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SUMMARY 
 

This paper used Electronic Health Record (EHR) data in the Chicago Health Atlas 

database, coupled with the Department of Health and Human Services Inpatient Prospective 

Payment System (IPPS) Provider Summary for the top 100 Diagnosis –Related Groups (DRG) 

for 2011 and visualization software to estimate the economic burden, and visualization of 

diabetes in Chicago. 

 

 
Data for this study was obtained from the Chicago Health Atlas (CHA) database. CHA is 

a shared resource with IRB approval to extract data such as diagnoses, medications, and 

laboratory tests for patients seen at six healthcare institutions throughout Chicago. This data is 

extracted from the Electronic Health Record, and is de-identified prior to entry into CHA. 

Patients are assigned a unique cluster ID and were identified as diabetic or pre-diabetic based on 

the American Diabetes Federation standards of medical care in diabetes. EHR data was accessed 

through Structured Query Language queries, using local data extraction methods. Total covered 

charges were calculated, resulting in projected total covered charges, and total payments. Next, 

diabetic/prediabetic patients along with elements of the built environment were visualized using 

ESRI ArcGIS to locate diabetes hotspots along with resource density (resources are defined as 

grocery stores with produce sections, farmer’s markets, and parks) within Chicago. 

 

 
A total of 16,216 diabetic and pre-diabetic patients were identified through CHA. The 

volume of EHR data provided by the participating institutions offers a representative sample of 

the entire city of Chicago. Geographic locations with fewer built environmental resources to 

support a healthy lifestyle were associated with higher prevalence of diabetes/prediabetes. 

 

vii 



I. INTRODUCTION 
 

A. Background 
 

Increasingly, the United States and other developed countries are adopting electronic health 

records (EHR) as a way to reduce medical errors, improve health outcomes, and improve quality 

and convenience of patient care(healthIT.gov, 2013) According to the American Recovery and 

Reinvestment Act (ARRA), which was signed into law by President Obama in 2009, Electronic 

Health Records are defined as an electronic record of health-related information on an individual 

that is created, gathered, managed, and consulted by authorized health care clinicians and staff 

(ARRA, 2009). Electronic Health Records are useful for identifying patients that may be due for 

screenings or immunizations, improving the quality of care, and tracking data over time. 

Electronic Health Records can also provide a metric by which to measure patient parameters and 

compare to the larger population. The use of EHRs in this study is particularly significant 

because it draws on EHRs from several healthcare institutions in a large metropolitan city, and 

allows for visualization of the burden of diabetes in Chicago. In this study, I use the Chicago 

Health Atlas (CHA) database to estimate the cost of illness of diabetes in Chicago based on the 

Centers for Medicare and Medicaid Services (CMS) data of Medicare provider charges. The 

CHA is a shared data resource spanning six large health institutions in Chicago, that provides 

data visualization and extracts diagnoses, medications, and laboratory tests seen at all 

participating institutions, maintaining patient and provider anonymity, and preserving the 

uniqueness of the patients (CHA, 2012). The CMS database provides average covered charges, 

and average total payments. Average covered charges are the provider’s average charge for 

services covered by Medicare for all discharges in the diagnosis-related group (DRG).   Average 

total payments are the average of Medicare payments to the provider for the 

1 
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DRG including the DRG amount, teaching, disproportionate share, capital, and outlier 

payments for all cases (CMS.gov, 2013). 

 

B.Diabetes impact and cost 
 

 

Furthermore, diabetes has reached epidemic proportions in some parts of Chicago. On the 

South Side, for example, Type 2 diabetes is 19.3 percent, which is more than three times the 

overall Chicago average of 7% (Andreachhia and Shine, 2013) Studies have shown a correlation 

between racially segregated communities and community health outcomes that may explain 

disparities in health outcomes, healthcare access, and quality of care (LaVeist, 1993) Carter, 

Nunlee-Bland and Callender, 2011). Disparities also exist among racial/ethnic minorities that can 

create barriers to quality care, and diabetes monitoring and management. This study differs from 

other cost of illness studies because the data utilized in this study is gleaned directly from EHR 

data stemming from routine clinical care, as opposed to other data gathering methods, such as the 

Centers for Disease Control and Prevention (CDC) Behavioral Risk Factor Surveillance System 

(BRFFS). BRFSS is a telephone survey that collects data about health-related risk behaviors, 

chronic health conditions, and use of preventive services across 50 states, and interviews over 

400,000 adults annually (CDC.gov, 2013). Another example, the Agency for Healthcare 

Research and Quality (AHRQ) Medical Expenditure Panel Survey (MEPS) “collects data on 

health services, frequency of use, costs of services, payment methods, and data on cost scope and 

breadth of health insurance”(AHRQ.gov, 2013). This survey consists of a household component 

and an insurance component. The household component collects data from a nationally 

representative sample of households, and is based on self-report (AHRQ.gov, 2013). Self-report 
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as opposed to EHR collection is a key difference in the two information gathering 

methodologies. This paper is particularly important because it differs from BRFFS and MEPS on 

two fronts. First, the CHA data is free from recall bias that may be a confounding factor in 

BRFSS and MEPS. Second, this paper offers an estimate of the economic burden of diabetes at 

the municipal level, whereas BRFSS and MEPS provide state and national survey data. Finally, 

the significance of this paper also lies in the fact that cost and charge data can be compared 

across institutions in Chicago. 

