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ABSTRACT 

The purpose of this study was to develop and validate a risk-adjustment index for 

one year healthcare resource use specific to diabetic patients, based on severity of illness 

measures; and to profile quality of diabetes care between outpatient clinics. The data for 

this study was collected from four outpatient clinics within the Southern Arizona 

Veterans Affairs Healthcare System, Tucson, AZ. Two retrospective cohorts were 

selected from this VA medical center. The first cohort was randomly divided into two -

a derivation sample and a validation sample. A risk-adjustment index, diabetes resource 

consumption index (DRCI), was developed using the derivation sample and subsequently 

validated in the validation sample. A second cohort was used to evaluate diabetes care 

between four outpatient clinics. 

The DRCI was developed using a sample size of 367 diabetic subjects that had 

complete information on diabetes-specific variables. Individual DRCI weights, based on 

the magnitude of one year healthcare resource use and socio-demographic characteristics, 

ranged from -471.5 to 3.081.2 for total healthcare costs, from -304.3 to 1,582.1 for 

outpatient costs, and -0.19 to 0.93 for risk of hospitalization. The DRCI was better than 

or equivalent to the Chronic Disease Score in predicting health care costs. 

Diabetics in the second cohort were predominantly elderly (mean = 66yrs + 11.1), 

married (61%), white (73%), males (96%), had a high BMI (31 + 6.3 kg/m~), and mean 

comorbidity score of 4.2 + 1.8 conditions. Screening for HbAlc and microalbuminuria 
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was frequently performed in all clinics. Overall, 61% and 36% of study patients did not 

have evidence of foot or eye examinations during the entire study period, respectively. 

Approximately, 27% (n = 408), 41% (n=643), and 26% (n=515) of the study patients had 

poor glycemic (i.e. HbAjC equal or greater than eight percent), renal function (i.e. 

creatinine clearance rate equal or lower than 80 ml/min), and lipid control (i.e. LDL 

cholesterol equal or greater than 135 mg/dL), respectively. Significant differences 

(p<.05) in HbAlc and creatinine clearance rates between the clinics were observed after 

adjusting for patient case-mix. However, differences between the clinics in 

cardiovascular outcome (i.e. LDL cholesterol equal or greater than 130 mg/dL) were not 

observed after adjusting for patient case-mix. 

This study demonstrated an association between diabetes severity with healthcare 

resource and costs. The DRCl, using laboratory data, is a diabetes-specific severity 

measure for prediction of one year healthcare resource use. Future studies are needed to 

validate this index in other settings. Finally, the results from this study emphasize the 

need to adjust for case-mix variable when comparing quality of diabetic care outcomes 

between outpatient clinics. 
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Chapter 1 

Introduction 

1.1 Background 

The quality of health care in the United States presents a paradox. On the one 

hand, it has some of the world's most sophisticated state-of-the art diagnostic and 

treatment technology, while on the other hand, recent .studies have documented serious 

and widespread quality-of-care problems (Institute of Medicine.. 1994; Schuster MA, 

McGlynn EA, & Brook RH, 1998). In tandem with the changes in healthcare in the 

private and public sectors of Medicare and Medicaid, the Department of Veterans Affairs 

(VA) healthcare system has also undergone dramatic restructuring. Some of the key 

changes include use of the principles of evidence-based medicine, to guide practice, and 

adoption of clinical practice guidelines, reduction of unnecessary practice variation, and 

improvement of clinical information management systems (Kizer KW, 2000). In this era 

of cost containment the overall goal of any healthcare system, like the Veteran Health 

Administration (VHA), is to systematize quality of care and thus, eliminate inappropriate 

or unnecessary over-utilization and under-utilization and reduce misuse of healthcarc use 

and eliminate medical errors. 

