern hospitals and clinical centers surpassed their traditional role as a place for diseases’ 

diagnosis and treatment and now are also acting as a mass database and a unique source of 

complex clinical, laboratory, equipment use, and drug management data. Due to the 

polymorphic, integrated, redundant, and sequential nature of these data and privacy issues 

accompanied with its use, researchers need modern mining and knowledge discovery tools to 

manipulate these data (Ang et al. 2010). Among different data mining tools applied on clinical 
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data, predictive models including Decision Tree (DT), Artificial Neural Networks (ANN), and 

Support Vector Machine (SVM) are more commonly used to build clinical decision support 

systems (CDSS) (Bellazzi & Zupan 2008). 

Some researchers deployed data mining as a disease diagnostic tool. Electrocardiographs (ECG) 

data has been used in a Bayesian ANN (Haraldsson 2004) or a back-propagation neural network 

(BPNN) (Muhammad et al. 2010) model in order to automate the diagnosis of Myocardial 

infarction (MI). Sabouri et al (2010) ran an ANN algorithm on a body surface potential map 

(BSPM) graphs database to localize the MI lesions accurately.  

To facilitate decision making in cumbersome clinical situations, complex data mining algorithms 

may be developed to learn from past experiences of expert clinicians and decisions, and then 

exactly mimic their inferences in order to be used wherever such expertise is needed. 

Kotel'nikova et al. (2004) used patient data including medical history and physical examination, 

cardiac risk factors, and instrumental results as input variables and predicted the likelihood of 

possible future patient outcomes by running an ANN model.  Yang et al. (2010) showed that 

SVM is superior to regression when applied on input data from a small cohort of 

membranoproliferative glomerulonephritis (MPGN) type II patients, to determine likelihood of 

fast progression toward end-stage renal disease (ESRD). 

Many researchers have deployed different mining tools to develop models that automate the 

diagnosis and control of select chronic diseases which are epidemiologically important including 

diabetes mellitus or asthma. ECG data (P.T. et al. 2011), data from skin conductance response 

(Rivera Farina et al. 2009), and electroencephalograph (EEG) waves data (Nguyen et al. 2010) 

has been used successfully to detect autonomic neuropathy, peripheral neuropathy, and 
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hypoglycemic episodes in diabetics patients. Some researchers modeled the diagnosis of 

bronchial asthma which is the most common cause of emergency room (ER) visits and 

hospitalizations during childhood in the US (Fauci 2008).  Rietveld and colleagues (1999) 

trained an ANN to use spectrograms data, a complex visual graph of patients’ breath sounds, and 

successfully screened asthmatics patient from normal cases. A Bayesian network that uses 

routine patient information including vital signs, triage data, and past medical and medication 

history of patients (Sanders & Aronsky 2006), or a DT that uses patient daily bronchial airflows, 

symptoms and allergic history (Lee et al. 2011) were employed in asthmatics, and both 

algorithms predict the possibility of future asthma attacks accurately.  

2-2-2 Data mining Applications in Public Health 

Biomedical surveillance is an important application area for data mining and related tools. 

Kwok-Leung et al (2008) recognizes three types of surveillances in this field. Healthcare 

surveillance deals with mining and analyzing clinical data as hospital databases in order to track 

and monitor incidents and performance measures including  medical errors and disease 

frequency;  public surveillance is concerned with monitoring existing trends for chronic and 

infectious diseases including disease incidence and death rates and to use this new information 

for public health planning, implementation and evaluation purposes; and early outbreak 

detection or syndromic surveillance detects large outbreaks in a community before the first case 

of that specific is diagnosed by a clinician (Kwok-Leung et al. 2008; Buckeridge et al. 2005). 

The latter type is more data mining intensive and uses two streams of data including observed 

data of daily counts of ER visits, and daily counts of pharmaceutical prescriptions from the same 

ER. Different algorithms are suitable to extract patterns of disease outbreaks from these data. If 

the database is single and no spatial information is included, as it is the case with most public 
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health data, statistical process control, with or without pre-processing stage (e.g. regression, 

Kalman Filter, or wavelet analysis) is a suitable algorithm. When covariates are added, use of a 

Bayesian Network becomes necessary (Buckeridge et al. 2005).  

An important application of data mining in public health field is population screening. Grassi et 

al (2001) used demographic, clinical interview, respiratory function tests, and allergy profile as 

the input data to develop a predictive model for screening patients more probable of having 

asthma. Hirsch et al. (2001; 2004) gathered the input data by means of a patient-completed 

questionnaire and selected a threshold of positive answer counts to include a subject for more 

analysis. They labeled the selected pool by clinical experts, and trained an ANN classifier with 

this labeled data, and ran the classifier on the same pool. Their model ranks subjects according to 

their likelihood of having an asthma diagnosis.   

2-2-3 Data mining Applications in Healthcare Text mining  

Data mining tools have been applied extensively for text mining purposes in healthcare. Two 

major areas of text mining applications are either its use on medical and healthcare literature, or 

on clinical data e.g. patients’ clinical records. When applied on research literature itself, text 

miner finds any hidden relationship between existing or emerging biomedical entities which are 

not visible to us otherwise; as each researcher is familiar with the entities belonging to a very 

small sub-domain. When applied on a large clinical data, text miner tracks the presence of a 

specific disease entity in a target population, or realizes the hidden patterns of a specific 

symptom e.g. fever, to detect potential outbreaks (Chen 2005). 

Yildirim et al. (2011) targeted to find disease-drug relationship for osteoporosis, which is a 

costly disease among seniors in developed countries. They used a search engine tool leveraged 
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by text mining algorithms to find which drug has the highest number of articles published on 

MEDLINE and seems dominant in use by clinicians. According to their results, Alendronate and 

Raloxifene are the two top ranked drugs for the treatment of osteoporosis. Other researchers used 

shallow information extraction method to grab drug names, dose, mode and frequency of usage 

from free text for patient records in Bulgarian language (Boytcheva 2011). They used 1300 and 

6200 patient records as training and test datasets, respectively, and showed a high accuracy for 

extracting drug name and dose.  

2-2-4 Data mining Applications in Healthcare Policy and Planning 

Data mining tools have been used to help policy makers and planners in decision making and 

program evaluation. They showed usefulness for underpinning the hidden and complex 

relationships between important disease categories in the outbreaks, and a set of complex risk 

factors. Ghosh and Guha (2011) employed a computational neural network (CNN) in order to 

analyze potential relationships between different risk factors (environmental, socioeconomic, 

built-environment, and existing mosquito abatement policies) and the incidence of West Nile 

Virus (WNV) infection in birds.  

Data mining techniques are useful in improving disease management programs,  helping the 

disease management organizations to better implement and evaluate disease-specific programs. 

Mougiakakou et al. (2010) introduced SMARTDIAB which uses different intelligent algorithms, 

information processing, and communicating tools on a web-based platform to provide clinicians 

with the best clinical choice for diabetic patients. Selecky (2008) used innovative IT tools and 

data mining techniques to provide best practices, guidelines and advices for patients and 

professionals dealing with chronic obstructive lung disease (COLD) which is the fourth leading 

cause of death in US (Selecky 2008). Bereznicki et al. (2008) analyzed a community-wide 
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pharmacy medication records with customized data miner software, to accurately find the 

asthmatic patients with suboptimal disease management.  

 Data mining has been used to detect expensive clinical profiles among patients diagnosed with a 

specific chronic illness which has a high disease’s burden e.g. diabetes. Concaro et al. (2009) 

applied a temporal association rule (TAR) model on diabetic patients’ data including body mass 

index, systolic blood pressure, hemoglobin A1C (HbA1C), and serum lipid profile of patients, 

and successfully profiled three high-cost DM patients groups. Weinstein et al. (2009) applied a 

Bayesian belief network on demographic, pharmacy usage, utilization history, co-morbidities, 

and chronic medical conditions data, from a pool of enrollees with substance use disorder (SUD). 

Their model successfully stratifies the SUD enrollees according to their next year’s health cost 

using current year’s expenditure data. This cost stratification helps health planners to allocate 

enrollees to the appropriate substance abuse management program available. 

Data mining helps health planners to solve resource allocation problems and capacity issues. 

Teow et al. (2011) used logistic regression, DT, and ANN to identify patterns behind bed 

overflow in a hospital in Singapore. Isken & Rajagopalan (2002) used simulation to capture the 

flow of patients in a tertiary care hospital using a K-means clustering tool to create a logical set 

of patient types with similar profiles to circulate in the proposed simulation model.  

2-3 Cost Issues in Healthcare 

The Total Health Expenditures (THE) in the United States has experienced a huge growth in 

recent two decades. Total health spending was roughly over a trillion dollar in 1997; doubled by 

2005; and then approached to 2500B in 2009. This figure is more than twice of the average for 

the remaining OECD countries’ health spending. In 2009, health spending comprised more than 
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17 percent of the US’ GDP, while its share in gross domestic product in 1997 and 2005 was  

13.7% and 16%, respectively. The picture becomes clearer if we note that the nation’s GDP 

increases from 8.3 trillion in 1997 to more than 14 trillion dollars in 2009; and the population 

experiences only 12 percent growth in the same period which is traceable by doubling in per 

capita health expenditure when we move from 4166 dollars in 1997 to 8086 dollars in 2009 

(CMS 2011; CDC 2009). 

Numbers are smaller when we review the health expenditures in Canada, but the trends are the 

same.  Canada finances its healthcare through a mix of private and public sources. Public sector 

including federal, provincial/territorial, municipal governments and governmental agencies paid 

for 70-76 percent of total health expenditure in 1975-2010. The share of the private sector 

including out of pocket household payments, private insurance, and non-consumption categories, 

ranged between 24-30 percents for the same period. In this period, the share of public sector 

diminishes gradually, in favor of private sector payments, but the absolute numbers for each of 

public and private sectors, and therefore, THE experiences continuous growth. Total health 

expenditure was 40 billion dollars (40B) in 1975 and reached to 137B in 2010 (constant 1997 

dollars). In current dollars, THE in 2008 through 2010 equals 172B, 182B, and 192B, 

respectively; which equals THE per capita of 5154, 5397, and 5613 Canadian dollars; and THE 

as a % of GDP of 10.7, 11.9, and 11.7, respectively (CIHI 2010).   

Useful information could be derived by analyzing the places of use for health expenditures. In 

the US, the top user of health dollars is hospital sector with 31% share, but spending for 

physicians and clinics falls in second place with 20% share, and is followed by drug expenditure 

which represents 10% of costs. With respect to the sources, no nation-wide health coverage 

program exists. Private sector including private insurers, businesses, household payments, and 



13 
 

other private sponsors 56% of health dollars; and the government, including different public 

insurance programs including Medicare, Medicaid, CHIP (Children Health Insurance Program), 

DOD (Department of Defense), and VA (Veterans Affairs) contribute by 44%, collectively 

(CMS 2011). 

Similar to the US, in Canada, three major destinations of health dollars are hospitals, drugs, and 

physicians. Canadians spent over 55B in 2010 for hospital expenses. The hospitals have 

traditionally been a major place for healthcare provisions and in mid-1970s they account for 45 

percent of national health expenditures, but their share has fallen gradually in next 30 years until 

new millennium. Since 2001, hospitals’ share remains constant around 29% of the Canadian 

THE. Drugs and physician services occupy 2
nd

 and 3
rd

 place in Canada’s health spending with a 

16% and 13% share in 2008, respectively. All other health professionals and health institutions 

collectively represent 22 % of THE in the same year (CIHI 2010). 

2-3-1 Cost of Chronic Conditions 

If we drill down into details of spending by disease categories, in Canada, seven major chronic 

illnesses including cardiovascular diseases (hypertension, stroke, and heart attacks), cancers, 

COLD, DM & other major endocrinopathies, musculoskeletal disorders (Osteoarthritis and 

osteoporosis), central nervous system, and mental illnesses account for 42% of all the direct 

spending on hospitals, drugs, and physicians services. Four of these conditions, i.e. 

cardiovascular diseases, cancers, COLD and DM cause 70 percent of all mortalities in Canada 

annually. If we add indirect costs (i.e. the decreased life quality of the affected persons, and 

economic consequences for their families, communities and societies in general) of these seven 

chronic diseases, their total burden will approach to 50% of all costs incurred by all illnesses in 

the country. In 2002, the absolute dollars amount spent for top seven chronic illnesses was 93B, 
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compared to the THE of the same year (174B) (Mirolla 2004; Patra et al. 2007). The same figure 

is evident for the burden of the chronic diseases worldwide. As in Canada, cardiovascular 

diseases are the leading cause of death around the world causing 30 percent of all global 

mortalities. The next prevalent mortal illnesses are cancers, COLD, and DM, causing 13%, 7%, 

and 2% of all deaths around the globe, respectively (Patra et al. 2007). 

Chronic medical conditions have had considerable impacts on lives of the US citizens. 