 

 

 

C. Purpose of study 
 

 

Diabetes mellitus is a metabolic disorder that results from the body’s inability to produce 

and/or use insulin. Type 1diabetes, usually classified as childhood diabetes, comprises about 5% 

of the entire diabetic population, and occurs when the body does not produce insulin (ADA, 

2013)
. 
On the other hand, Type 2 diabetes develops when the body ignores or does not produce 

enough insulin, thus prohibiting the body from using insulin to produce glucose (American 

Diabetes Association, 2013). While there are several variations of diabetes, i.e. drug or chemical- 

induced, genetic defects in insulin action etc., this paper is focused on Type 2 diabetes because  

of its high prevalence. African Americans, Latinos, Native Americans, Asian Americans and 

Pacific Islanders are at an increased risk for Type 2 diabetes, which makes up the vast majority 

of the diabetic population within the United States (LaVeist, 2003). Diabetes can lead to several 

complications, including ketoacidosis, neuropathy, eye complications, foot complications, and 

hypertension. As such, diabetes can be quite costly to manage for both patients and healthcare 
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providers (American Diabetes Association, 2013). Diabetes management requires consistent 

patient education in order to address the myriad issues, including blood glycemic control, weight 

management, nutrition, and medication management (LaVeist, 2003). Furthermore, the 

recommendations, according to the standards of medical care in diabetes- include screening, 

diagnostic and therapeutic actions to enhance health outcomes of patients with diabetes (ADA, 

2013). 

 

Researchers are increasingly exploring factors that contribute to diabetes and other chronic 

diseases, including genomics, built environmental factors, diet and lifestyle (Moudon and Daniel, 

2009). Use of geospatial methods to assess chronic disease prevalence is critical to the influence 

of policy, best practice, and continued surveillance of chronic disease (Carter, Nunlee-Bland and 

Callender, 2011) (CDC, 2012). Furthermore, use of geospatial data can provide an avenue by 

which health researchers and policy analysts can measure the availability of built resources such 

as access and distance to health institutions, accessibility of healthful food options, and 

availability of parks and environments for increased physical activity to help prevent metabolic 

diseases (Onsurd, Poole, Rugg, Taupier and Wiggins, 2005). 



 

 
 

 

II. CONCEPTUAL FRAMEWORK 

 

A.R eview of related literature 
 

 

Diabetes research is heavy on genomic and genetic studies, as opposed to studies on the 

contribution of the built environment to the disease. Genome Wide Association Studies (GWAS) 

explore the genetic factors correlated to various diseases. An example is the Use of Diverse 

Electronic Medical Record Systems to Identify Genetic Risk for Type 2 Diabetes Within a 

Genome-Wide Association Study by Abel Kho and colleagues Kho, Hayes, Rasmussen, Tovik et 

al, 2012). This study was particularly significant because it utilized EMR data collected through 

routine clinical care to identify cases and controls and target genomic risks for type 2 diabetes. 

Ultimately, the researchers across the five participating institutions were able to replicate the 

TCF7L2 gene associated with type 2 diabetes. However, exploration of these genetic factors falls 

short of explaining the environmental factors that may be associated with the disease, as well as 

the disparities associated with the disease. In contrast, Patel and colleagues conducted a different 

study looking at environmental factors associated with type 2 diabetes. In this study, the 

“environment” explored consisted of 266 environmental “loci” measured across diabetics and 

controls through the use of environmental assays, utilizing the Centers for Disease Control 

(CDC) National Health and Nutrition Examination Survey (NHANES) (Patel, Bhattacharya and 

Butte, 2012). The difference between the Patel study and this paper is that this paper focuses on 

the external built environment, health disparities and situation awareness coupled with EHR data 
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and the contribution to diabetes prevalence, and economic burden. Situation awareness is 

critical in order to understand how environmental factors impact disease prevalence. Perhaps one 

of the most well-known theoretical situational awareness models was developed by Endsley 

(Endsley, 2000). Endsley defines three levels of situational awareness: 

 

 Perception  of  the  elements  in  the  environment:  This  level  requires  perception of 
 

important information. 

 

 Comprehension of the current situation: This process involves how people combine, 

interpret, store and retain information. Beyond data and bits of information, it 

involves the integration of multiple pieces of information, and prioritization of that 

information relative to the goals or objectives. In the context of public health, 

practitioners must be able to glean the most relevant information, prioritize it, and 

assign meaning to information and data elements. 