Diabetes mellitus is a disease with substantial impact on health and society, not 

only due to its high prevalence but also due to its chronic complications and high 

mortality. It is the leading cause of blindness, end-stage renal failure, non-traumatic limb 
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amputations, and cardiovascular morbidity and mortality in the world (Dagogo-Jack S, 

2002). Forecasts have suggested a substantial increase in Type 2 diabetes incidence, 

mainly in Asia, Africa and North America. Thus, an increasing number of people with 

diabetes-related complications will need to be cared for in the future (Henriksson F, 

2002). While diabetes is an important health issue for the entire United States, its affect 

on the Veteran Affairs (VA) population is also alarming. Estimates show that in the 

fiscal year 1994, 12.5% of outpatients in the Veterans Health Administration (VHA) 

received diabetes-specific medications, accounting for almost 25% of all VHA pharmacy 

costs, had a hospitalization rate 1.6 times that of veterans without diabetes, and made 3.6 

million outpatient visits to VA clinics (Pogach LM el al.. 1998). Measurement of 

specific aspects of diabetes care would provide the starting point for quality 

improvement. Once in hand, such information can be used to provide feedback to 

primary care providers with the expectation that this information will induce better 

performance and, ultimately, better patient care. 

The veterans health care system is the largest fully integrated health care system 

in the United States. One of the overarching goals of the current VA is to systematize 

quality management to ensure the provision of consistent and predictable high-quality of 

care across the entire system. Thus, the VHA built an infrastructure to systemize quality 

(Quality Enhancement Research Initiative - QUERI). 
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1.2 Statement of the Problem 

During the past decade, efficacy studies have demonstrated that improving 

processes of care can substantially delay or prevent both the microvascular and the 

macrovascular complications of diabetes (The Diabetes Control and Complications Trial 

Research Group, 1993); (The Diabetes Control and Complications Trial Research Group, 

1995; UK Prospective Diabetes Study Group., 1998) In response to widespread 

deficiencies in diabetes care, guidelines and quality standards have been produced by a 

variety of organizations based on the evidence of such efficacy studies (Clark MJ Jr, 

Sterrett JJ, & Carson DS, 2000). The VHA has developed evidence-based diabetes 

practice guidelines, which are designed to encompass a broad spectrum of outpatient care 

of patients with diabetes. 

Evaluation of diabetes care is an area of high priority for the VA and preliminary 

studies arc being conducted at the QlJERI-diabetes Coordinating Center. However, there 

is a lack of knowledge on the relationship between outpatient diabetes care and patient 

outcomes. It is also not clear whether outpatient clinics differ in the case-mix of diabetes 

patients and whether the difference in case-mix affects the type of care being provided. 

Although, efficacy studies have demonstrated that adherence to certain diabetes-specific 

processes of care can delay the onset of diabetic complications, such evidence has yet to 

be demonstrated in a natural setting like the VA. In addition, the relationship between 

poor diabetes-related clinical patient outcomes and future economic outcomes have not 

been addressed. 
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1.3 Purpose of the Study 

The purpose of this study was two fold; 

1. To determine the relationship between diabetes-related clinical measures and 

healthcare utilization and costs. 

2. To determine the role of case-mix adjustment when profiling quality of outpatient 

diabetes care. 

1.4 Research Objectives 

This research study was designed to answer the following research objectives: 

1. To determine the relationship between healthcare resource use and diabetes-

related clinical measures; 

2. To determine the relationship between hcalthcare costs and diabetes-related 

clinical measures; 

3. To develop a diabetes resource consumption index (DRCI) with empirically 

derived weights, which would correspond to projected healthcare use; 

4. To determine the reliability and validity of the DRCI; 

5. To determine the relationship between diabetes related performance measures and 

patient case-mix variables; and 

6. To examine the variation in diabetes related performance measures between the 

four primary clinics after adjusting for significant patient case-mix variables. 
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1.5 Definitions 

For this study, the following definitions were used: 

Physician's Current Procedural Terminology Codes (CPT): CPT codes describe medical 

or psychiatric procedures performed by physicians and other health providers. The codes 

were developed by the American Medical Association (AMA) to assist in the assignment 

of reimbursement amounts to physician insurance carriers. 

International Classification of Diseases, 9^^ Revision, Clinical Modification (1CD-9-CM): 

A system designed for the classification of morbidity and mortality infonnation for 

statistical purposes, and for the indexing of medical records by disease and operations, 

and for data storage and retrieval. 