Cardiovascular diseases (hypertension, heart attacks and stroke), cancers, diabetes, chronic 

mental disorders, chronic obstructive lung disease (COLD), arthritis, and obesity are the leading 

cause of mortality in this country (by causing 7 out of 10 deaths annually); and people with 

chronic conditions are a destination for 75% of all health dollars annually. In 2005, near half of 

the adult American population (more than 133 million persons) suffered from at least one 

chronic medical condition which are predisposed by lack of physical activity, poor nutrition, 

tobacco use, and excessive alcohol intake, as four major modifiable risk factors predisposing to 

chronic diseases (CDC 2009). In another conservative picture derived from the MEPS 2003 

database, which only reports on the non-institutionalized US population’s health expenditures,  

cost of therapy (not including other disease costs including follow-on costs for the control of a 

disease) for seven major illnesses (cancer, heart disease, hypertension, mental illnesses, DM, 

pulmonary conditions, and stroke) reached 227B in 2003; and the number of chronic conditions 

was over 162 millions nation-wide which equaled to 109 million afflicted Americans as some 

persons might have more than one condition at the same time (DeVol & Bedroussian 2007). 

2-4 Medical Expenditure Panel Survey (MEPS) 

American Agency for Healthcare Research and Quality (AHRQ) conducts the MEPS survey to 

respond to the increasing needs of policymakers and researchers for an accurate and nationally 
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representative expenditure data, which enable them to better explore healthcare cost issues 

(Cohen et al. 2009). AHRQ initiated MEPS in 1996 which collects data on the US civilian non-

institutionalized (household) population’s characteristics and their uses of health services 

including in terms of frequency, costs and expenditures, and method of payments detailed by 

type of encounters. It also provides detailed data about private health insurance held by 

household population in terms of cost, scope, and breadth of services. The MEPS data is unique 

with respect to the detailed information it provides, and its ability to link health services usage, 

health expenditures, and insurance data to all other demographic, employment, economic, health 

status, and other survey attributes (Cohen 2002).  

The MEPS has three interrelated survey components: Household component (HC), Medical 

provider component (MPC), and Insurance component (IC). The HC surveys household member 

for demographics, health status & health conditions, all medical events by type (hospital 

including inpatient, outpatient, and ER; office-based; dental; home health; prescribed 

medications; and other including glasses, ambulance, equipment, etc.), date and other details of 

an event, charges & payments by source for each event, employment profile, health insurance 

profile, income, access to care, level of satisfaction, and opinions. The MPC reports on the 

activities of the providers of care to the household sampled persons including dates of 

visits/admissions, diagnoses based on the ICD-9 codes, services provided based on the CPT-4 

codes, full charges, detailed payments by source, and reasons for any difference between charges 

and payments. The IC surveys employers either private or public, for their business 

establishment’s full profile, offered plan and its profile, premiums, contributions of the 

employees, and resultant total costs incurred to the organization (Cohen et al. 2009). 
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The MEPS uses a subsample of the households participating in the National health interview 

survey (NHIS) each year, which has been conducted by CDC since 1957. The usual sample size 

for the MEPS is to 12-14 thousand families/30-32 thousand individual. Every year, one panel of 

the new MEPS sample is introduced into the survey and five rounds of computer-aided 

interviews are conducted for each panel during next 24-30 months in order to gather data for two 

calendar years for each panel; therefore, the HC part of the MEPS has an overlapping structure, 

in which two consecutive panels are participating each year (Cohen 2002; Cohen et al. 2009).  

2-4-1 The MEPS’ HC Component 

The final HC data files are released annually; are free for the public use; and are accessible 

through the MEPS website at its internet address at http://www.meps.ahrq.gov. Each year 

different types of the HC data files are released in ASCII and SAS file formats. Main data files 

include the HC full year files (including Full year consolidated data, Full year population 

characteristics, Medical conditions, jobs, Person round plan, longitudinal weight, Supplemental 

variables, Health insurance plan abstraction, and long term care files), and the HC event files 

(Prescribed medicines, Dental visits, Hospital inpatient stays, ER visits, Outpatient visits, Office-

based medical provider visits, Home health, and other medical expenses files) among others. 

Two data linkage files are published annually in order to make possible to link the HC files to 

either the NHIS survey data or the IC files (MEPS Website). By providing comprehensive data 

on how the population uses health services, how much does health care cost, and who pays for 

this spending, the HC is considered an unparalleled research data for exploring the macro issues 

including predicting health care costs, evaluating health reform policies, estimating the public 

health impact of nation-wide programs as Medicare and Medicaid, examining the effects of big 

http://www.meps.ahrq.gov/
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decisions as tax code changes on tax revenue and health expenditures, and developing the US 

economic indicators and projections (Cohen 2002; Cohen et al. 2009).  

The MEPS HC data has been used in different ways to explore health cost issues and medical 

expenditure problems in the US. It was used to document either the highly concentrated nature of 

health spending, persistence of high costs over time, drill down into the individual 

characteristics, the behavioral attributes, the financial incentives and other factors or institutional 

arrangements, and to detect individuals with high-cost profiles (Cohen et al. 2009). 

MEPS’ HC component has some limitations including the absence of the expenditure data for 

institutionalized population, and its self-report nature. There also a risk of misreporting for 

medical conditions, because it uses a non-technical reporting by the family members and then 

converts their verbatim into the ICD-9 codes. It converts more than 17000 five-digit codes to  a 

set of 285 three-digit codes to prevent privacy issues, and reduces the amount of facts transferred 

(Cohen et al. 2009). 

2-4-2 The MEPS’ MC Component 

The MEPS data on Medical Conditions (MC) as a part of HC survey, has received special 

attention from different researchers according to its unique specifications. This survey is 

conducted by questioning a member of each family who responds to questionnaires and 

interviews on behalf of herself and all other household members. The questions are open-ended 

and designed to better find medical conditions, not disease symptoms, by recording and 

analyzing person’s verbatim. An expert staff analyses the text results of interview information 

and assigns a suitable ICD-9 code to each identified condition (Fleishman & Cohen 2010; 

Machlin et al. 2009). 
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Based on prevalence, expense, and relevance to policy, MC part of HC reports some medical 

conditions as the Priority Conditions which includes hypertension, coronary heart disease, angina 

pectoris, heart attack & MI, other heart diseases, stroke & transient ischemic attack, emphysema, 

chronic bronchitis, high blood cholesterol, cancers & malignancies, DM, joint pains and arthritis, 

asthma, and, attention deficit hyperactivity disorder. For panels before panel 12, the Priority 

Conditions include HIV & AIDS, gallbladder diseases, stomach ulcers, back problems, and 

mental disorders including depression, anxiety, and Alzheimer’s disease (The MEPS website).  

2-5 Cost Prediction Models in Healthcare 

Cost Prediction has been an interesting subject for different stakeholders in healthcare field in 

recent decade. Some researchers focus on the cost problems among patients with a specific 

disease including asthma or diabetes, while other explore health costs in general population. In 

both cases, researchers must deal with big challenges for cost modeling and prediction including 

proper selection of relevant input attributes/independent variables from a large database, creation 

of a balanced train/test dataset, proper model learning, and selection of an efficient performance 

evaluation method (Moturu et al. 2007).  

Two big classes of attributes have been used by different researchers as predictors of high cost 

patients: Demographic and Clinical. Among demographics, age and sex are most commonly used 

as the basic predictors, along with other additional demographic attributes including race, region, 

marital status, etc. Clinical attributes have been used as the second-line predictors in order to 

improve models’ predictive performance. Expert knowledge of a research team influences their 

ability to better select attributes from a bigger pool of available clinical information. 
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2-5-1 Cost Prediction: Disease-Specific 

Most of existing literature on health cost prediction is devoted to profiling high-cost instances 

among individuals who have a specific disease diagnosis including diabetes, asthma, or 

cardiovascular diseases. Govan et al. (2011) use logistic regression and general linear models to 

predict the probability of hospital admission, and inpatient costs among a group of patients 

diagnosed with DM type 1 and 2 in Scotland in 2005-2007. Three different datasets in Scotland 

were used including Scottish Care Information- Diabetes Collaboration (SCI-DC), Scottish 

Morbidity Records (SMR), and General Register Office for Scotland (GROS) to build the final 

database. They use demographic predictors including age and sex; and clinical information 

predictors including BMI, serum creatinine, HBA1C, date and length of hospital admission, and 

date of discharge in order to build a model and predict the dependent variables, i.e. possibility of 

hospital admission for any specific year, and total cost of admission for that year. An increase in 

age, a higher serum creatinine, a female sex, a presence of previous history of vascular events, 

and a lower BMI is associated with a higher admission rate and higher costs for DM patients. A 

higher HBA1C concentration which is indicative of poorer glycemic control among diabetic 

patients (Fauci 2008) is associated with a lower admission rate and a lower cost among DM type 

2 patients. 

Logistic regression works well on large samples (Govan et al. 2011). Better correlative results 

and ranking of predictors is obtainable by using the data mining tools including DT or ANN on 

these huge dataset. These latter two tools better manipulate variables with more than two discrete 

values and also handle interactions between variables which are quiet common in clinical 

settings, and may lead to an un-interpretable result if the applied tool is not strong enough to deal 
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with complex inter-variables effects. They can handle more disease related variables and 

minimize effect of confounders.  

Khan et al.’s work (2006) is a sample of data mining use in predicting cost issues for a specific 

disease. They used a pool of asthma patients, from the Louisiana Medicaid’s retrospective claims 

dataset in order to predict high cost asthma recipients. In their model input variables include 

demographic predictors (age, sex, race, and location of residence); clinical predictors (including 

number of hospitalizations, emergency visits, and physician office visits; medication usage 

including quick relief, long-term, and total medication use; continuity of care; enrolment in 

community care; and physician specialty) and prior health costs in year 1. In a multiple logistic 

regression model, these variables predict high cost asthmatics in year 2. Threshold cost for 

labeling a patient as high cost in Khan’s work is 95
th

 percentile of costs in one year which is 

equal or greater than $2,985.42 for total costs in year 2. Their model predicts 29.66% of the high 

cost asthmatics accurately. Khan et al (2006) attributes their model’s overall low accuracy partly 

to the inherent weakness of claim databases especially when they are not maintained stable and 

suffered from some inconsistencies like policy changes over time. Another justification for their 

model’s low accuracy is their failure to include a full range of co-morbid conditions which is 

vital when a researcher is working on cost issues of a specific disease. Although, they 

incorporate some important co-morbidity indicators including prior visits, hospitalization, and 

medication usage, they fail to include more important co-morbidities e.g. the presence and counts 

of number of chronic medical conditions in elderly patients, duration of hospital stays for any 

given patient, and sub-type of asthma (either extrinsic or intrinsic asthma). 

Farley et al. (2006) test different co-morbidity indexes to predict future medical expenditures 

among 20378 hypertensive patients of a managed care organization in the US. They conclude 



21 
 

that a simple count of physician’s visits is the best cost predictor especially when we are aiming 

to predict the highest cost percentiles (90
th

), the next important predictors in their work are a 

count of diagnosis clusters, and a count of hospital claims. Prescription claims are not an 

accurate predictor of very high cost hypertensive. 

2-5-2 Cost Prediction: General Population 

In contrast to disease-specific cost modeling, few researches have been conducted to estimate 

high-cost individuals among general population. This scarcity is mostly attributable to the 

scarcity of a nation-wide or jurisdictional health survey itself, or lacking access to few available 

surveys by most researchers. The MEPS is an exception among others, and provides researchers 

with a free access to a nationally representative multi-dimensional survey data from the US. 

Fleishman and Cohen (2010) ran a series of logistic regression models on the MEPS HC datasets 

in order to predict top 10 percentile of health costs in year 2, using predictors from year 1. They 

use simple demographics including age, gender, and type of insurance for any individual to build 

a baseline model, and evaluate the predictive performance of the model by several goodness-of-

fit indices. This baseline model returns a correlation index equal to 0.310 to high cost label in 

year 2. They improve the baseline model’s performance by incorporating some clinical 

predictors (including Key condition indicators, Perceived health and functioning, Count of 

chronic medical conditions, and Diagnostic cost group (DCG) category). By adding these clinical 

predictors (in above-mentioned order) to the baseline model, a better correlation index returns 

(0.380, 0.385, 0.414, and 0.419, respectively). The DCG categories yields the highest 

improvement (correlation index of 0.419), followed by a simple count of chronic medical 

conditions (correlation index of 0.414). The latter is very easier to calculate, and is directly 
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accessible through the MEPS MC file, compared to costly, time consuming, and complex nature 

of calculating DCG categories (Fleishman & Cohen 2010).  

Moturu et al. (2007; 2010) uses the Arizona’s Medicaid claim database in order to extract a 

broader range of demographic predictors (including age, gender, region, race, and marital status), 

combined with two clinical predictors: overall counts of medical visits for each person, and a 

binary attribute showing the presence or the absence of visits in different medical categories. 