 

 Projection of future status of the situation: Ultimately, projection implies a high level 

of understanding of the situation, and timely decision making. 

 

Endsley (2000) also defines situational awareness as “the perception of elements in the 

environment within a volume of time and space, the comprehension of their meaning, and the 

projection of their status in the near future” (Endsley, 2000) (Woodcock & Toy, 2011). More 

simply, situational awareness is knowing what is going on around you, through the interpretation 

of data and information relevant to a given circumstance. In the public health context, situational 

awareness is critical to the enhancement of public health outcomes through the practical 

application  of  actionable  public  health  initiatives  utilizing  effective  information   gathering, 
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interpretation, and analysis. Furthermore, visualization is directly associated with situational 

awareness, as it is the method by which, in the public health context, we are able to familiarize 

ourselves with the built environment, assigning space and location to elements of our 

environment, as well as disease prevalence, progression, and burden. Visualization of public 

health information promotes situation awareness in that it orients us to the factors surrounding 

public health issues, thus allowing us to target vectors that cause disease. From a policy 

perspective, it allows us to identify gaps in public health prevention strategies. 

 

Through the exploration of situational awareness and the application of health data 

collected through EHR to provide data visualization, policymakers and decision makers can be 

equipped with the necessary tools to allocate resources that could potentially decrease the 

prevalence of disease or mitigate gaps in health service allocation or access (Dubowitz, 2011).  

Of particular importance is the use of geospatial technology as a methodological tool to visualize 

the built environment that can impact the risk for chronic diseases such as diabetes. Data 

visualization is being used around the world as a tool for decision support for allocation of public 

health resources. More specifically, health geography is a broad emerging field that uses 

geospatial configuration to explore morbidity and mortality, sites and systems of care such as 

hospitals and health care services, and constructs of wellness, identity and place experience 

Kearns and Collins, 2010). Exploring situation awareness in public health setting is gaining 

popularity within the United States, as well as other developed countries. An example is the use 

of roads networks to map community health centers in Slovenia. Lavrac et al. researched the use 

of GIS data to visualize the Slovenia national road network, and locations of community health 

centers in Slovenia. This access map provided critical information for decision makers to identify 
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areas with low accessibility to community health centers (Lavrac, Bohanec and Pur, 2007). This 

is an example of the use of visualization to address gaps in health care provision. 

 

 

 

B. Electronic health records 
 

 

During the previous and current presidential administrations, the use of EHRs has grown 

exponentially. The Health Information Portability and Accountability Act (HIPAA) enacted in 

2009 is a measure to protect personal health information held by covered entities. According to 

the U.S. Department of Health and Human Services, it specifies the various safeguards to ensure 

the confidentiality and integrity of protected health information (U.S. Department of Health and 

Human Services, 2013). In February of 2009, the Health Information Technology for Economic 

and Clinical Health Act (HITECH) was enacted to promote meaningful use of health information 

technology. It also addresses information security and privacy concerns, and imposes penalties 

for entities that violate HIPAA and HITECH. The US Office of the National Coordinator has 

outlined specific criteria to foster the meaningful use of EHR. Some of those objectives include 

the following: 

 

 Improve quality, safety, efficiency, and reduce health disparities 

 

 Engage patients and family 

 

 Improve care coordination, and population and public health 

 

 Maintain privacy and security of patient health information 
 

EHR implementation is currently being conducted in stages to streamline the process and 

provide incentives for providers and health care entities. Stage 1, which occurred from 2011- 
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2012 focused mainly on wide adoption of EHR for data capture and sharing (HHS, 2012). Stage 

2 of meaningful use scheduled for 2014, involves the advance of clinical process, and stage 3 

slated for 2016 involves the goal of improved outcomes. The significance of EHR 

implementation can be seen currently in areas of public health surveillance, immunization, and in 

various studies of incidence and prevalence of disease (Hripcsak, Soulakis, Li, Morrison, Lai et 

al, 2009). 

 

 

C. Quality of care and cost reduction 
 

Ultimately, EHR and GIS can be leveraged to inform public health policy when  

combined with economic and financial data from healthcare institutions. Health researchers and 

policymakers have studied the economic burden of chronic diseases on society using health 

expenditure data and national surveys and reports from the U.S. government (Olin, Machlin and 

Rhoades, 2008) (Finkelstein, Fiebelkorn and Wang, 2003). Many of these reports aim to estimate 

costs that could be avoided if cases of the disease were prevented (Honeycutt, Segel, Hoerger  

and Finkelstein, 2009). 