1.6 List of Acronyms 

The following is a list of abbreviations or acronyms that arc used in this dissertation: 

AAPCC - Adjusted Average Per Capita Cost 

ADA - American Diabetes Association 

APG - Ambulatory Patient Groups 

BMI - Body Mass Index 

BP - Blood Pressure 

CCI - Char] son Comorbidity Index 

CDI - Chronic Disease Index 

CDR - Cost Distribution Report 
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CDS - Chronic Disease Score 

CHOP - California Hospital Outcomes Project 

CMS - Center for Medicare and Medicaid Services 

CPT - Physician's Current Procedural Terminology 

CSHA - Canadian Study of Health and Aging 

CSI - Computerized Severity Index 

DCCT - Diabetes Control and Complication Trial 

DQDP - Diabetes Quality Improvement Project 

DRCI - Diabetes Resource Consumption Index 

DRG - Diagnostic related group 

DSS - Decision Support System 

EPRP - External Peer Review Program 

HBAiC - Glycosylated hemoglobin AjC 

HCFA - Health Care Financing Administration 

HDL - High Density Lipoprotein 

HEDIS - Health Plan Employer Data and Information Set 

HMO - Health Maintenance Organization 

ICD-9-CM - International Classification of Diseases 9"^ revision. Clinical Modification 

LDL - Low Density Lipoprotein 

NCQA - National Committee on Quality Assurance 

NSQIP - National Surgical Quality Improvement Program 

OCF - Outpatient Care File 



OLS - Ordinary Least Squares 

OQP - Veterans Administration's Office of Quality and Performance 

PCDS - Pediatric Chronic Disease Score 

PIP/DCG - Principal Inpatient Diagnostic Cost Group 

PTF - Patient Treatment File 

QUER] - Quality Enhancement Research Initiative 

RVU - Relative Value Unit 

SAVAHCS - South Arizona Veterans Administration Health Care System 

IJKPDS - United Kingdom Prospective Diabetes Study 

VA - Veterans Administration 

VAMC - Veterans Administration Medical Center 

VERA - Veteran Equitable Resource Allegation 

VHA - Veterans Affairs Health Administration 

VISN - Veterans Integrated Service Network 

VISTA - Veteran's Integrated Health Systems Technology and Architecture system 
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2. Chapter Two - Literature Review 

2.1. Outcomes Research Movement 

During the past two decades, there has been an explosion of interest in measuring 

the outcomes of medical care. The science of measuring outcomes and of integrating that 

process into the routine care of patients has come to be known as the outcomes 

movement (Weeks J, 1997). In recent years, however, there has been increasing attention 

given to the rigorous measurement of health related outcomes such as symptoms, 

functional status, satisfaction with treatment, and health care costs. There is also a 

growing recognition that patient perspectives are essential, both in making medical 

decisions and in judging the results of treatment (Deyo RA et al., 1996). 

Outcomes research may contain a number of different components, including 

analysis of large databases, organized reviews of the literature (e.g., meta-analysis), 

small-area analysis of health care utilization, prospective clinical studies that emphasize 

patient-oriented outcomes of care, development of decision-making analytical models, 

cost-effectiveness studies, and practice guidelines (Laupacis A, Sackett DL, & Roberts 

RS, 1998). Outcome measures routinely used include mortality, morbidity, unnecessary 

hospital procedures, readmissions, patient satisfaction, and health-related quality life. 

Many of these measures are still being refined to better understand their implications and 

when and how they should be u.sed (Greenfield S. 1998). 
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Several factors have led to a growing interest in measuring outcomes of medical 

intervention. The current "movement" originated half a century ago. The period between 

the 1950s and 1960s, has been described as the 'Era of Expansion'(lezzoni LI, 1997) in 

medical care that was characterized by rapid growth in hospital facilities and the number 

of physicians, new developments in science and technology, and the extensions of 

insurance coverage to the majority of the population. With the passage of Medicare and 

Medicaid legislation in 1966, nearly 85% of Americans had some form of medical 

insurance. Medical schools increased in number and produced many new specialists 

trained in the use of sophisticated technology (Relman AS. 1996). An explosion in the 

cost of health care resulted from an increase in the number of physicians, new 

technology, many new hospital beds, and rapidly growing system of health insurance 

plans that readily reimbursed charges. Within two decades after initiating the Medicare 

program, the cost of health care had risen from four to more than 11 % of the gross 

national product, and such a trend continues today. An era of cost containment began in 

the late 1980s when employers, the federal government, and third-party payers led a 

revolt against such costs. The result was prospective payment and managed care, as 

manifested by diagnosis-related groups and health maintenance organizations (Relman 

AS. 1996). The chief cause of the rise in health care costs was increasing volume and 

intensity of medical services being provided in hospitals and outpatient settings. 