They further detail these latter predictors by inpatient, emergency, outpatient (each summarized 

in 20 medical categories based on ICD classification), and pharmacy visits (summarized in 136 

medical categories based on National Drug Code-NDC). They extract these predictors from year 

1 data (2002, and 2003 for train and test sets, respectively), and the cost classes data from year 2 

data  (2003, and 2004 for train and test sets, respectively), in order to train and test five machine 

learning algorithms including LogitBoost, AdaBoost, logistic regression, logistic model trees, 

and SVM. They evaluate their models performance using G-Mean, along with models’ 

sensitivity and specificity, and conclude that adding the pharmacy data and inpatient visits will 

add to overall models’ predictive performance and all five data mining classifiers did well with 

marginally better results for the LogitBoost algorithm. 
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Chapter 3 : Research Design and Methodology 
 

The current research follows a quantitative approach in its research design to build a set of 

predictive models using data mining tools by applying a set of classifiers and clustering 

algorithms on the MEPS database from the US.  

 

Figure ‎3-1: Research Design 

 

A schematic representation of our research design is shown in Figure 3-1. The research design 

consists of 3 consecutive steps. The first step is Preprocessing that includes Raw Data extraction, 

Attribute Selection, and Preparation of different versions of final dataset with select set of 

pertinent attributes that are used in DT, and NN classifiers and K-Means clustering models. The 
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second step is Modeling in which we build, train, and run multiple models on test sets in order to 

get the results. The third step, Evaluation, deals with analyzing models’ performance using 

relevant measures including Correctness Accuracy, Sensitivity, Specificity, G-Mean, Area under 

ROC Curve (AUC), and Silhouette measure of separation and cohesion. Using this step’s results 

we may choose to return to step 2 to build more models in order to get the final results and 

answer our research questions and reach to the study’s objectives.  

3-1- Preprocessing 

In this phase, we constructed the final dataset along with the different versions of it that are 

suitable for importing into the relevant models.  

3-1-1 Literature-Driven Attribute Selection  

We use online databases including MEDLINE, PubMed, Elsevier, SCOPUS, Web of Science, 

IEEE and Xplore through University of Ottawa’s Library, and the MEPS website in order to find 

relevant research on health expenditure modeling. Any of or different combinations of the 

following search-words have been used in order to explore the existing literature: 

a. Medical Cost*/Medical Expenditure*/Health* Cost*/Health* Expenditure* 

b. Disease* Cost*/Disease* Expenditure* 

c. Cost Prediction/ Cost Model*/Predictive/Cost Modeling/ Data Min*/Medical Data 

Min*/Health* Data Min* 

d. Decision Tree*/Neural Net*/Neural Network*/ Cluster*/K-Means/ CHAID/CHAID Tree* 

e. MEPS/Medical Expenditure Panel Survey, Expenditure Panel Survey  
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Based on the literature survey and medical expertise and insights taken from reviewing the 

MEPS documentation files for 2006-2008, we identify a primary set of input attributes, which 

are categorized under five modules: 

a. Demographic attributes (or simply Demographics module) 

b. Health Status Attributes (or simply Health module) 

c. Preventive Care Attributes (or simply Preventive module) 

d. Priority Conditions Attributes (or simply PrioC module) 

e. Visits Counts Attributes (or simply Visits module) 

We use ASCII format of both the MEPS FC (Full-Year Consolidated) data files for years 2006-

2009 and the MEPS MC (Medical Conditions) data files for years 2006-2008 and employ a 

programming language to derive input/target attributes in a Comma-separated format and then 

transform it into the MS Excel file format for further processing. We use the MS Access and the 

MS Excel tools to further preprocess, and to integrate different data files from the MEPS survey. 

3-1-2 Attribute Selection 

One major objective of this study is to introduce the MSA that can be used effectively in order to 

predict high-cost cases with reasonable accuracy. We narrowed down the primary set of 66 

attributes gradually in order to obtain the least possible counts of attributes while achieving a 

desirable accuracy. For this purpose, attribute reduction efforts start at the preprocessing stage 

and will continue throughout the modeling stage.   

As part of preprocessing we removed attributes having more than 50% of missing values in an 

attribute’s values. Inside each module of attributes, e.g. Demographics or Health, we use the 

results of bivariate correlation in order to reduce more attributes. Bivariate correlation is based 
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on different metrics including Pearson rho, Spearman’s rho, or Kendall’s T correlation 

coefficients and identifies possible association between two attributes, considering the effect of 

X attribute’s variations (in terms of values or rank of values) compared to the Y attribute’s 

changes. The most commonly used metric is Pearson rho (represented by r) which is the most 

suitable for normal distributions: 

   
         

    
 

Where, COV (X, Y) is the covariance between two variables X and Y; and   stands for the  

standard deviation. We test the significance of these correlations in a either two-tailed or one-

tailed direction as required.  

As a part of our efforts to reduce attributes, we use the Feature Selection node (in the Modeling 

Palette of the IBM SPSS Modeler) in late modeling stage, in order to get to an overall 

understanding about the most relevant attributes to our targets.  

3-1-3 Preprocessed Data 

The final product of the preprocessing step is a dataset with select set of input attributes that are 

ready for model building. To prepare this dataset we need a few more operations to be executed 

on our raw data, including: 

1- Removing Zero-weight records that are not representing any part of the US non-

institutionalized population in MEPS survey 

2- Defining all attributes’ data properties, roles, and measurement levels as required by each 

model provisions and assumptions 
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3- Handling the missing values for all attributes, using the IBM SPSS Modeler itself and other 

software 

4- Defining threshold for the high-cost cases, using insights from the literature survey, expert 

knowledge, and analysis of expenditures distribution pattern 

5- Constructing the target attribute based on the agreed-upon high-cost threshold(s). As we 

predict both current year’s and next year’s expenditures, we construct as many target fields as 

needed to satisfy our results. 

3-2 Modeling 

We use the IBM SPSS Modeler software version 14.1 to build DT, NN, and Clustering models. 

3-2-1 IBM SPSS Modeler  

The IBM SPSS Modeler is a set of data mining tools which enable the users to build different 

predictive models taken from machine learning, artificial intelligence, and statistics. It has a user 

interface which makes it possible to quickly set up, customize, and run different models by 

building a stream of data. In technical terms, this tool provides a wide array of modern DM 

algorithms comparable to other software including WEKA and SAS Enterprise Miner.   

A typical data mining task in the IBM SPSS Modeler starts with a data stream which is 

composed of a series of nodes (IBM SPSS Modeler’s help documentation). In this study, we 

build multiple data streams by consecutive use of these palettes in the Modeler: Source palette, 

Field operations palette, Record operations palette, Modeling palette, and Output palette (Figure 

3-2). 



28 
 

 

Figure ‎3-2: A typical data mining task in the IBM SPSS Modeler 

After importing a data file in source palette, we use field operations palette to filter, clean, and 

transform the data fields for future analysis and model building. The Modeler rewords columns 

or variables as fields. We specially use the partition node to partition the final MEPS dataset into 

a train and a test set which comprises 70 and 30 percents of records, respectively (IBM SPSS 

Modeler’s help documentation).  

The record operations palette is used to transform data at the record level. The Modeler rewords 

instances or cases with records. Through relevant nodes, we select, sample, balance, sort, merge, 

aggregate, or append our data as needed.  A balance node is specially used for oversampling in 

order to make a balanced dataset across all categories of outcomes (IBM SPSS Modeler’s help 

documentation). We use it on the partitioned MEPS dataset data to balance the train subset in a 

way that the number of records in each categories of outcome i.e. high-cost or low-cost remained 

equal. A balanced train set helps a classifier to learn from equal population of outcomes.  

The balanced partitioned datasets are imported to relevant classifier and clustering nodes through 

using the modeling palettes, which includes various DTs, ANNs, and K-means clustering in our 

study. In the final stage of any data mining task we extract the results the results in an output 
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node. For supervised models the results are shown by adding an analysis node to the data stream 

in order to get accuracy and other performance measures. For unsupervised models including K-

Means, there is no actual result to be used as a basis for this comparison and other measures 

including the silhouette measure of clustering cohesion and separation are applied.  

3-2-2 Decision Tree (DT) 

In the very beginning of the modeling step, we run an Auto-classifier on the final dataset. The 

Auto Classifier node estimates and compares models for either nominal (set) or binary (yes/no) 

targets, using a number of different methods. Our target fields have also flag binary outcomes 

(high-cost or low-cost with a value label of 1 or 2, respectively). Based on the results of this 

classifier’s modeling results, we build more DT models using two separate algorithms: C5.0, and 

CHAID. 

A C5.0 model works by splitting the sample based on the field that provides the 

maximum information gain. Each subsample defined by the first split is then split again, usually 

based on a different field, and the process repeats until the subsamples cannot be split any 

further. Finally, the lowest-level splits are reexamined, and those that do not contribute 

significantly to the value of the model are removed or pruned. To train a C5.0 model, there must 

be one categorical (i.e., nominal or ordinal) target field, and one or more input fields of any type. 

The results would be shown as either a tree or a rule set which are derived from the tree 

algorithm itself. We anticipate that the C5.0 will work on our data very well, because it handles 

the missing values very well, it works with large number of input fields, and finally, it yields best 

results when most input fields are categorical (IBM SPSS Modeler’s help documentation). 
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We use another tree, the CHAID algorithm, in order to compare the performance of C5.0 with 

another strong tree builder. The CHAID (Chi-squared Automatic Interaction Detection) uses 

chi-square statistics to identify optimal splits. It can accept any type of input/target attributes, 

and can generate non-binary trees, meaning that some splits have more than two branches. It 

therefore tends to create a wider tree than the binary growing methods (IBM SPSS Modeler’s 

help documentation). 

We do not set misclassification costs in our modeling efforts as predicting a high-cost instance 

as a low-cost instance is not important to us at this stage. By setting a higher cost for any of 

misclassification, the correctness accuracy of a tree builder falls slightly. 

In modeling step, we build trees in three stages. In the first stage, we build trees and NN by 

using all attributes in the final dataset to compare the performances of trees with those of 

NNs. In the second stage, we compare the performances of different trees. We build multiple 

CHAID and C5.0 models by using any of five modules of attributes (Demographics, Health, 

Preventive, PrioC, and Visits) separately. In the final stage of the modeling phase, we build 

more CHAID trees for all combination of the Demographics with any of other four modules / 

or other possible combinations, until we reach to the MSA. 

3-2-3 Neural Network (NN) 

In the first stage of the modeling phase, when we use all attributes in the final dataset, we 

compare the performance of tree builders with those of NNs by building multiple NN models. 

Neural Net’s concept comes from the way that neurons work in human nervous system, i.e. 

a NN is a simplified model of the way the human brain processes information. It works by 
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simulating a large number of interconnected processing units that resemble abstract versions 

of neurons. The processing units in a NN model consist of input (representing the input 

fields), hidden, and output (a unit or units representing the target field) layers of neuronal 

units. The units are connected with varying connection strengths (or weights). Input data are 

presented to the first layer, and values are propagated from each neuron to every neuron in the 

next layer. Eventually, a result is delivered from the output layer (IBM SPSS Modeler’s help 

documentation). 

We manipulate the number of units in the hidden layer(s) based on trying different 

combinations, and using the IBM SPSS Modeler’s automatic suggestion, in order to reach the 

best model’s correctness accuracy for the test set data. 

3-2-4 K-Means Clustering 

Clustering models identify groups of similar records and label the records according to the 

group to which they belong. They do it without knowing about the groups and their 

characteristics from start. We use these models when we still have no idea about the best 

count of groups that could be found in our data. Therefore, they use an unsupervised learning 

because they use no target field at all; and their value is determined by their ability to capture 

interesting groups in the data and provide useful descriptions of those groups (IBM SPSS 

Modeler’s help documentation). 

When we reduce our attribute list to 10 (from starting pool of 66 attributes), we run a K-means 

clustering model in order to get a better understanding of hidden patterns in our data. We 
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compare these understandings with those of classifier models to see how an unsupervised 

learning algorithm as K-means differs from a supervised one as a DT.  

3-3 Evaluation of Models’ Performances 

Evaluation is the most important step in any data mining task, because it gives us a clear view 

regarding the strength of each model individually, and enables us to compare different models 

based on common performance measures. We analyze the models’ performance (either 

unsupervised clustering e.g. K-means or supervised classification e.g. DT or NN) based on a 

series of measures that are recommended most in the literature. Based on performance 

evaluation results, we build more models in order to reach to the MSA.  

We use six performance measures in order to evaluate our models performance. Five 

performance measures are used for evaluation of classifiers (DT and NN models) and include 

sensitivity, specificity, correctness accuracy, G-mean, and area under the ROC (Receiver 

Operations Characteristics) curve. One performance measure is used for evaluation of the 

unsupervised learning models (K-means Clustering) and is the silhouette measure of 

separation and cohesion.  