 

Furthermore, the use of EHR has cost implications for the overall national healthcare 

expenditures. The expanding Federal deficit has resulted in difficulty controlling Medicare and 

Medicaid expenditures.  According to the CMS,  Medicare spending has  increased by 7.9%    to 

$502 billion in 2008 and 2009. Medicaid spending increased by 4.9% to $374 billion, due to a 

7.4% increase in Medicaid enrollment (CMS.gov, 2011) The unsustainability of this bleak 

economic backdrop has necessitated research into measures that could potentially reduce 

healthcare  spending  and  costs  overall.  Research  has  shown  that  the  use  of  EHR  can     be 
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instrumental in healthcare cost reduction (Payne, Bates, Berner, et al, 2012). More importantly, 

EHR data coupled with data visualization can create an avenue to illustrate health situation 

awareness, therefore targeting “hot spots” of disease and illness for prevention efforts. It also has 

potential to reduce health disparities, particularly for diseases such as diabetes that 

disproportionately impact communities of color through an increase in patient care quality and 

access. An example of the use of EHR to facilitate cost reduction is Kaiser Permanente’s EHR 

implementation geared towards enhanced patient satisfaction, improved workflow and process, 

and streamlining processes and eliminating inefficiencies (Liang, 2010). This work demonstrated 

the positive impact that implementation of EHR can have on entire processes to facilitate better 

health care delivery, and reduce unnecessary costs. On the other hand other research has 

suggested that there may be unintended consequences to the implementation of EHR. High cost, 

low physician/clinician utilization, and inadequate training were some of the obstacles to 

favorable implementation of EHR (Middleton, Bloomrosen, Dente, Hasmat, Overhage et al, 

2013). In response to some of the unintended consequences of EHR, Middleton et al. compiled 

recommendations to improve the usability of EHRs. The authors focused on EHR usability- 

associated medical errors, safe and effective use of EHR, and EHR usability overall (Middleton, 

Bloomrosen, Dente, Hasmat, Overhage et al, 2013). Cebul et al conducted a study comparing the 

use of EHR over paper records for achieving improved quality standards for diabetes practices. 

Overall, the study concluded that achievement of composite standards for outcomes was 

significantly higher, and EHR sites were associated with higher achievement on eight of nine 

component standards (Cebul, Love, Jain, et al, 2011) (Buntin, Burke, Hoaglin, MC et al, 2011). 
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D. Cost of illness studies 
 

 

There are two main approaches used most often to conduct COI studies: attributable risk 

based approach applied to aggregate cost data, and the regression based approach applied to 

individual level cost data.
15 

Using an indicator variable and coefficient estimates, the regression 

based approach models medical spending by attempting to predict individual spending if the 

disease were eliminated. The attributable risk method identifies medical diseases associated with 

the disease in question, and attributable factors are calculated for each condition. It then 

represents the portions of disease prevalence that are caused by the disease in question. These 

reports have used various sources to conduct these studies, such as the Centers for Medicare and 

Medicaid Services (CMS), National Center for Health Statistics (NCHS), and the Medical 

Expenditure  Panel  Survey  (MEPS).  However,  very  little  has  been  documented     regarding 

economic burden of specific chronic diseases at the municipal level. An estimation of disease- 

attributable costs is useful for quantifying the direct and indirect costs associated with the 

disease. This paper puts forth an alternative approach to COI analysis at the municipal level. It 

provides a method of analysis using payer information directly from healthcare institutions, 

which allows for the comparison of costs across institutions in Chicago. This paper uses the 

Chicago Health Atlas database, which will be discussed below, coupled with the Department of 

Health and Human Services Inpatient Prospective Payment System (IPPS) Provider Summary  

for the top 100 Diagnosis –Related Groups (DRG) to estimate the direct cost of diabetes. 

 

The significance of this study lies in the visualization of diabetes diagnoses within the 

Chicago, and the ability to compare cost of treatment and economic burden of diabetes across 

health  care institutions.  The volume of  data  provided  by the  participating institutions  offers a 
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representative sample of the entire city of Chicago, and differs from national studies that focus  

on larger geographical areas, rather than municipalities. In addition, this study allows for the 

visualization of patient location narrowed down to zip code and elements of the built 

environment. This is useful not only for policy and decision makers, but for academic research as 

well. Increasing numbers of healthcare institutions are adopting EHRs in order to be in 

compliance with the Federal mandate to decrease the costs of healthcare through increased 

efficiency of health care delivery. Researchers will have greater access and ability to use data 

mining techniques and geographical information systems (GIS) visualization strategies to carry 

out studies that can measure the burden of illness at a more granular level, and empower 

individuals as well as healthcare providers to develop health situation awareness and thus modify 

behaviors to increase health care outcomes. 