During the same time when payers of healthcare were evaluating new schemes for 

the reimbursement of medical care, there was a growing concern regarding the unknown 
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quality and outcomes of medical services. The origins of such concerns were the result 

of the discovery of large geographical variations in the incidence of certain medical 

services, unaccompanied by any discernible difference in patient outcomes (Relman AS. 

1996). Information regarding variations in medical practice became widespread and 

eventually came under the scrutiny of government agencies, insurance carriers, industry, 

the media, and the general public (Keller RB, Soule DN, Wennberg JE, & Hanley DF, 

1990). Both private and public payers of healthcare services are now beginning to 

incorporate the use of clinical outcomes assessment to select providers who perform well 

in areas of quality that can be measured, such as complication and mortality rates, rather 

than simply focusing on costs. However, because significant differences in demographic 

and clinical risk factors exist among patients treated across providers, a medically 

meaningful and statistically reliable risk adjustment tool is needed to make accurate 

comparisons of such clinical outcomes (DesHamais SI. Forthman MT, Homa-Lowry JM, 

^ & Wooster LD, 2000). 

2.2 Risk Adjustment Methods 

2.2.1 What is risk-adjustment? 

Risk adjustment for measuring health and clinical outcomes is a technique used to 

account for differences in patient risk factors that either directly or indirectly affect 

patients' health outcomes. Thus, risk adjustment "levels the playing field," facilitating 

comparisons of groups with different risk characteristics. Controlling for patients' risk 

factors is essential in order to draw useful inferences from observed healthcare outcomes 
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due to treatment effectiveness, provider performance, or quality of care (lezzoni LI, 

1997). 

In prospective randomized clinical trials, researchers have the ability to control 

for some patient risk factors with strict inclusion and exclusion criteria. Randomization 

is another process that involves random assignment of subjects to treatment categories, 

thereby increasing the chance groups that have similar characteristics. However, its not 

always possible to randomize patients or impose strict selection criteria. Health outcome 

studies are often non-experimental or quasi-experimental in design and need to account 

for the effects of confounding, i.e. a distortion of the true relationship between the 

treatment and the outcome. Risk adjustment is a way to remove or reduce the effects of 

confounding. 

The classic epidemiological definition of a confounder (also known as 

confounding factor) is a variable that is independently associated with both the treatment 

and the outcome, but is not in the causal pathway between the treatment and the outcome 

under study (Hennekens CH & Buring JE, 1987). Figure 2.1 illustrates the 

interrelationship between a treatment (referred to as exposure in epidemiology), a 

confoundmg factor, and outcome (or disease). There are three widely accepted 

characteristics of a true confounder (Schelsselman JJ, 1982). First, while the potential 

confounding factor must be by definition predictive of the occurrence of the outcome 

under study, the association need not be causal. Second, the potential confounder must 
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be predictive of the outcome independent of its association with the treatment under 

study. In other words, the confounder cannot be related to the health outcome only 

through its association with the treatment. This means that there must be an association 

between the confounder and the outcome even among non-treated individuals. The last 

characteristic of a potential confounder is that there cannot be an intermediate link in the 

causal chain between the treatment and outcome under study. This distinction is often 

made by postulating the biological mechanisms underlying the relationship between the 

treatment-effect with the outcome. 

Figure 2.1. Interrelationship between a treatment, confounding factor, and 
outcome. 

Treatment Health Outcome 

Confounder 

Four factors generally account for observed differences between patient groups in 

their health outcomes, (1) differences in significant risk factors among patients 

(confounders). (2) differences in how well available data sources represent these risk 

factors (validity and measurement error), (3) random variation (unknown or un-captured 

variables), and lastly (4) differences in the effectiveness of the health services or 

treatment provided (true effect). Researchers are most interested in isolating the true 
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effect, i.e., the effect of specific healthcare interventions or provider performance. To 

isolate effectiveness, risk-adjustment models therefore should incorporate these patient-

specific ri.sk factors that could significantly influence the outcome of interest. The data 

on which the model is based should be pertinent, accurate, and unbiased. Finally, the 

investigator must consider random variation (i.e. the role of chance). 