3-3-1 Sensitivity, Specificity, and Correctness Accuracy  

In evaluating a classifier’s sensitivity, specificity, and correctness accuracy we use the 

confusion matrix which plots predicted vs. actual classifications. (Figure3-3) 
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Figure ‎3-3: Confusion Matrix for classifying high-cost (HC)/low-cost (LC) outcomes. (TP: True Positive, FP: false Positive, TN: 
True Negative, FN: False Negative) 

 

The sensitivity of a classifier is defined as its ability to correctly identify actual cases, i.e. for 

our study, it measures the proportion of high-cost instances which are correctly identified as 

such. The specificity of a classifier is defined as its ability to correctly identify negative cases, 

i.e. for our study, it measures the proportion of low-cost instances which are correctly identified 

as such. They are summarized in the following formulas: 

             
  

     
  

             
  

     
  

Accordingly, the correctness accuracy for a data mining classifier is defined as the degree of 

closeness of its prediction to the actual values, either true or false, i.e. for our study, it measures 

the true results (both true positives or high-costs, and true negatives or low-costs) among all the 

test population: 
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This measure is reported as an absolute value between 0-100 percent and is used to different 

models accuracies efficiently. Kubat et al. (1997) claimed that this measure is not adequate 

when the absolute count of actual negative cases is much larger than actual positives. This is 

the case with our study where for example, when we define the high-costs as top 5% of the test 

population, the proportion of high-costs vs. low-costs is 1:19. It will bias the correctness 

accuracy toward specificity, not sensitivity. To address this shortfall we use two other 

performance measures which give better trade-off between sensitivity and specificity. These 

two measures are G-mean and Area under the ROC curve. 

3-3-2 Geometric Mean (G-mean) 

First introduced by Kubat M., Holte R., and Matwin S. of University of Ottawa in 1997 (Kubat 

et al. 1997), is a geometric mean of sensitivity and specificity and is only the highest when both 

of these measures are high. 

                                                           

Where TPr equals to percentage of positive examples correctly recognized, and TNr equals 

percentage of negative examples correctly recognized. These measures are defined as acc+ and 

acc- in the original article (Kubat, Holte, and Matwin, 1997) and are synonym to sensitivity and 

specificity measures, respectively. 

3-3-3 Area under ROC Curve (AUC) 

The area under the ROC curve is a convenient way to compare different classification models 

which takes into account the trade-off between sensitivity and specificity of a model and gives a 
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clear picture of the model’s accuracy. This measurement is equivalent to the Gini index and the 

Mann-Whitney-Wilcoxon test statistic for comparing two distributions and is referred in the 

literature in many ways, including c-statistic, “Ɵ”, and “AUC” (Area under the ROC Curve) as 

shown in figure 3-4 (Hanley 1982). 

 

 

Figure ‎3-4: Area under the ROC Curve (Soreide 2009) 

 

As we move from AUCA to ward AUCC the accuracy increases and the AUC measure can be 

considered as an averaging of the misclassification rates over all possible choices of the various 

classification thresholds.  In other words, AUC measure is an average of the diagnostic 

performance of a particular model over all possible values for the relative misclassification 

severities (Hanley 1982).  The interpretation of AUC measure, where a “high-cost” instance is 
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scored as a 1 and a “low-cost” patient is scored as a 2 is the answer to the question – “using this 

model, what is the probability that a true 1will be scored higher than the threshold expenditure 

for true 2?  

In our study we have not weighed the misclassification costs very highly, but we still report on 

the AUC measure which is sensitive to this provision. In fact we need to have a good sense about 

models’ performances from a perspective other than the correctness accuracy measure (which 

fails when our test set abounds in negative values).  

We calculate this measure for all DT (C5.0 and CHAID) and NN models that are built in 

different stages of the modeling phase. We try to be consistent to use the adjusted propensity 

scores reported in order to draw ROC Curve and calculate AUC. The raw propensities are based 

purely on estimates given by the model, which may be over-fitted, leading to over-optimistic 

estimates of propensity. Adjusted propensities attempt to compensate by looking at how the 

model performs on the test or validation partitions and adjusting the propensities to give a better 

estimate accordingly. A propensity score is the likelihood of a specific yes (high-cost) 

or no (low-cost) outcome on a scale from 0.0 to 1.0. If the adjusted score is not available, we 

continue to calculate AUCs based on other scores available, but it may challenge the 

comparability of results. We discuss these issues if this happens anywhere. 

3-3-4 Silhouette measure of cluster cohesion and separation 

This measure is an overall indication of clustering performance which is illustrated in the model 

summary view as a shaded diagram to indicate poor, fair, or good results. It averages, over all 

records, (B−A)/max (A, B), where A is the record's distance to its cluster center and B is the 

record's distance to the nearest cluster center that it doesn't belong to. A silhouette coefficient of 

1 would mean that all cases are located directly on their cluster centers. A value of −1 would 
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mean all cases are located on the cluster centers of some other cluster. A value of 0 means, on 

average, cases are equidistant between their own cluster center and the nearest other cluster 

(IBM SPSS Modeler’s help documentation). 
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Chapter 4 : Data Preparation 
 

In this chapter we review the data preparation or the preprocessing phase in detail. We start by 

introducing the raw data and its related processing, and then we explain attribute selection, 

attribute reduction, and other preprocessing steps taken to reach to the preprocessed data. 

4-1 Preprocessing of the Raw Data   

The most comprehensive data file which is released by the AHRQ’s MEPS is the MEPS Full-

year Consolidated file (FC, abbreviated). For each year, the pertinent file consists of the MEPS 

survey data obtained in rounds 1, 2, and 3  of the new panel and rounds 3, 4, and 5 of the 

previous Panel, and contains variables pertaining to survey administration, demographics, 

employment, health status, disability days, quality of care, patient satisfaction, health insurance, 

income, and person-level medical care uses and expenditures.  Released as an ASCII file (with 

related SAS and SPSS programming statements and data user information) and a SAS transport 

dataset, this public use file provides information collected on a nationally representative sample 

of the civilian non-institutionalized population of the United States for the relevant calendar year. 

Table 4-1 shows the summary of retrieved data before any preprocessing and shows the panels, 

rounds, count of attributes (Fields), logical length of records, and number of records. The total 

number of records is 98,175 records for 3 years of the MEPS survey. We used the MS Access 

and the MS Excel software tools for further data preparation.  
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Table ‎4-1: Details of records by year of survey (before preprocessing) 

 

All the records belonging to the previous panel from each year’s data file have been removed to 

discard all the redundant cases; and all 3 years data were merged in a single file. This file include 

Panel 11 for year 2006, Panel 12 for year 2007, and Panel 13 for year 2008, which contains the 

total expenditure data for the same year (TOTEXP1) along with all input variables. The total 

expenditures data for the second-year for Panel 11-13 have been extracted from the FC files of 

their second year in 2007-2009, respectively. 

According to the MEPS website, data for persons with a positive person-level weight 

(PERWT*F) are estimates for the civilian non-institutionalized U.S. population for each specific 

survey year; and records with a zero person level weight should not be considered in any study 

conducted on the US household population because they don’t represent any part of the 

population. By including all records with a PERWT*F greater than zero, we have 17119, 13015, 

and 18948 records from panel 11-13, respectively (49082 records total). An additional 3099 

records had no report for their TOTEXP2 and have to be removed because they became 

ineligible somewhere in the second year of their survey (45983 records remains). Finally, we 

discard all non-adult population from our study, because there are too many attributes from our 

pool of final attributes that are not applicable to persons aged 17 or less (14279 records 

discarded). The final count of population in our study is 31,704 individuals (Table 4-2). 



40 
 

Table ‎4-2: Details of records by year of survey (after preprocessing)- Adult population 

 

4-2 Attribute Selection 

In first iteration, based on insights taken from literature review, expert knowledge from medical 

field, and an extensive review of all attributes detailed in MEPS documentation files for years 

2006-2008, we select 66 attributes. We categorize those under five different modules: 

Demographics (9 attributes), Health Status (17 attributes), Preventive Care (16 attributes), 

Priority Conditions (14 attributes), and Visits Counts (10 attributes). We further analyze each 

module attributes and introduce the selected set of attributes in each category that are finally 

used in the modeling phase. We simplify each attribute’s name by removing the round-specific 

or year-specific number suffixes from each attribute’s name.  

4-2-1 Demographic attributes 

Table 4-3 summarizes the titles and descriptions of 9 demographics attributes as shown in the 

MEPS database documentations. 

Table ‎4-3: Demographic attributes 
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All these attributes are categorical (either flag, Ordinal, or Nominal), except AGE, EDUCYR 

and TTLP which are continuous (Scale) variables.  

AGE represents the age data relevant to Round 1 of the relevant panel. In the MEPS, it has been 

top-coded to 85 in original data and ranges from 18 to 85. SEX indicates the gender of each 

person, either male or female, with a value equal to 1 or 2, respectively. RACE indicates the race 

of the person and includes whites, blacks, American Indians/Alaska natives, Asians, native 

Hawaiian/Pacific Islanders, or multiple race report by the values of 1 to 6, respectively. 

EDUCYR is the number of years of education completed, which is based on the first round in 

which the number of years of education is collected for a person. In the MEPS, it has been top-

coded to 17, where 0 shows no school attendance; 1-8 shows elementary grades 1 to 8; 9-11 

shows high-school grades 9 to 11; 12 shows grade 12; 13-16 shows one to four years college 

attendance; and 17 stands for 5+ years of college. HIDEG indicates the highest degree of 

education for every person, and is based on the first round in which the highest degree was 

collected for a person. It accepts values of 1 to 7 for no degree, GED (General Educational 

Development), high-school diploma, bachelor’s, master’s, doctorate, or other degrees, 

respectively. REGION indicates the census region of each living unit including the survey 

participant. It accepts values of 1 to 4 for Northeast (Connecticut, Maine, Massachusetts, New 

Hampshire, New Jersey, New York, Pennsylvania, Rhode Island, and Vermont) , Midwest 

(Indiana, Illinois, Iowa, Kansas, Michigan, Minnesota, Missouri, Nebraska, North Dakota, Ohio, 

South Dakota, and Wisconsin), South (Alabama, Arkansas, Delaware, District of Columbia, 

Florida, Georgia, Kentucky, Louisiana, Maryland, Mississippi, North Carolina, Oklahoma, South 

Carolina, Tennessee, Texas, Virginia, and West Virginia) , and West (Alaska, Arizona, 

California, Colorado, Hawaii, Idaho, Montana, Nevada, New Mexico, Oregon, Utah, 
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Washington, and Wyoming) regions, respectively. MARRY shows the marital status of the person 

in the year of survey, and accepts values of 1 to 5 for married, widowed, divorced, separated, and 

never married. TTLP represents the total person-level income is the sum of all income 

components and accepts scale values either negative or positive. POVCAT is the categorical 

variable for family income as a percentage of poverty line. It accepts values of 1 to 5 for 

poor/negative incomes, near poor, low income, middle income, and high income, respectively. 

Because of high level of bivariate correlation between HIDEG-EDUCYR (Pearson r= 0.706, 

significant, p-value<0.01) and between POVCAT-TTLP (Pearson r=0.478, significant, p-

value<0.01), we remove EDUCYR and TTLP attributes from demographics set. The final 

attributes in the Demographics are AGE, SEX, RACE, HIDEG, REGION, MARRY and 

POVCAT. 

4-2-2 Health Status attributes 

Table 4-4 summarizes the titles and descriptions of 17 Health Status attributes as shown in the 

MEPS database documentations. 
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Table ‎4-4: Health Status attributes 

 

 

All these attributes are categorical (either flag, Ordinal, or Nominal), except PCS, MCS, and 

BMINDX which are continuous (Scale) variables.  

PCS and MCS are measures of general physical and mental health status perception by a person, 

and are derived from the well-known short-form 12 version 2 (SF-12v2) health survey 

questionnaires which is self-administered. In analyzing data from the SF-12v2, the standard 

approach is to form two summary scores based on responses to these questions. The scoring 

algorithms for both the physical component (PCS) and the mental component (MCS) incorporate 

information from all 12 questions, but gives different weights to the questions.  Both PCS and 

MCS values are recorded in the MEPS as a scale measure that accepts a range of 5.85-73.09 and 

1.04-78.08 numerical values, respectively. 
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The MEPS survey uses a single question to record all family members’ perceived health with 

respect to their physical (RTHLTH) and mental (MNHLTH) health. The answers are recorded on 

an ordinal basis between 1 and 5, representing excellent, very good, good, fair, or poor health 

perceptions, respectively. Some researchers claim that this single question can better represent 

overall health status than complex measures as SF-12v2 tool; and is still simpler to be collected 

and interpreted (Fleishman & Cohen 2010). 

The MEPS investigates the presence of different types of limitations extensively, which includes 

limitations in daily activities (represented by IADLHP and ADLHLP), functional limitations 

(WLKLIM, LFTDIF , STPDIF, WLKDIF, MILDIF, and STNDIF) , use of assistive technology 

(AIDHLP), work, housework and school limitations (ACTLIM), cognitive limitations (COGLIM), 

hearing and visual limitations (which we did not include in this study directly). Finally, the 

MEPS aggregate all these attributes and reports presence or absence of any of these limitations in 

a person (ANYLIM). 