 

E. Justification of patient inclusion from Electronic Health Record 
 

 

Diabetes diagnosis has been historically based on fasting plasma glucose, or the 2-h value 

in the 75-g oral glucose tolerance test (American Diabetes Association, 2013). The American 

Diabetes Association, International Diabetes Federation, and the European Association for the 

Study of Diabetes recommended the use of the A1C test to diagnose diabetes, with a threshold of 

>=6% in 2009 (Diabetes Care, 2012) As mentioned previously, there are increased risk factors 

that contribute to diabetes diagnosis, such as certain ethnic groups, obesity, and other co- 

morbidities associated with diabetes such as hypertension and elevated cholesterol. HA1C has 

also been used to diagnose pre-diabetes. Prospective studies have used HA1C to predict 

progression to diabetes, demonstrating a strong association between elevated HA1C and 

progression  to  diabetes.  Results  from  research  involving  44,203  individuals  from  16 cohort 
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studies with a follow-up of an average of 5.6 years, demonstrated that “with an A1C between 5.5 

and 6.0% had a substantially increased risk for diabetes with 5-year incidences ranging from 9- 

25%. HA1C range of 6.0 to 6.5% had a 5 –year risk of developing diabetes between 25 to 50% 

and relative risk 20 times higher compared with an HA1C of 5.0%” (American Diabetes 

Association, 2013). As I will demonstrate in this paper, pre-diabetes based on HA1C results 

included as part of the criteria for measuring diabetic risk and burden. 

 

Given the prevalence of diabetes worldwide, we can conclude that the costs associated 

with diabetes will continue to grow exponentially. One of the goals of this paper is to estimate 

the Cost of Illness as a measure of the economic burden of diabetes in Chicago. This Cost of 

Illness estimate could potentially serve as a useful tool for policy makers to target interventions 

specifically tailored to diabetes prevention efforts. In addition, the use of geospatial technology  

to illustrate average distance that these diabetic and pre diabetic patients travel to receive care 

helps provide perspective in terms of access to quality healthcare, given the continuous care 

necessary to manage chronic diseases such as diabetes. I use the Chicago Health Atlas Database 

to estimate the direct costs of diabetes for a representative sample of Chicago residents utilizing  

5 different healthcare institutions in the city of Chicago. The Chicago Health Atlas (CHA) is a 

shared data resource with IRB approval to extract data such as diagnoses, medications, and 

laboratory tests for patients seen at six large healthcare institutions throughout Chicago. Data is 

extracted from the Electronic Health Record (EHR), and is de-identified prior to entry into CHA. 

In addition, patients are assigned a unique clusterID. CHA is sponsored by the Otho S. Sprague 

Memorial Institute. Diabetes inpatient cost data was obtained from the Centers for Medicare  and 
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Medicaid System (CMS) Inpatient Prospective Payment System (IPPS) Provider Summary for 

the Top 100 Diagnosis-Related Groups (DRG). 



 

 
 

 

III. DATA AND METHODS 

 

All institutions contributing data to CHA obtained approval from their Institutional 

Review Boards to contribute data. The CHA contains data from 2006 to 2012, and continues to 

amass data at regular intervals. Data extracted contains patient data for all patients above age 18, 

excluding pregnant women. Institutions are randomly coded to preserve integrity of cost 

information. Diabetes diagnosis was classified according to the International Classification of 

Diseases, 9
th 

revision, clinical modification (ICD-9-CM) diagnostic codes. Across sites that 

provided diagnosis codes, patients with ICD-9-CM codes of 250.xx were used. Furthermore, in 

alignment with the appropriate national guidelines defining pre-diabetic patients, these patients 

were identified as those with hemoglobin A1c levels > 5.7, or abnormal blood glucose levels 

(>110 mg/dl). As previously mentioned, patients with HA1c levels greater than 5.7 and or blood 

glucose levels greater than 100 are a significantly higher risk of progression to diabetes (ADA, 

2013).
6  

In this study, patients with ophthalmic disease, cardiovascular disease, or renal disease, 

which could have potentially made up a large percentage of patients with diabetes, were not 

included because charge data from CMS was not yet complete for renal or ophthalmic diagnoses. 

Due to variability in the data collected from each institution, each site was extracted individually, 

and  analyzed  separately  according  to  extracted  data  and  the  charge  data  for  that particular 
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institution. EHR data was accessed through Structured Query Language (SQL) queries, using 

local data extraction and analytical tools described below. The first step in the analysis was to 

prepare the CHA datasets for analysis and to explore associations in the data. First, I extracted 

 

the tables with the appropriate data elements. Data elements extracted are summarized in the 

following table: 

 

 

 

 

 

 

 

TABLE I 

 
 

Demographic Laboratory Diagnosis Payer Site 

Race HA1C 
Diabetes (ICD-9: 

250) 

Insurance Provider 

Information 
Inpatient 

Ethnicity Glucose Hemoglobin   Office 

Gender    Outpatient 

Cluster ID    Emergency 

     
 

 

 

 

 

 

 

 
 

In addition, I used the Department of Health and Human Services Inpatient Prospective 

Payment System (IPPS) Provider Summary for the top 100 Diagnosis –Related Groups (DRG) to 

estimate the direct cost of diabetes. The Centers for Medicare and Medicaid Services (CMS) 

have released data of Medicare provider charges. These are hospital-specific charges from  more 
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than three thousand hospitals receiving payments through the Medicare Inpatient Prospective 

Payment System from the top one hundred most frequently billed discharges. The IPPS contains 

the DRG definition, Provider ID, Provider Name, Provider Street Address, City, State, Zip Code, 

Total Discharges, Average Covered Cost, and Average Total Payments (Medicare.gov, 2013) 

(CMS.gov, 2013). Total discharges are the number of discharges billed by the provider for 

inpatient hospital services. “Average covered charges are defined as the provider’s average 

charge for services covered by Medicare for all discharges in the DRG, and vary from hospital to 

hospital due to differences in charge structure” (CMS.gov, 2013). “Average total payments are 

the average of Medicare payments to the provider for the DRG including the DRG amount, 

teaching, disproportionate share, capital, and outlier payments for all cases. Also included are co- 

payment and deductible amounts for which the patient is responsible” (Medicare.gov, 2013). 