When making comparisons between interventions (e.g. treatments, disease-

management programs) it is important to include a spectrum of relevant outcomes (both 

positive and negative, and long-term and short-term) for fully assessing the effectiveness 

of the intervention. Positive outcomes include improvement in functional status, 

prevention of death, lowered costs, etc. Negative outcomes include complications of 

treatment, morbidity, mortality, and higher costs. However, measurement of all relevant 

outcomes may not be possible either due to logistical reasons and/or confined to those 

that are available from existing data sources. 

2.2.2 Application and Importance of Risk-Adjustment 

In the literature, risk-adjustment has been broadly categorized by its two distinct 

applications; 

a) Adjustment by patient characteristics to predict utilization and or cost of care that an 

individual would use (van de Ven WP, van Vliet RC, Schut FT, & van Bameveld 

EM, 2000); and 
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b) Adjustment by patient characteristics in comparing health outcomes (e.g. death and 

disability) after medical intervention (lezzoni LI. Shwartz M, Ash AS, Mackieman Y, 

& Hotchkin EK. 1994). 

Risk adjustment typically begins by identifying characteristics that are associated 

with the outcomes under study. Data that contain these characteristics and outcomes are 

analyzed to determine the relative weights that explain the outcome of interest given by 

specific levels of various characteristics. Subsequently, this weighting scheme or risk-

adjustment formula, is then used prospectively to predict the outcome for specific 

individuals with a set of specified characteristics. 

Risk adjustment is used as a tool for setting fair reimbursement rates for health 

plans (e.g. insurance premiums) and providers (e.g. capitation rates, usually in the form 

of a flat annual payment for each individual cared for) given different mixes of "health 

risks." Risk-adjustment would not be necessary if individuals randomly chose health 

plans or if only one health plan (e.g. National Health Insurance) was offered to everyone. 

In the first instance, all insurers would enroll roughly equal shares of poor and good 

health risks. Some patients will be less expensive to care for than others, but on average, 

the total cost of caring for patients would be the sum of average per patient expenditures 

multiplied by the number of patients covered. In reality, patients do not randomly choose 

health plans. Differences in the design of benefit packages and the ability of individuals 

to often choose among several plans results in people who require or demand more health 
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care services become likely to select more generous plans. Plans in which high users are 

concentrated will be at a cost disadvantage independent of how efficiently they provide 

care if they are paid the average per patient cost. Risk-adjustment is serves two purposes 

in this instance. First, if health plans and health care providers are under-reimbursed 

when they care for a large number of sick (and therefore expensive) patients, they have a 

financial incentive to avoid enrolling these individuals. When insurers deliberately seek 

to provide coverage only to the healthiest individuals to minimize the costs they expect to 

incur, they are participating in a practice referred to as risk-selection (van Bameveld EM, 

Lamers LM, van Vliet RC, & van de Ven WP, 1998). Risk adjustment can be used to 

ensure that providers are compensated appropriately for the number and types of patients 

they see (also known as case-mix) and thus reduce the incentive for risk .selection (Hall 

MA, 2000). Secondly, because it may be difficult to tell at enrollment who will be 

expensive, health plans and providers who are not adequately reimbursed for sicker 

people may reduce their costs by getting such people to disenroll. 

The second application of risk-adjustment has widely been used to ensure 

accurate profiling of the practice patterns and resource utilization of physicians, medical 

groups, and hospitals (Goldfield N, 1994). In such instances risk-adjustment allows for a 

fair comparison to be made when the case mix is different. For example, in a study of the 

costs of obstetric care at eight Southern California Kaiser hospitals, the evaluation team 

controlled for case mix to determine which hospitals were most efficient (Finkler MD & 

Wirtschaftler DD. 1991). That is. they removed patient factors that influence the cost of 
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treatmenl. independent of the care provided. The study found that staffing (i.e. the 

proportion of deliveries performed by midwives) and occupancy were more important 

than cesarean rates in determining case-mix adjusted outcomes, using a severity 

adjustment model. They also found that outcomes were unrelated to costs. Controlling 

for differences in patient, by risk adjusting, allows providers to be compared on an equal 

footing. 