IADLHP is the indicator of Instrumental Activities of Daily Living (IADL) help or supervision; 

and is true if anyone received help or supervision with IADLs including using the telephone, 

paying bills, taking medications, preparing light meals, doing laundry, or going shopping; and 

indeed, this was the result of an impairment or physical or mental health problem. ADLHLP 

shows the Activities of Daily Living (ADL) help or supervision, and includes routine personal 

activities in everyday living that does not need any instrument use. Both IADLHP and ADLHLP 

are flag attributes. 

The functional limitations are defined as any difficulty in performing certain specific physical 

activities and the MEPS filters it in the family through a single question: “Does anyone have 

difficulties walking, climbing stairs, grasping objects, reaching overhead, lifting, bending or 
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stooping, or standing for long periods of time?” This question identifies the category of possible 

related attributes. If the answer is positive, the following limitations are further investigated by 

using more questions: LFTDIF i.e. difficulty lifting 10 pounds, STPDIF i.e. difficulty walking up 

10 steps, WLKDIF i.e. difficulty walking 3 blocks, MILDIF i.e. difficulty walking a mile, and 

STNDIF i.e. difficulty standing 20 minutes. The filtering question for the WLKLIM attribute has 

a flag response; and other five functional limitations attributes take ordinal values between 1-4, 

showing no difficulty, some difficulty, a lot of difficulty, and unable to do, respectively. 

Remaining attributes are more straightforward. AIDHLP indicates use of assistive technology; 

ACTLIM shows any limitation in work, housework, or school; and COGLIM shows if any adult 

family member is experiencing confusion or memory loss, having problems in making decisions, 

or needs supervision for her own safety. ANYLIM summarizes whether a person has any ADL, 

IADL, activity, functional, or sensory limitations in any of the pertinent rounds. BMINDX is a 

measure of body mass index and person’s obesity and weight. BMI in adults ranges from 

underweight (<18.5), normal weight (18.5–24.9) inclusive, overweight (25.0–29.9), to obesity 

(>= 30.0). The MEPS reports it as a continuous measure and it accepts a value between 9.4 and 

256.3 in the final dataset. 

We analyze Health status attributes further to reduce their count as much as possible. RTHLTH 

and MNHLTH are easily gathered in any survey with asking only one questions from 

participants, compared to PCS and MCS which are more difficult to use in a survey and very 

difficult to interpret its variations among different respondents. Both PCS and MCS show a 

significant correlation with either RTHLTH (Pearson r is -0.378, and -0.220 respectively) or 

MNHLTH (Pearson r is -0.227, and -0.261 respectively) in a two-tailed test (p-values<0.01). The 

inverse correlation is due to inverse scoring of RTHLTH in the MEPS. The correlation with an 
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expenditure target (TOTEXP1 i.e. the total expenditures in the current year when setting the flag 

label at 95 percentile) is grater for RTHLTH (-0.225) compared to PCS (0.179), but both are 

significant (p-values<0.01) in a two-tailed test and we cannot conclude more. Considering these 

results and discussions for four attributes representing overall health perceptions, we pick 

RTHLTH and MNHLTH and discard PCS and MCS from final attributes list. 

With respect to the functional limitations attributes, we follow a simple logic. ANYLIM is a true 

aggregate of all other attributes in this category and has been designed intentionally to do so in 

the MEPS survey. ANYLIM has a strong bivariate correlation (Pearson rho coefficient) to 

IADHLP (0.425), ADLHLP (0.296), WLKLIM (0.641), AIDHLP (0.361), ACTLIM (0.538), and 

COGLIM (0.321), which is always statistically significant in a two-tailed test (p-value<0.01). 

Some functional limitations attributes have too many missing values to be useful for model 

building (Table 4-5). We discard all sub-attributes and keep only ANYLIM which represent 

aggregate predictive strengths of all functional limitations attributes together. 

Table ‎4-5: Health Status attributes: Counts and percentage of missing values 

 

The final attribute list for the Health Status attributes includes four attributes including 

RTHLTH, MNHLTH, ANYLIM, and BMINDX. 
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4-2-3 Preventive Care attributes 

Table 4-6 summarizes the titles and descriptions of 16 Preventive Care attributes as shown in the 

MEPS database documentations. 

 

Table ‎4-6: Preventive Care attributes 

 

 

All these attributes are gathered during round 3 of relevant panel’s survey. The MEPS reports all 

these attributes under health status section, but we group them together in because all are 

indicators of routine clinical check-ups (CHECK, BPCHEK, BPMONT, CHOLCK, DENTCK), 

primary measures employed to prevent diseases initiation and/or early detection of diseases 

(PSA, BOWEL, STOOL, MAMOGR, BRSTEX, PAPSMR, HYSTER), or secondary measures 

for disease prevention/risk factor control/risk factor indicator (BPCHEK, BPMONT, CHOLCK, 

NOFAT, EXRCIS, ASPRIN, LSTETH). For the purpose of this study, we label them altogether 

as the Preventive Care attributes. 
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CHECK, BPCHEK, CHOLCK, PSA, MAMOGR, BRSTEX, and PAPSMR show frequency of a 

diagnostic intervention on ordinal basis, accepting values between 1-6, i.e. 1 through 5 shows the 

intervention has been done for the person within past year, past two years, past three years, past 5 

years, and more than five years, respectively, and 6 stands for never having that intervention 

done in past. DENTCK is ordinal, and accepts values between 1-4 that shows the dental check-up 

has been done for a person twice a year or more, once a year, less than once a year, and never. 

BPMONT is a continuous version of BPCHEK which shows the number of months from last 

blood pressure check-up ranging between 0-24 months.  All other attributes in this module are 

flag attributes accepting 1 (yes) or 2 (no) values. 

We discard PSA, MAMOGR, BRSTEX, PAPSMR, HYSTER attributes from our study because 

they have a high percents of missing values that make them unfavorable to use in model 

building, and they are gathered over a specific age range and/or in a specific gender. BPCHEK 

and BPMONT are coding same data in different measures, and we remove BPMONT in favor of 

BPCHEK. We use DENTCK as a single dental care attribute, as it has more preventive care 

meaning than LSTETH.  

The final set of selected attributes in this module includes CHECK, BPCHEK, CHOLCK, 

NOFAT, EXRCIS, ASPRIN, BOWEL, STOOL, and DENTCK. 

4-2-4 Priority Conditions attributes 

Table 4-7 summarizes the titles and descriptions of 14 Priority Conditions attributes as shown in 

the MEPS database documentations. 
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Table ‎4-7: Priority conditions attributes 

 

 

All priority conditions attributes are of flag type, showing either having or lacking a specific 

medical condition’s diagnosed for the person; besides PCCOUNT which is continuous and its 

value ranges from 0-12. This attribute and the PC attribute have been derived from other 12 

disease conditions attributes. PC shows if a person has any priority conditions at all, and 

PCCOUNT represents count of priority conditions reported in each person. They help to build 

different verities of predictive models by using all 14 attributes including disease conditions 

attributes along with both PC and PCCOUNT, or using 13 attributes including disease conditions 

attributes along with PC (and discarding PCCOUNT), or using 12 attributes including only 

disease conditions alone (and discarding both PC and PCCOUNT).  

As CANCERDX is not reported directly in the MEPS surveys before 2008, we use the same 

preprocessing steps taken for the FC files2006-2008 and apply them to the MEPS Medical 

Condition data in 2006-2007. We import two attributes DUPERSID and CCCODEX from these 

files to relational database software e.g. the MS Access. DUPERSID is used as the key identifier, 
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and CCCODEX lists all conditions reported for each person in multiple rows. We extract the 

CCCODEX for all types of cancers from relevant MEPS codebooks, and group them by using 

IF, WHERE and OR commands in a new single column. We replace CANCERDX field in year 

2006-2007’s dataset with this column. We did not delete any attribute from this module and will 

use them all in model building process. 

4-2-5 Visits Counts attributes 

Table 4-8 summarizes the titles and descriptions of 10 Visits Counts attributes as shown in the 

MEPS database documentations. 

Table ‎4-8: Visits Counts attributes 

 

 

All Visits Counts variables are continuous data and show the counts of an individual’s visits to 

the different level of health care. The names of these attributes are indicative of data they are 

representing, for example OBTOTV is the office-based total Visits counts which is provided by 

a physician (OBDRV) or another non-physician (OBOTHV). We include medicine usage in this 

module because it simply represents an individual’s counts of visits to pharmacies (RXTOT). It 

is a utilization variable for medicine usage and is a count of all prescribed medications purchased 

during pertinent survey year, and includes initial purchases and refills.  
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We normalize all these variables in a new scale measure between 0-1, in order to prevent 

variables with a higher range of values (RXTOT and OBTOTV) from overshadowing variables 

that accept only a short range of values (IPDIS and ERTOT). The range of values for each 

variable is shown in relevant column in Table 4-8. 

We discard OBDRV and OBOTHV in favor of OBTOTV, and similarly OPDRV and OPOTHV 

in favor of OPTOTV. We delete IPNGTD and retain IPDIS as they confer same information. 

The final set of attributes for Visits Counts module is OBTOTV, OPTOTV, ERTOT, IPDIS, 

and RXTOT. 

4-3 Selected attributes in the final MEPS dataset 

After attribute reduction efforts on primary set of 66 attributes, the final dataset has 39 attributes 

which are categorized in 5 modules:  

o Demographics (7 attributes): AGE, SEX, RACE, HIDEG, REGION, MARRY, and 

POVCAT. 

o Health Status (4 attributes): RTHLTH, MNHLTH, ANYLIM, and BMINDX. 

o Preventive Care (9 attributes): CHECK, BPCHEK, CHOLCK, NOFAT, EXRCIS, ASPRIN, 

BOWEL, STOOL, and DENTCK. 

o Priority Conditions (14 attributes): HIBPDX, CHDDX, ANGIDX, MIDX, OHRTDX, 

STRKDX, ASTHDX, EMPHDX, CANCERDX, DIABDX, ARTHDX, CHOLDX, PC, and 

PCCOUNT. 

o Visits Counts (5 attributes): OBTOT, OPTOT, ERTOT, IPDIS, and RXTOT (we removed 

letter “V” from end of these variables if existed, to make their use easier.) 

From now on, we reword Health Status, Preventive Care, Priority Conditions, Visits Counts 

variables as Health, Preventive, PrioC, and Visits, respectively. 
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4-3-1Preprocessing of the selected attributes 

By completing preliminary processing of attributes, the final dataset has 39 fields for 31704 

records. Before feeding into models, we bin values in all fields to make models work better.  

With respect to the Demographics module, we change AGE’s measurement type from 

continuous to nominal by binning it into three categorical values, i.e. 1 for 18-49 years, 2 for 50-

65 years, and 3 for ages over 65. We re-bin the RACE into a new nominal attribute with values 

of 1-3 for whites, blacks, and others, respectively. It reduces the number of categories for RACE 

attribute from six to three and makes interpretations much easier. HIDEG is re-binned from its 

original 7-categories nominal type to a new flag (binary or dummy) attribute and accepts1 for 

having a higher education, and 2 for lacking it.  We re-bin MARRY and POVCAT variables into 

a two new attributes which accept three nominal values. The new nominal attribute for MARRY, 

accepts values of 1, 2, and zero for married, widowed/separated/divorced, or never married 

states. In the new nominal POVCAT attribute, families are categorized to negative/poor/near 

poor, low/middle, or high incomers by accepting a value of 1 to 3, respectively. 

With respect to the Health module, besides BMINDX, we leave all attributes unchanged. 

BMINDX attribute has been changed from continuous to ordinal by using the same definitions 

used in the MEPS documentations that are compatible with the US-CDC’s definitions for body 

mass index in adults. New BMINDX attribute accepts values from 1 to 4 in an ordinal basis for 

underweight, normal weight, overweight, and obese persons, respectively. 

With respect to the Preventive module, we leave all flag (binary, or dummy) attributes 

unchanged, and re-bin all nominal attributes (CHECK, BPCHEK, and CHOLCK) in three values 

i.e. 1 for within past year, 2 for within 2 years or more, and 0 for never. We re-bin DENTCK 
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values a little different, where 1, 2, and 0 values represent twice a year or more, less than twice a 

year, and never. 

With respect to the PrioC module, we leave all attributes in their original flag state, besides 

binning PCCOUNT to a nominal measure with three values i.e. zero value for having no disease 

conditions, 1 to 3 values for having one to three disease condition, and 4 for having four diseases 

conditions or more. 

With respect to the Visits module, we use the normalized 0-1 value state. We build a separate 

flag (binary or dummy) attribute for each of these attribute in order to compare its efficiency 

with that of continuous attributes. We use a threshold for a true (1) value for these new flag 

attributes which is an absolute count of 5 visits for OBTOT, 12 visits for RXTOT, and greater 

than zero visits/encounters for OPTOT, ERTOT, and IPDIS. These thresholds are cut-off points 

for top 30 percentiles.  