 

IBM SPSS Modeler 10.0 was used to analyze the data. Once the tables were extracted, 

duplicate values were removed and data was cleaned and validated to ensure accurate analysis. 

There was some variability in data collected from each site with regard to laboratory and/or 

diagnosis information used to ascertain diabetes/pre-diabetes. Institution A contained glucose 

labs. Institution C contained both ICD-9-CM codes and HA1c labs. Institution B, Institution D 

and Institution E contain ICD-9-CM codes. I sought to identify patients that were diagnosed with 

diabetes based on the ICD-9-CM code for diabetes (250.xx), and extracted this information for 

Institution A and Institution C. For institutions collecting HA1c data, I created an algorithm that 

selected out patients with HA1c results greater than 5.7. I then re-ran the data audit to ensure that 

the data was clean. 
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Once the data was cleaned, and validated it was useful to perform a distribution analysis 

of the data to explore overall associations and generate descriptive statistics. This information 

was useful in assessing patient payer information, race, age and other demographic factors that 

could contribute to healthcare disparities with regard to diabetes and diabetes care. Distribution 

analysis illustrates payer overlaid by race. Details of the associations will be described further in 

the discussion section. Next, in order to identify pre-diabetic patients for further analysis, I 

selected the unfiltered laboratory data that had been derived to produce HA1c levels greater than 

5.7 and collecting sites. I used the performed an algorithm to ensure that only one value per 

unique cluster ID was included in the analysis to prevent duplicate values within the same year. 

 

For Institution A, patients were extracted according to glucose level in 2011.The unique 

cluster ID, lab value, zip code, payer information, ethnicity, race, and gender was collected for 

each patient. I removed all duplicate values to ensure that only unique laboratory results were 

included in the analysis. There were a total of 6416 unique patients at Institution A. At Institution 

E, patients were identified by unique cluster ID, ICD-9-CM specifying diabetes, race, ethnicity, 

zip code, and payer information. There were a total of 448 unique patients. Descriptive statistics 

include payer distribution grouped by race, and distribution based on race and gender. Institution 

B patients were identified for the year 2009. The deviation in years stems from the fact that 2009 

contained the most complete diagnosis data for each patient. Patients were identified based on 

whether or not they had specific ICD-9-CM diagnosis for diabetes. Variables extracted include 

cluster ID, gender, race, ethnicity, zip code, site of visit and payer information, and there was a 

total of 5815 unique patients. Institution C patients were extracted as well for the year 2011, and 

each patient had an ICD-9-CM code diagnosis for diabetes. Variables included cluster ID, payer 

information, ethnicity, race, zip code, gender, as well as Glucose lab values for that particular 
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visit. There were 841 unique patients. Institution D patients were extracted for the year 2011 as 

well, based on ICD-9-CM diagnosis code for diabetes, and there was a total of 2696 diabetic 

patients at Institution D. Variables extracted included unique cluster ID, payer information, site  

of encounter, and diagnosis. The figures below show the descriptive statistics of diabetic/pre- 

diabetic at each site. Figure 1 shows the descriptive statistics by race/ethnicity at Institution A. 

 

 

FIGURE 1 

 

 
 

*Institution A distribution analysis 
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Figure 2 
 

 
 

*Institution E distribution analysis 
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FIGURE 3.2 

 

 

 
 

 
 

*Institution B patient summary distribution analysis of payer overlaid by race 
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Figure 3.3 
 

 

*Institution B payer distribution analysis 
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Figure 4 

 
 

*Institution C distribution analysis 
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Next, the CMS charge data was prepared for analysis. Using IBM SPSS modeler, I used 

the CMS national charge data and extracted all charge data for the city of Chicago. I then 

selected charge data for each of the 5 institutions that are part of CHA. I then combined the data, 

and selected charge data for diabetes, coded as ‘638 – Diabetes W CC’ in the IPPS-DRG. I then 

aggregated the results, obtaining average covered charges, number of discharges, and average 

total payments for each institution. 