In addition to health care resource use, mortality and morbidity rates have been 

widely used as part of performance reports of hospitals. The Health Care Financing 

Administration (HCFA), which is now known as the Center for Medicare and Medicaid 

Services (CMS), was one of the first agencies that started reporting hospital-specific 

mortality rates in order to compare the performance of hospitals that were serving 

Medicare patients (Rosen HM & Green BA, 1987). In particular, post-operative 

mortality has been used to evaluate the quality of surgical care (Daley J et al., 1997). 

Morbidity measures generally include adverse event (e.g. complications during a hospital 

stay ), which have also been used as performance measures when comparing 

interventions, facilities, or provider-care. For example, the California Hospital Outcomes 

Project (CHOP), which was created by an act of the state legislature in 1991 publishes 

annual reports on risk-adjusted hospital outcomes for medical, surgical, and obstetric 

patients. The morbidity outcomes include post-operative complications for diskectomy 

and delivery, post-operative length of stay for diskectomy, and readmission within six 

weeks for delivery. 
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2.2.3 Risk-adjustment formulas and indices 

In general, different risk-adjustment methods are used depending upon the above 

two stated primary purposes, i.e. in predicting future costs and profiling quality of care. 

The reason this separation is made is because certain methods of risk-adjustment tools 

were designed to predict resource consumption and are, therefore, more appropriate for 

reimbursement considerations. Whereas others were developed to account for patient 

case-mix and related risk-factors that affect the outcomes studied in profiling quality of 

care. Certain indices capture risks that influence both resource consumption (e.g. length 

of stay) as well as quality of care (e.g. percentage of diabetic patients with normal 

hemoglobin levels). This section will briefly discuss few examples of risk adjustment 

formulas and indices that have been used to either set prospective payment rates, or 

measure quality of care. 

2.2.3.1 Risk-adjustment measures used for setting prospective payment 

The primary purpose of risk-adjustment formulas for determining capitated 

payments is to accurately predict total resource consumption over a period of time. A 

payment mechanism whereby an organization receives a fixed, pre-specified amount of 

money per time period (e.g., month, year) for each individual for which it is responsible 

for meeting defined health needs (e.g., primary care, primary and secondary care) is 

known as a capitated payment.(Feldstein PJ, 1999) As capitated payment has become 

more common with the growth of HMOs and expansion of the Medicare program, 

assessing annual costs of care (i.e. a year of utilization for a "covered life") has become a 
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priority to ensure both a fair payment and reduce incentives for "cream skimming." 

Cream skimming is defined as a process whereby an insurer tries to select the most 

favorable individuals with expected loses below the premium charged (or the capitation 

payment received) in order to increase profits (Americas Health Sector Reforms 

Organization, 2002). Cream-skimming can thus make it difficult or impossible for 

individuals with high expected losses to purchase private insurance. Thus, risk 

adjustments are used to more accurately determine payments when care is delivered. In 

its simplest form, risk adjustment uses a person's diagnosis in one year and predicts costs 

the next year. For example, a person who has appendicitis in one year is not expected to 

have higher than average costs the following year because this condition is short term. 

On the other hand, if a person has a stroke, additional costs beyond the average are 

predicted and a plan would receive a larger payment to cover the additional costs of 

providing care. 

Risk adjustment play a role in may health insurance programs. For example. 

Medicare pays HMOs a monthly capitated amount for the medical care of each enrolled 

Medicare beneficiary. A majority of the payment is based on Medicare's historical 

adjusted average per capita cost (AAPCC) system (Hornbrook MC, Bennett MD. & 

Greenlick MR, 1989), and the remaining part of the payment is based on the principal 

inpatient diagnostic cost group (PIP/DCG), more commonly referred to as Diagnostic 

Related Groups (DRGs), risk-adjustment model developed by researchers from Johns 

Hopkins (Pope GC et al., 2000). The AAPCC uses age, gender, welfare status. 
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institutional status, and county of residence to adjust for expected differences in cost, 

whereas the PIP/DCG is based on inpatient hospital diagnoses. The method of AAPCC 

method of adjustment has been widely criticized both for its limited predictive power (it 

explains one percent of the variation in individual costs) and the county adjustment 

factor, which gives higher rates to parts of the county that have uncontrolled Medicare 

spending (Kemka JM, 2000). Research has shown that in order to explain up to 25 

percent of the variance in annual health care spending for a random sample of a 

population, self-assessed health status measures need to be incorporated in a risk-

adjustment formula (Fan VS et al., 2002). 