Table 4-9 shows all 39 attributes from five modules along with each attribute’s measurement 

type, range, and values they accept in the final dataset.  
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Table ‎4-9: The final dataset- attributes by modules 

 

 

 

4-4 The missing values 

In the final dataset, 26 out of 39 attributes have missing values (Table 4-10). The highest 

percentage of missing values in our data was 7 percent, while 12 fields had less than 1% missing 

and remaining 14 fields ranged between these two extremes. Table 4-10 shows the value labels 

for missing values in each pertinent field. 
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Table ‎4-10: Missing values in the final dataset 

 

 

In all attributes the missing values are labeled the same, and -1, -7, -8, and -9 shows 

inapplicable, refused (to answer), don’t know, and not ascertained values, respectively. Only in 

HIDEG attribute, an 8 value represents inapplicable which includes persons aged fewer than 16 

that are excluded from our study pool from the beginning. 

The IBM SPSS Modeler provides extensive options to manage missing values. Choice of 

handling approach depends on a number of factors including size of the dataset, number of fields 

containing blanks or missing values, and amount of missing information. Based on these criteria, 
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we can exclude fields or records with missing values, or impute, replace, or coerce missing 

values using a variety of methods.  Some DM models handle the missing values efficiently, but it 

is better to don’t include those attributes with too many missing values in all models. It means 

that when most missing values are concentrated in a small set of fields, it is better to handle them 

at the field level, instead of record level. In the primary MEPS dataset, in some attributes 

including LFTDIF, STPDIF, WLKDIF, MILDIF, STNDIF, PSA, MAMOGR, BRSTEX, 

PAPSMR, and HYSTER, the missing values abound and they have been discarded from the final 

dataset in this study. 

Some DM models handle missing data better than others. For example, most DTs including C5.0 

and Apriori cope well with values that are explicitly declared as missing. Some other DM models 

as NN have trouble dealing with missing values and experience longer training times, resulting 

in less-accurate models. For a better modeling performance, we should either discard all the 

records with the missing values, discard a complete field from analysis, or impute them in a 

suitable way.  

We have very few missing values in the final dataset and most models can handle them 

efficiently. We keep all fields with the missing values and change all of their labels to -1. We 

flag them during model building to let the DM model identify them correctly. This change does 

not affect model functioning and accuracies. All DT models handle the missing values in their 

modeling process, but for NN and Clustering (K-Means), we delete all the records with missing 

label and we do not use them in training process. 

4-5 Target attributes 

With respect to the target attributes, as we aim to predict high-cost instances among general 

population in the US, the target attributes are ideally flag attributes identifying high-cost and 
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low-cost instances by true and false values, respectively. We define two sets of target attributes 

to build two sets of predictive models. In the first set, the models predict the current year’s total 

expenditure (we name it TOTEXP1) using the current year’s input variable. In the second set, the 

models predict the next year’s total expenditure (we name it TOTEXP2) using the current year’s 

input variable  

For both TOTEXP1 and TOTEXP2 targets, we build a flag (binary or dummy) attribute, and we 

define a threshold for the high-cost individuals using both the insights from the literature and the 

nature of expenditures distributions among the MEPS survey. A rapid look into TOTXP1 data 

shows highly skewed values in this field as shown in its histogram (Figure 4-1). 

 

 

Figure ‎4-1: Histogram of TOTEXP1 data 

 

A further descriptive analysis of central measures for TOTEXP1 confirms a highly-skewed data 

distribution (Table 4-11), which does not conform the normal distribution as shown in normal 

probability plot (P-Plot) of TOTEXP1 (Figure 4-2). Probability plots draw a variable's 
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cumulative proportions against the cumulative proportions of a test distribution and are generally 

used to determine whether the distribution of a variable matches a given distribution. If the 

selected variable matches the test distribution, the points cluster around a straight line.  

 

Table ‎4-11: Central measures for TOTEXP1 data 

 

 

 

Further analysis for goodness of fit for TOTEXP1 data and major distribution patterns (Table 4-

12) reveals the Weibull distribution is closer to TOTEXP1 data with the highest p-value (p=.010) 

which is still non-significant.  

 

 

 

 

 

 

 

Figure ‎4-2:‎Normal‎distribution’s‎P-Plot for TOTEXP1data 

 

Figure 4-2: Normal distribution’s P-Plot for TOTEXP1data 

 



59 
 

 

Table ‎4-12: Goodness of Fit statistics for TOTEXP1 data 

 

To identify individual distribution fit with Weibull, we replaced all non-positive values (lowest 

possible cost = 0) with 0.01.  The fit is more evident when we ignore zero values (Figure 4-3). 

 

 

 

Figure ‎4-3: Weibull distribution fit to TOTEXP1 data 
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Simple testing of TOTEXP1 data against 20/80 rule is useful. In the final dataset, out of 

$133147351 cumulative cost of TOTEXP1 for three years, 45%, 61%, and 78% is incurred by 

top 5, 10, and 20 percentiles, respectively. Similar cost figures are evident for TOTEXP2 (Tables 

4-13 and 14). 

Table ‎4-13: Test of 20/80 rule for TOTEXP1 data 

 

 

Table ‎4-14: Test of 20/80 rule for TOTEXP2 data 

 

 

Based on results of TOTEXP data analysis, we select three targets for current year and three 

target for next year expenditure. In each year we set three separate thresholds for identifying 

high-cost cases at 95, 90 and 80 percentiles, and name them TOTEXP 95, 90, and 80, 

respectively (Table 4-15). 

Table ‎4-15: Target fields for Current year/Next year expenditure data 
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Chapter 5 : Modeling and Analysis of the Results 
 

In this chapter, we present the results of the modeling phase in four parts. In the first three parts, 

we present the classification models including DTs and NNs; and in the fourth part we review 

the clustering results. First, we compare the performances of DT and NN classifiers modeled 

with 39 attributes using multiple evaluation metrics. In the second part, we compare two DTs 

(C5.0 and CHAID algorithms) by building models based on different sets of attributes 

(Demographics, Health, Preventive, PrioC, and Visits), then we choose the best tree algorithm 

for further model building according to their performances. In the third part, we use the best 

selected tree classifier, to build models on various combinations of different sets of attributes 

(i.e.  Demographics / Health, or Demographics / Preventive, etc.) and based on their performance 

results, we introduce the minimal set of attributes for predicting high-cost instances.  Finally, in 

the fourth part, we review the results of the clustering analysis (K-Means algorithm) in details.  

5-1 Classification results: DT and NN models using 39 input attributes 

The modeling efforts start with building classification models including DT and NN classifiers 

and uses all 39 input attributes,  including 7, 4, 9, 14, and 5 attributes from Demographics, 

Health, Preventive, PrioC, and Visits modules, respectively. A list of these attributes is shown in 

Table 5-1. 
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Table ‎5-1: List of 39 input attributes in the final MEPS dataset 

 

All 39 attributes show significant correlation to the expenditure targets i.e. TOTEXP1 and 

TOTEXP2. As an example, all Visits attributes show a high and significant correlation to current 

year’s (TOTEXP1) or to next year’s (TOTEXP2) expenditure. It is rational to have higher health 

costs when you visit health system more frequently and at different level of care (office-based 

visits, outpatient, emergency rooms, and inpatient stays). All other modules show significant 

correlations to expenditure targets (when α=0.05)  which is shown in their Pearson rho 

coefficients (Table 5-2). 
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Table ‎5-2: Pearson rho for correlations to expenditure targets  (significant correlations with α=0.05 are shown in bold.) 

 

 

5-1-1 Performances of DT and NN models using 39 input attributes  

The performance measures for all classifiers when using 39 input attributes are shown in Table 

5-3 and Figure 5-1 detailed by six targets from current and next years. We use both Accuracy and 

AUC to evaluate the modeling results in the test partition. 
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Table ‎5-3: Performance evaluation of classifiers using all 39 attributes 

 

 

Figure ‎5-1: Correctness accuracy (Left) and AUC (Right) for classifiers using all 39 attributes 

 

As all input attributes are significantly correlated to target attributes, it was expected that the 

classifiers should perform well when using all 39 input attributes. The resultant correctness 

accuracy and AUC of all classifiers are much higher than that of a random guess and it confirms 

proper model functioning. Good performances of these DT and NN classifiers show that the final 

MEPS dataset has been prepared properly and the dataset is valid. 

The test accuracies of these models varies between 66.1-93.7 percent, and the average 

correctness accuracy for the 18 models built on 39 input attributes is 79.8%.  It includes a lower 

score for NN and the CHAID and higher scores for C5.0 classifiers. The AUCs range between 
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0.607-0.956 and the average AUCs for the 18 models built on 39 input variables is 0.829. It 

includes a lowest score for C5.0 and higher scores for NN and the CHAID.  

Whatever the performance measure is, all models predict better when the threshold for high-cost 

is set at the 95 percentile (top 5 percent or very high-cost instances) than high-cost instances 

(threshold at 90 or 80 percentiles).  

All models predict the current year’s cost better than next year’s cost, which is considered a 

given fact i.e. all models built for the current year, show a higher correctness accuracy or AUC 

compared to next year’s models. All TOTEXP1-95, TOTEXP1-90, and TOTEXP 1-80 models 

perform better than their counterparts in TOTEXP2-95, TOTEXP2-90, and TOTEXP 2-80 

models, respectively. Based on these results, we use the TOTEXP1-95 as the single cost target 

throughout the remaining parts of our analysis. 

 Regarding the performance measures, although C5.0 yields the highest correctness accuracy 

rates (93.7%) comparing to CHAID (86.3%) and NN (76.2%), the AUC measure shows the 

opposite, with the lowest areas for C5.0 (0.816), and much higher areas for CHAID (0.946), and 

NN (0.956). A quick look into the confusion matrices for these three models explains that how 

the AUC measure works better to rank these classifiers (Figure 5-2). (Note: we discarded null 

values from NN confusion matrix for ease of comparison.)  
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Figure ‎5-2: Confusion Matrices for C5.0 (Left), CHAID (Middle), and NN (Right) models (Target=TOTEXP1-95) 

 

In the final MEPS dataset, we set the high-cost at 95 percentile; therefore, the target’s outcomes 

abound in false values. The low-costs instances comprise 95% of all cases, and the high-cost 

instances comprise only 5% of cases. In this situation, the model’s accuracy is a poor measure of 

its performance. For example, while the C5.0 has a very high correctness accuracy at 94%, most 

of this high accurate prediction comes from better prediction of false instances (specificity= 

96%), while the model nearly performs like a random guess when it comes to predicting true 

cases (sensitivity= 56%). Both the CHAID and NN models yield lower accuracies, but as evident 

by  their high AUC and G-Mean, they predict high-cost instances as good as the low-cost ones, 

and  they  exhibit a better trade-off between sensitivity and specificity measures.  

5-1-2 Predictor Importance of DT and NN models using 39 input attributes 

Classifiers also generate the predictors importance calculated from the test population. They 

basically indicate the relative importance of each input attributes (the predictor) in estimating the 

model. Since the values are relative, the sum of the values for all attributes is 100 percent. This 

measure does not relate to model accuracy and it just relates to the importance of each input 
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attribute in making a prediction. Table 5-4 summarizes the predictor importance for DT and NN 

models when the target is TOTEXP1-95 with all 39 input attributes. 

 

Table ‎5-4: Predictor importance for classifiers using all 39 attributes 

 

 

All models rank 4 to 5 attributes from the Visits module as their top 5 predictors. This is 

reasonably expected. Persons with higher number of visits to different levels of health system 

cause higher expenditure. Confirmation of this fact in our modeling efforts with 39 input 

attributes verifies the proper functioning of our classifiers and the validity of the final MEPS 

dataset which represents the US non-institutionalized population correctly. 

NN models yield very good performance level for predicting TOTEXP1-95 outcomes, but it only 

works with continuous attributes. NNs return better AUC and G-Mean results when we test the 

classifiers on the Visits module only. This classifier doesn’t return any results when we run it on 

other four modules, including Demographics, Health, Preventive, and PrioC, because most of 

these attributes are categorical and NNs do not properly work with categorical data. Based on 

these findings, we will not use NN for further classification in this study.  
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5-1-3 Best classifier among DT models using 39 input attributes 

Based on classification results, DTs perform better than NNs when we consider categorical 

inputs, and the CHAID tree, when compared to C5.0, gives better trade-off for misclassification 

costs by returning higher AUC and G-Mean results. To compare the CHAID with other 

important tree classifiers including C&R tree and QUEST algorithm and for a better selection 

among tree classifiers, we ran an Auto Classifier algorithm using 39 input attributes. The Auto 

Classifier node in IBM Modeler creates and compares a number of different models for binary 

outcomes, allowing us to choose the best approach for a given analysis. A number of modeling 

algorithms are supported, making it possible to select the methods we want to use, the specific 

options for each, and the criteria for comparing the results. The node generates a set of models 

based on the specified options, and ranks the best candidates according to the criteria. As shown 

in figure 5-3, the modeling results with Modeler’s Auto Classifier node shows that among 

different trees, the CHAID algorithm returns better trade-off between sensitivity and specificity 

by returning better G-Mean measure.  

 

Figure ‎5-3: Auto Classifier results: Comparison of Tree classifiers (Target: TOTEXP1-95) 
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5-2 Classification results: DT models using separate modules 

We ran the CHAID, a non-binary tree and C5.0, a binary tree, algorithms on each module of 

attributes in the final MEPS dataset in order to compare their performances. We use the predictor 

importance results of the better performing model (whether the CHAID or C5.0) in order to find 

best predictors in each module.  