 

In order to assess burden of illness at each institution, the average covered charges and average 

total payments at each institution was projected based on the number of diabetes and pre-diabetic 

patients discharged at each institution. However, I made two assumptions prior to the calculation 

of COI. First, I assumed that the treatment cost did not change during the year. I also assumed 

that the number of diabetic patients would remain stable. Charge and payments were projected 

over ten years. The rationale for ten years is based on studies that have demonstrated that most 

persons diagnosed  with  pre-diabetes can be  expected to  be diagnosed  with diabetes within  10 

years of the pre-diabetic assessment (ADA, 2013)
6 

For the projected treatment cost, the average 

rate of inflation for healthcare for 2011 to 2021 is 2.3 (CBO.gov, 2011) In addition, the 

Congressional Budget Office has determined that healthcare costs between 2011 and 2021 will 

increase at an average annual rate of 5.7% (Keehan, Cuckler, Sisko, Madison et al, 2012). Each 

institutions average charge data and payment data was multiplied by the number of diabetic (and 

pre-diabetic where applicable) patients extracted from the EHR for the year 2011 (2009 for 

Insitution B). 
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VI.RESULTS 

 

 

Calculations for each institution based on number of diabetic and pre-diabetic patients are shown 

in table 1 below: 

 

 

 

 

 

 

 

 

TABLE II 

 

 
 

Institution 

 
Total 

Discharges 

Average 

Covered 

Charges 

Diabetic/Prediabet 

icInstitutionbased 

on Electronic 

Health Record 

Total Covered 

ChargesBasedon 

Electronic Health 

Record 

 
Average Total 

Payments 

Total Payments 

Based on Electronic 

Health Record 

Institution C 25 $39,164.92 841 $32,937,697.72 $8,826.96 $7,423,473.36 

Institution D 46 $18,282.93 2696 $49,290,779.28 $7,773.98 $20,958,650.08 

Institution B 12 $14,308.67 1387 $19,846,125.29 $9,402.42 $13,041,156.54 

Institution E 33 $21,643.55 448 $9,696,310.40 $10,320.30 $4,623,494.40 

Institution A 62 $22,345.21 6416 $143,366,867.40 $7,293.19 $46,793,107.04 

 

 

 

 

 

 

 

 

 

 

TABLE III 

 

 

Institution 

Projected institution 

Diabetic /Prediabetic 

Charges CPI 2021 

Charge with 

Projected Health 

Spending Growth 

average of 5.7% 

Institution 

Diabetic/Prediabet 

ic Predicted 

Payment(2011) 

Projected Institution 

Diabetic/Prediabetic 

Payment CPI 2021 

Charge with 

Projected Health 

Spending Growth 

Average of 5.7% 

Institution C $41,998,499.09 $44,392,413.54 $7,423,473.36 $9,465,589.91 $10,005,128.53 

Institution D $628,501,135.01 $66,432,592.71 $20,958,650.08 $26,724,146.11 $28,221,772.44 

Institution B $25,254,683.71 $26,694,200.68 $13,041,156.54 $16,595,193.21 $17,541,119.22 

Institution E $12,363,659.63 $13,068,388.23 $4,623,494.40 $5,895,367.28 $6,231,403.22 

Institution A $182,805,528.82 $193,225,444.00 $46,793,107.04 $59,665,380.38 $63,066,307.06 
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Next, using ESRI ArcGIS, I created a visual map of the data elements. Patients were 

identified based on zip code location. I created a patient layer in order to visualize where 

majority of patients came from to access medical care. This provided a view of the density of 

diabetic and pre-diabetic patients in various zip code boundaries throughout Chicago. Next, I 

overlaid the 5 institutions onto the map to visualize distance between institutions. In order to 

visualize the built environment, I accessed the City of Chicago Data Portal to obtain shapefiles 

for farmers markets within Chicago. The rationale for visualizing farmer’s markets is the ability 

to purchase fresh fruits and vegetables, and access to produce can mitigate some of the issues 

associated with access to healthful food options. Gallagher conducted a study on food deserts  

that highlighted increased obesity, diabetes and other co-morbidities associated with a lack of 

healthful produce and food options. I also included a layer of Chicago hospitals. The rationale  

for including hospitals was to observe full services healthcare centers where diabetic patients can 

go for care. 
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Legend 

 

Figure 5: Chicago EHR-Identified Diabetic Population and Built Environment 
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V. DISCUSSION 

 

According to the American Diabetes Association, total estimated costs of diagnosed 

diabetes have increased to $245 billion in 2012 from $174 billion in 2007, representing a 41% 

increase over five years. Additionally, government insurance, including Medicare, Medicaid and 

the Military account for 62.4% of cost for diabetes care in the US, with the remainder covered by 

private insurance. Diabetes affects all segments of the U.S. population, and needs to be addressed 

across all ethnic groups. However, the burden of diabetes and its complications are disparately 

carried across racial-ethnic groups. This study and others have demonstrated that there are 

increasing economic costs associated with diabetes, for both patients and providers. (Payne, 

Bates et.al, 2012) (Carter, Nunlee-Bland, Callender, 2011). I have also shown that there are not 

just biological, but psychosocial and environmental considerations for explaining the increased 

burden of diabetes in various communities in Chicago. This study also confirms the ability to 

observe patterns of racial-ethnic disparities in access to diabetes care and also illustrates the costs 

associated with the disease, in addition to ten year projection of costs using EHR data. 