The list of attributes in each module is the same as in Table 5-1, but for PrioC module, PC and 

PCCOUNT attributes are excluded from this modeling run. This allows us to understand the 

relative rank of each priority condition in estimating the model. When we remove both PC and 

PCCOUNT attributes, a C5.0 model returns slightly better accuracy (77.2) compared to 

including either PC (73.8) or both PC and PCCOUNT (73.3) (Target is TOTEXP1-95). 

5-2-1 Performances of DT models using separate modules 

A summary of performance measures for the CHAID and C5.0 trees for different modules of 

attribute is shown in Table 5-5. 

 



70 
 

Table ‎5-5: Performance measures for CHAID and C5.0 models on separate modules 

 

C5.0 has higher correctness accuracy than the CHAID tree for all modules. Major portion of 

higher accuracies comes from C5.0 higher specificities, while its sensitivities are always below 

the CHAID rates. The CHAID tree works better in Health and Visits modules compared to C5.0 

when we compare them based on their AUC. We don’t use AUC measures in other modules 

(Demographics, Preventive, and PrioC), because for C5.0 models, they are based on raw 

propensities and are more optimistic as they are calculating both test and training partitions’ 

rates. For all modules, the CHAID tree gives a better G-Mean which is an indication of better 

trade-off between true positives and true negatives estimations. Collectively, the CHAID 

algorithm performs better with separate modules compared to tree maker, the C.50. Figure 5-4 

summarizes the performance results of the CHAID models on different modules separately, and 

compares it to its performance on 39 input attributes set (reworded as ALL). 
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Figure ‎5-4: Performance results of CHAID on separate modules compared to ALL attributes 

 

5-2-2 Predictor Importance of DT models using separate modules 

The CHAID algorithms returns best predictive results among all trees when we build models on 

separate modules. Table 5-6 shows its predictor importance results on each of the Demographics, 

Health, Preventive, PrioC and Visits modules when we predict very high-cost patients in the 

current year i.e. TOTEXP1-95 (Numbers in parenthesis show relative importance in each 

module). We include predictor importance results for the CHAID algorithm on all 39 attributes 

for better comparison. 
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Table ‎5-6: Predictor importance for CHAID models on separate modules 

 

 

5-3 Classification results: CHAID models using combinations of modules 

We ran the CHAID classifier on the combinations of different modules in order to find the 

minimum set of attributes. We set the Demographics as the base module, and add other modules 

(i.e. Health, Preventive, PrioC and Visits modules) to it consecutively, and name the resultant 

combination CHAID models as DHealth, DPreventive, DPrioC, and DVisits, respectively. List 

of attributes used in each of new models are shown in Figure 5-5. 

 

Figure ‎5-5: List of attributes used in combination models 
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5-3-1 Performances of CHAID models using combinations of modules  

We use the G-Mean and AUC measures, along with correctness accuracy, to compare new 

combination models’ performances with models using separate modules (Table 5-7). As all 

compared models use the same classifier (i.e. the CHAID algorithm), correctness accuracy can 

provide good insight into their relative performances.  Since we include all attributes from each 

module in a 2-module combination model, we call them large set. 

 

Table ‎5-7: Performance of the CHAID combination models (large set) 

 

The base module alone (Demographics) yields G-Mean and AUC equal to 66% and 0.717, 

respectively. By adding the base module to each of Health, Preventive, PrioC, and Visits 

modules, their performance remains either approximately the same. The DHealth combination 

model performs slightly better when compared to the Health module itself. All other possible 

combinations between different modules were tried, too. For example, we used Health module as 

the base module and ran the CHAID tree on its combination with other modules i.e. 

HealthPreventive, HealthPrioC, and so forth. All resultant models perform below the DHealth 

combination.  
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Using the predictor importance results in each combination model; we ran the CHAID tree on 

different sets of input attributes and used the G-mean and correctness accuracy to compare the 

resultant models. The attributes list in each combination model were reduced gradually in order 

to reach to the smallest set of attributes that returns better accuracies, G-means, and AUCs 

compared to original large sets. Figure 5-6 shows the reduced list of attributes in each 

combination models that give best performances. 

 

Figure ‎5-6: Reduced attribute lists in combination models 

 

Each of the new combination models uses only four attributes and we call them as small set. 

AGE and SEX are from the Demographics module, and the two other attributes are from the 

relevant module. We use the G-Mean and AUC measures, along with correctness accuracy to 

compare performances of the new combination models with models using large sets (Table 5-8). 

As all compared models use the same classifier i.e. the CHAID algorithm, correctness accuracy 

can provide good insight into their relative performances.  
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Table ‎5-8: Performance of the CHAID combination models (small set) 

 

By retaining only four input attributes in any of the combination models (small set), the 

performance measure is still similar or slightly better than using all attributes (large set). Instead 

of using 11, 16, 19, and 12 attributes in DHealth, DPreventive, DPrioC, and DVisits models, 

respectively, we use four attributes in any of these combination models and they still return 

similar performances.  AGE and SEX is shared between all new combination modules. Figure 5-

7 shows the ROC curve of the combination models using the small set of attributes. 
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Figure ‎5-7: ROC Graphs for the combination models (Small set) 

 

In DVisits model, we use IPDIS and OBTOT attributes from the Visits module, along with AGE 

and SEX from Demographics module. The resultant combination model performs nearly as good  

as the Visits module itself. It is helpful because we drop three complex input attributes i.e. 

OPTOT, ERTOT, and RXTOT from the Visits module; replace them with two simple 

demographics i.e. AGE and SEX;  and  still achieve  similar performances. In DPrioC model, we 

use PCCOUNT from PrioC module, along with AGE, SEX, and REGION from Demographics 

modules, and the resultant combination performs slightly better than the PrioC module itself. It is 

helpful because we drop eleven attributes from the PrioC module; replace them with three simple 

demographics i.e. AGE and SEX, and REGION; and still achieve comparable performances. 
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Figure 5-8 summarizes the predictor importance results for the combination models (small set), 

along with an overall ranking for top 10 attributes according to their relevance to the TOTEXP1-

95 target (ALL).  

 

Figure ‎5-8: Predictor importance results for the combination models (small set) 

 

5-4 Classification results: Best set of predictors for TOTEXP1-95 

The CHAID tree models for combination models rank PCCOUNT, CHOLCK, IPDIS, RTHLTH, 

OBTOT. AGE, ANYLIM, BOWEL, SEX, and REGION as the top 10 predictors estimating the 

TOTEXP1-95. We remove two Visits attributes from this set (IPDIS and OBTOT) and then we 

test different combinations of the remaining 8 attributes until we reach to the best and smallest 

set of attributes.  Table 5-9 shows the performance results for these new models along with the 

input attributes in each model. We use the G-Mean and AUC measures, along with correctness 

accuracy to compare their performances. As all compared models use the same classifier i.e. the 

CHAID algorithm, correctness accuracy can provide good insight into their relative 

performances. 
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Table ‎5-9: The Best 5-10 attributes (TOTEXP1-95) 

 

 

The last CHAID classifier that uses the smallest set of attributes including AGE, RTHLTH, 

ANYLIM, CHOLCK, and BOWEL performs acceptably well, with correctness accuracy, G-

mean and AUC equal to75%, 76% and 0.812, respectively. This model performs superior to all 

single or combination models that use any of Demographics, Health, Preventive, and PrioC 

attribute sets (Figure 5-9). This set does not use any Visits attributes and is not based on a count 

of priority conditions as it excludes PCCOUNT. It is an advantage because a count of important 

medical conditions (PCCOUNT) and an individual’s number of visits to different health 

providers (Visits attributes) are rationally related to the overall health expenditures. We don’t 

need to build a sophisticated data mining model to re-confirm this common belief.  
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Figure ‎5-9: AUC measure for CHAID models using top 5-10 attributes, compared to other models 

 

We use Feature Selection node in the modeler to compare its results with the best set of attributes 

selected in this study. We ran this node twice, once on the primary dataset with 66 attributes and 

once on the smallest set with 39 attributes. Table 5-10 lists top 10 predictors of feature selection 

nodes (called FS70 and FS39, respectively), and compare their performance with that of selected 

top 10 and top 5 sets in this study. 

Table ‎5-10: Comparison of top CHAID models with Feature Selection node results 
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 Feature selection lacks expert knowledge and insights from literature, and always returns Visits 

attributes in its top attributes list. The CHAID models using FS70 and FS39 attribute sets return 

higher G-mean and AUC compared to the selected Top10 and Top 5 models introduced in this 

study, but these better results are based on the strength of the Visits attributes. The Top 10 and 

Top 5 models use either two of or none of the Visits attributes and return comparable results. 

5-5 Clustering results: K-Means algorithm 

We ran K-means algorithm on the final MEPS dataset with 11 attributes including top 10 

attributes and TOTEXP1-95. This model doesn’t use a target field and is considered an 

unsupervised learning. All fields are labeled as input for the clustering model.  K-Means works 

by defining a set of starting cluster centers derived from data. It then assigns each record to the 

cluster to which it is most similar, based on the record's input field values. After all cases have 

been assigned, the cluster centers are updated to reflect the new set of records assigned to each 

cluster. The records are then checked again to see whether they should be reassigned to a 

different cluster, and the record assignment/cluster iteration process continues until either the 

maximum number of iterations is reached, or the change between one iteration and the next fails 

to exceed a specified threshold. 

When we set cluster numbers to 2 or 3 i.e. 2-cluster and 3-cluster models, the silhouette measure 

is 0.3 or 0.2, respectively. The resultant models’ cluster sizes are shown in Figure 5-10. 
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Figure ‎5-10: K-Means Cluster sizes: Top 10 attributes featuring TOTEXP1-95 

 

A summary of cluster details for K-means models is shown in Figure 5-11. In 2-cluster model, 

the SEX attribute is the best clustering attribute; all males go to cluster 1 and all females go to 

cluster 2. Females are more aged, check their blood cholesterol more frequently, live slightly 

more with some type of limitations, and are labeled more as a high-cost individual. Remaining 

attributes don’t confer a visible difference between females and males clusters. Same is evident 

from a frequency analysis of major attributes in two sexes, as shown in SAS output in table 5-11. 

Table ‎5-11: Frequency of top input attributes by SEX 
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Figure ‎5-11: Predictor ranking and cluster details for 2- and 3-cluster K-means model 

 

In 3-cluster model, the AGE attribute is a major predictor. The 3
rd

 cluster is mostly from younger 

adults. Over 95% of all members in this cluster age 18 to 49. A dominant portion of individuals 

who have no limitations, have had no history of priority conditions, limitations, bowel 

instrumentation, and blood cholesterol check are segmented in this cluster. Their overall health 

perception is high and very few members belong to high-cost individuals. 

5-6 Recommendations Derived from this Study 

This study introduces the MSA for predicting top 5% high-cost group among general population  

who may or may not have any current medical conditions. Without relying on well- known and 
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trivial measures of health costs, including counts of visits to different care providers, the MSA 

includes non-trivial and easy-to-survey measures for self-perception of health, age, along with 

two preventive health indicators (history of blood cholesterol checks, and colonic preventive 

interventions) and presence or absence of any physical, sensory, or cognitive limitations.  

Health planners can use our proposed MSA to design local, regional, or national surveys for 

tracking high-cost groups in general population, far before they seek medical helps. It will give 

the policy makers enough time to better plan various disease-management programs for high-risk 

groups, and will give them enough resources to tailor those programs to more localized 

demographic targets. The information from a representative sample of a high-risk population in a 

specific geographic area can be feed into a trained CHAID tree classifier in order to identify 

potential high-cost group among them, and to enroll the tracked group in suitable preventive or 

disease-control programs to closely monitor them for complications, recurrences, or 

exacerbations. Then the planners can better allocate available resources to potentially high-risk 

groups and may spend the healthcare budget in a more targeted manner.  

At  the national level, the results can help federal and provincial health authorities to devise 

similar but smaller panel surveys in order to track health expenditures at the macro level. When 

combined with data on the sources of healthcare budget and data on the spenders of the 

healthcare budget, a well-conducted survey can portray existing variations in geographical health 

spending by providing extensive information regarding demographical differences of potential 

high-cost groups compared to other parts of the population. Multiple years survey results will 

enable governmental bodies to better track health expenditure variations across a jurisdiction and 

to better evaluate the impacts of policy changes in a period of time.  
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Insurance companies always seek more efficient ways to spend their limited earnings from health 

premiums, and try to enroll their clients into the most suitable health protection plans. For this 

purpose, they use a few predictive models to estimate future health costs for each potential 

enrollee, mostly based on the current clinical status of the individual. Having accurate clinical 

information, insurance providers identify high-risk groups and predict high-cost cases. Based on 

a preliminary clinical interview, they screen if an individual have had a diagnosis for a major 

cost-bearing disease including diabetes or heart disease, and then they compare patient’s clinical 

status with typical high-cost profiles in that diagnostic category, in order to estimate the risk of 

an individual to be in high-cost group. Having access to the accurate medical profile of a person 

is the mainstay for this cost-estimation process, but this is not always feasible. As such, use of   

predictive models relying on  non-clinical data seems inevitable. 