Observation of figure 5 illustrates that in areas of the South Side with high diabetes prevalence, 

the number of full service health care facilities are very few. As a result, diabetic patients must 

travel farther for care. The key aim of this study was to use EHR data to estimate the economic 

burden of diabetes in Chicago. It was also to illustrate the built environmental factors that may 

contribute to increased prevalence of the disease, and highlight increased burden of disease in 

communities of color using EHR data and geospatial technology. 
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This study is significant because, while cost of illness studies have been conducted at the 

national level, a cost of illness study has not been conducted for the city of Chicago. More 

significant is the fact that the study is based on data taken directly from EHR from routine 

clinical care. Another significant factor is the use of CMS cost and charge data based on diabetes 

diagnosis, linking it to the EHR data to provide an estimate and projection of the cost of diabetes 

in Chicago. This study goes even further to use geospatial technology linked to the EHR data to 

visualize diabetes “hotspots” within Chicago, as well as a few key environmental factors that 

studies have shown may be associated with the disease (Wen, Kowalseki-Jones, 2012).  Based  

on the visualization of built elements, I observed that certain zip codes within Chicago with 

higher prevalence of Diabetes also have limited access to full service hospitals, and fewer 

farmer’s markets within a 5-mile radius. In the near future, integration of EHR information and 

access to that information for providers and patients will have major implications on the way we 

deliver care, as well as cost-reduction methods. This study can help highlight areas where policy 

and decision makers can focus resources and additional research to improve public health 

outcomes through efficient and meaningful technologies. 

 

 

 

A. Limitations 
 

 

There were several limitations that, while important, can be addressed and possibly 

resolved through further research. The first limitation of the study was in the completeness of the 

data, as mentioned previously. Institution B contained most complete data from 2009, as opposed 

to 2011. As a result, analysis was done for the year 2009, which was then projected to the year 
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2011. Next, accurateness of projected costs may be skewed because the study assumes that all of 

the patients are still alive at the end of ten years. Thus, costs may be inflated. In addition, the 

study does not include costs associated with co-morbidities linked to diabetes, such as  

ophthalmic issues, cardiovascular disease, amputations, etc. Inclusion of these co-morbidities in 

future research may result in more accurate analysis of cost, as well as a clearer visualization of 

the burden and/or disparities of these comorbidities throughout Chicago. In addition, the study 

does not take into account costs associated with diabetes for small community clinics. This 

information could provide greater insight into the costs for diabetic patients that may not receive 

care at one of the 5 institutions. Another limitation is the fact that dialysis centers were not 

included in this study. 



 

 
 

 

VI. CONCLUSION AND RECOMMENDATIONS 

 

Overall, this study, and similar studies have significant policy implications. The use of 

EHRs will be mandatory in the near future, not just for enhanced quality of care delivery, but for 

cost reduction. Moreover, access to EHR data can be used in academic research and policy 

studies to gather population data on diseases and health status in order to inform resource 

allocation and policies. It has major potential to target disease hotspots, and eliminate many 

health disparities associated with location and socioeconomic factors. With regard to policy, my 

recommendation is an in-depth look into the design of EHRs from vendors to ensure that data 

can be seamlessly extracted and utilized securely for secondary use. This would require  

standards and interoperability across the numerous EHR vendors. It would also require 

collaboration with public health agencies. Currently, public health agencies receive surveillance 

and immunization data from EHRs. However, in the future, EHRs can provide additional vital 

information, such as asthma or other chronic disease diagnoses and other factors that could 

provide insight into illness in specific communities. 

 

Furthermore, I would recommend a closer collaborative relationship between healthcare 

providers at the bedside, and public health agencies using EHR and GIS to provide greater 

insight into population health. This research is limited in scope, as it does not look at other built 

environmental factors, such as restaurant and grocery store quality and ranking, prevalence of 

crime and how it may make physical activity prohibitive, and other factors. Future research will 

analyze  diabetes  prevalence, looking specifically at restaurant  risk ratings, as well as    grocery 
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store ratings and prevalence of grocery stores with minimal produce sections in those 

communities. Ultimately, this additional research will serve to provide a vivid outline of the 

environmental, social and physical factors that may influence prevalence of diabetes, and thus 

economic burden of the disease in Chicago. Finally, access to environmental and cost data in real 

time is ideal for tackling chronic diseases, whose burden may shift over time. Development of an 

internet-based application that can provide cost details as well as patient population statistics for 

chronic diseases such as diabetes, can help policy-makers shift and allocate resources to those 

communities with the most need. The shift from static data to dynamic, useful EHR information 

will then be crucial in the allocation of resources, and reduction of healthcare costs. 
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Appendix 
 

Sample of data, excluding zip code information 
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