The MSA from this research can help insurers to identify potential high-cost or very high-cost 

individuals among a pool of potential clients, based on non-trivial and non-clinical data. The 

proposed attributes are easy to collect, and they can be used in a short screening questionnaire 

which may be employed as a preliminary screening tool to find the potential high-cost cases 

among the general population. To get more efficient results, the insurer may primarily decrease 

the confidence threshold for interpreting the screening survey results  to identify a very high-cost 

person; i.e. they may extract 10% of a specific population as a potential pool for the top 5% 

costs, or they may set a lower threshold for G-mean or AUC of the predictive model in order to 

extend the boundaries  of  high-cost group. After narrowing the potential high-costs to 10% 

population size, extra runs of predictive modeling on the remaining pool, or further clinical 

interview can be conducted to better identify those with the highest possibility of becoming high-

cost in the future.  
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Through implementing the predictive models from this study along with the MSA, policy makers 

and service providers can examine the relevance of the findings to real field practice conditions 

and provisions.  Further customization in modeling provisions and alterations in the MSA itself 

may become necessary when researchers try to apply cost-modeling tools to various health 

services delivery settings.  
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Chapter 6 : Conclusions 
 

In this chapter, we conclude the study in three parts: summary of the thesis; answers to the 

research questions; and research limitations and suggestions for future works. 

6-1 Summary of the Thesis 

The current thesis is a quantitative research study designed to apply different supervised and 

unsupervised machine learning algorithms on a valid dataset, the MEPS, which is a nationally 

representative medical expenditures survey for the non-institutionalized US population. The 

target attribute is either current year’s or next year’s total health expenditure, which are set at 

three different thresholds for identifying high-cost individuals i.e. 95, 90, and 80 percentiles. We 

test six targets, three for current year and three for next year. Two components of the MEPS 

database i.e. the HC (household component) and the MC (medical conditions component) for a 

three-year period 2006-2008 have been used to build the final MEPS dataset with 66 attributes 

and 31704 records. By finishing all preparation efforts, the attribute counts has been reduced to 

39 from its original 66, by using results of correlation studies, medical expertise, and relevance 

to the targets. The final MEPS dataset now includes 7, 4, 9, 14, and 5 input attributes from 

Demographics, Health status, Preventive care, Priority conditions, and Visits counts modules, 

respectively. 

Supervised modeling (classification) of the final MEPS dataset, containing all 39 attributes from 

five modules shows that the classifiers (NNs or DTs) predict current year costs more accurate 

compared to next year costs; and predict better when the high-cost threshold is set at its highest 

threshold (95 percentile, to predict top 5 percentile of costs) when compared to other thresholds 

for high-cost (90 and 80 percentiles, to predict top 10 and top 20 percentile of costs). NNs return 
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better AUCs, followed by the CHAID tree, and C5.0 algorithm. Higher AUCs for NNs using all 

39 attributes verifies proper functioning of DM models and validity of the final MEPS dataset. 

When we remove Visits attributes from the final MEPS dataset, NNs fail to return any results 

because all other attributes are categorical. Both NNs and DTs rank 4 or 5 attributes from Visits 

module at the top of their predictor importance results which shows the overshadowing of other 

34 attributes by this module’s attributes. G-mean and AUC metrics give better trade-off between 

sensitivity and specificity of a classifier, compared to correctness accuracy. 

Supervised modeling (classification) of the separate modules (Demographics, Health, Preventive, 

PrioC, and Visits) by DTs shows that the CHAID tree returns better G-mean compared to the 

C5.0 algorithms. A run of Auto-Classifier algorithm of the modeler shows that for the final 

MEPS dataset, the CHAID tree is the best classifier, returning higher AUCs. The CHAID tree 

better discriminates the true positives from the true negatives. It, therefore, reduces the 

misclassification rates through  the trade-off between models’ sensitivity and specificity. In the 

final MEPS dataset, only 5% of cases belong to true positive group. As such, the non-binary 

CHAID tree model that reasonably deals with outliers and reduces misclassification rate, 

performs better than C5.0 decision tree.   

Supervised modeling (classification) of different combinations of modules by the CHAID tree is 

used to reach to the minimal set of attributes (MSA) (containing 5 to 8 attributes from any of 

Demographics, Health, Preventive, and PrioC modules). We intentionally omit any combination 

with the Visits module. The Visits module has a strong correlation with the target attribute, and 

this relevance is a given fact. When we run the Feature Selection algorithm, it confirms this 

relevance and ranks the Visits attributes at the top 3 or 4 attributes. Our directed approach helps 

to omit these attributes and introduce the MSA that contains no Visits predictor. 
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The results from this study can help health planners to design efficient surveys at local, regional, 

or national levels, and track potential high-cost groups among general population. They can use 

their customized survey results to better allocate scarce health resources to various disease-

management programs and other health initiatives. At a macro level, provincial and federal 

health authorities can use similar insights to portray important demographical variations in health 

expenditures over time, and over different populations. Finally, insurance providers can use the 

MSA from this study along with its validated models, to screen and profile high-risk groups 

according to their future health costs, and to tailor their insurance plans according to varying 

needs of different clients.   

6-2 Research Objectives/ Research Questions  

This study successfully achieves its all three objectives, which includes building different 

predictive models, including DT and ANN to classify top 5% high-cost population; comparing 

the resultant models based on various performance measures; and discovering the minimal set of 

attributes (MSA) that can predict the high-cost population. 

Successful predictive models’ building and evaluation: CHAID Tree as the best classifier. 

With respect to the first research question, we conclude that we can build various predictive 

models to estimate high-cost patients, and compare their performances by a combination of 

Correctness Accuracy, G-mean, and Area under the ROC Curve metrics.  We conclude that the 

CHAID algorithm works more accurate with the MEPS dataset. It returns higher G-mean and 

AUC values compared to other classifiers including DTs and NNs. In the final MEPS dataset, 

when the high-cost threshold is set at 95 percentile (to predict top 5 percentile of costs) in current 

year, the true cases comprise 5% of the population. A G-mean and AUC measure provide a 
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better trade-off between models’ sensitivity and specificity and is superior to correctness 

accuracy.  

Specifying the minimal set of attributes excluding “visit counts” as the trivial attribute  

With respect to the second research question, we recommend the following 8 attributes as the 

MSA in a CHAID tree to predict very high-cost percentile (top 5 percentile of costs) instances 

among the general population: 

1- PCCOUNT: Count of priority conditions diagnosed in an individual  

2- RTHLTH: Perceived health status 

3- ANYLIM: Presence of any limitation (physical, sensory, or cognitive) in individual 

4- CHOLCK: Time elapsed since last blood cholesterol check 

5- BOWEL: Time elapsed since last sigmoidoscopy/colonoscopy 

6- AGE: Age of the individual in years 

7- Region: The US Census region of the individual  

8- Sex: Sex of the individual 

If we remove three of these predictors and keep  five remaining attributes, the AUC  drops only 

by 0.04 degree. Further removal  of any of five remaining attributes reduces the performances 

remarkably. The minimal set of attributes is, therefore, ranked as follows: 

1- RTHLTH: Perceived health status 

2- CHOLCK: Time elapsed since last blood cholesterol check 

3- ANYLIM: Presence of any limitation (physical, sensory, or cognitive) in individual 

4- AGE: Age of the individual in years 

5- BOWEL: Time elapsed since last sigmoidoscopy/colonoscopy 
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It is worthy to note that this minimum set of attributes does not include counts of visits to 

care providers. This is a well-known attribute that has high correlation with the expenditure, 

and does not offer a new insight to the data (i.e. it is a trivial predictor).   We would like to 

predict high-cost patients before they are hospitalized or without knowing how many times 

the patient was visited by care providers. Consequently, the results from this study are useful 

for policy makers, health planners, and insurers to plan and improve delivery of health 

services. 

The minimal set of attributes includes non-trivial and easy-to-survey measures for self-

perception of health, age, along with two preventive health indicators (history of blood 

cholesterol checks, and colonic preventive interventions) and presence or absence of any 

physical, sensory, or cognitive limitations 

6-3 Study Limitations 

The MEPS database is a unique health expenditure data that stores medical spending data for the 

non-institutionalized US population detailed by the sources of payments and destinations of 

health dollars. Its extensiveness is limited by the categorical nature of data it stores, and limits 

application of strong DM algorithms which better work with continuous data. Normalization 

techniques can reshape the categorical data to scale type, but may leave the results less 

interpretable.  

6-4 Future works 

The current research introduces the top predictors estimating an individual’s current year’s total 

health expenditures by classifying her in high- or low-cost population by applying the CHAID 

algorithms on the MEPS dataset. Future research may estimate the likelihood of hospital 

admission for an individual by using the same dataset, or by using new input attributes based on 
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the model’s requirement and literature insights. To get more insight into the MEPS data and its 

potential predictors, researchers may run multiple clustering algorithms on entire MEPS dataset 

for a single panel. Based on revealed patterns, a researcher may test different set of attributes and 

test their strength in estimating cost classes including cost-related targets as hospital admissions.  
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Appendices 

 

Appendix I: Sample Decision Tree diagram for a CHAID tree made on combination of demographics and health status attributes 
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Appendix II : Partial Rule sets for a CHAID tree made on combination of demographics and 

health status attributes 

 

 

RTHLTH <= 1 [ Mode: 2 ]  

 AGE31X = 1 [ Mode: 2 ]  

  SEX = 2 [ Mode: 2 ] => 2.0  

  SEX = 1 [ Mode: 2 ] => 2.0  

 AGE31X = 2 [ Mode: 2 ]  

  SEX = 2 [ Mode: 2 ] => 2.0  

  SEX = 1 [ Mode: 2 ] => 2.0  

 AGE31X = 3 [ Mode: 2 ] => 2.0  

RTHLTH > 1 and RTHLTH <= 2 [ Mode: 2 ]  

 AGE31X = 1 [ Mode: 2 ]  

  ANYLIM = 2 or ANYLIM IS MISSING [ Mode: 2 ]  

   SEX = 2 [ Mode: 2 ] => 2.0  

   SEX = 1 [ Mode: 2 ] => 2.0  

  ANYLIM = 1 [ Mode: 2 ] => 2.0  

 AGE31X = 2 [ Mode: 2 ]  

  ANYLIM = 2 or ANYLIM IS MISSING [ Mode: 2 ]  

   SEX = 2 [ Mode: 2 ] => 2.0  

   SEX = 1 [ Mode: 2 ] => 2.0  

  ANYLIM = 1 [ Mode: 1 ] => 1.0  

 AGE31X = 3 [ Mode: 1 ]  

  ANYLIM = 2 [ Mode: 2 ] => 2.0  

  ANYLIM = 1 or ANYLIM IS MISSING [ Mode: 1 ] => 1.0  

RTHLTH > 2 and RTHLTH <= 3 [ Mode: 1 ]  

 ANYLIM = 2 or ANYLIM IS MISSING [ Mode: 2 ]  

  AGE31X = 1 [ Mode: 2 ]  

   SEX = 2 [ Mode: 2 ] => 2.0  

   SEX = 1 [ Mode: 2 ] => 2.0  

  AGE31X = 2 or AGE31X = 3 [ Mode: 2 ] => 2.0  

 ANYLIM = 1 [ Mode: 1 ]  

  AGE31X = 1 [ Mode: 1 ]  

   SEX = 2 [ Mode: 1 ] => 1.0  

   SEX = 1 [ Mode: 2 ] => 2.0  

  AGE31X = 2 or AGE31X = 3 [ Mode: 1 ]  

   SEX = 2 [ Mode: 1 ] => 1.0  

   SEX = 1 [ Mode: 1 ]  

    AGE31X = 2 [ Mode: 1 ] => 1.0  

    AGE31X = 3 [ Mode: 1 ] => 1.0  

RTHLTH > 3 and RTHLTH <= 4 [ Mode: 1 ]  

 ANYLIM = 2 [ Mode: 1 ]  

  AGE31X = 1 [ Mode: 2 ] => 2.0  

  AGE31X = 2 or AGE31X = 3 [ Mode: 1 ] => 1.0  
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 ANYLIM = 1 or ANYLIM IS MISSING [ Mode: 1 ]  

  AGE31X = 1 [ Mode: 1 ] => 1.0  

  AGE31X = 2 [ Mode: 1 ] => 1.0  

  AGE31X = 3 [ Mode: 1 ] => 1.0  

RTHLTH > 4 [ Mode: 1 ]  

 AGE31X = 1 [ Mode: 1 ] => 1.0  

 AGE31X = 2 [ Mode: 1 ]  

  SEX = 2 [ Mode: 1 ] => 1.0  

  SEX = 1 [ Mode: 1 ] => 1.0  

 AGE31X = 3 [ Mode: 1 ] => 1.0 