The PIP/DCG risk-adjustment model groups hospital inpatient diagnoses into 

categories according to total predicted costs of each diagnosis in the next year. Inpatient 

diagnosis have been shown to be a good proxy of severity of illness, and has been 

correlated with self-assessed health status measures (Kemka JM, 2000). Overall, the 

inpatient-hased risk adjustment is practically feasible as inpatient diagnoses are more 

easily and cheaply obtained. The principal diagnosis has also been shown to be accurate 

and easier to audit and verify, and their quality of recording is more nearly uniform 

across different systems (Pope GC et al., 2000). New risk-adjustment methods are 

continuously being developed that categorize patients into groups based on their current 

health status and anticipated disease. These methods attempt to account for the 

distribution of the essential components of costs to deliver healthcare services to an at-

risk populations (Kemka JM, 2000). 



34 

2.2.3.2 Risk adjustment measures used for profiling quality of care 

As mentioned before, risk-adjustment has also been used to ensure accurate 

profiling and comparison of practice patterns of physicians, medical groups, and 

hospitals. The primary concern of risk-adjustment indices in this case is to adjust for 

differences in the patient populations treated by each of these groups to ensure a fair 

comparison. The validity of such studies depends greatly on how well they control for 

differences in the ca.se mix of the patients treated. For example, if teaching hospitals treat 

the most difficult cases, their lengths of stay would be expected to be longer and costs 

would be higher. However, if comparisons were made with similar types of patients (i.e., 

patients with the same medical problems) among institutions, the costs at teaching and 

non-teaching hospitals might be different. 

Morbidity and mortality measures have been traditionally used as outcomes when 

comparing quality of care between facilities, providers, etc. Thus, variables that predict 

these outcomes need to be adjusted to make unconfounded comparisons. It is however, 

not possible, either conceptually or technically, to construct an all-inclusive index to 

measure the quality of health care. Severity of an illness has shown to be a good 

predictor of outcomes, and hence a variable to consider when examining quality of care 

between hospitals. Therefore, indices that specifically capture the severity of an illness 

have been widely used when comparing quality of care between health care facilities. 

Severity of an illness is affected by the actual state of the illness (e.g. hemoglobin A]C 

level in a diabetic patient), an intrinsic component and the number of co-morbid 
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conditions present, an extrinsic component. Thus, in theory, a severity of illness based 

index should capture both the intrinsic and extrinsic attributes. Severity based indices are 

broadly classified into three categories, depending on the source of data that was used to 

develop them. They are (1) inpatient based measures (e.g. computerized severity index -

CSI, Charlson comorbidity index - CCI); (2) outpatient based measures (e.g. Ambulatory 

Patient Groups - APGs); and (3) pharmacy based measures (e.g. chronic disease score -

CDS, chronic disease index - CDI). These risk adjustment systems have been described 

extensively in the health services literature and an overview^ is presented here. 

In-patient based severity of illness measures 

a) Computerized Severity Index (CSI) 

The CSI from Health Systems International, Inc.,(Horn SD, 2002) uses detailed 

clinical data abstracted from patient medical records. The CSI combines more than 

10,3001CD-9-CM codes into more than 820 disease groups, which serve as the CSI's 

diagnostic units. Criteria are arrayed in the form of a severity matrix for each disease 

group, which lists both the specific clinical criteria and the severity level ascribed to each 

criterion. The CSI system first calculates a disease-specific severity level for each 

diagnosis assigned to a patient. It then determines the patient's overall severity score, 

which ranges on an ordinal scale from one (minimum severity) to four, as a function of 

the disease-specific scores. CSI is intended to be applied retrospectively (following 

discharge) and to yield three severity scores for each case, i.e. admission severity score, 

maximum severity score, and discharge severity score. An admission severity score is 
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calculatcd based on medical record data covering the first 48 hours of a patient's stay. 

Accurate assessment necessitates designation of which ICD-9-CM codcs pertain to this 

period and the CSI software allows the reviewer to flag those discharge diagnoses were 

present upon admission. Patients who expire during the admission period are assigned an 

overall admission score of 4. The patient's maximum severity level is calculated using 

the most deviant values for the relevant clinical variables without regard to when the 

observations were made. For example, serum potassium value could be drawn from day 

one, arterial oxygenation from day two, and hematocrit from day three, if the most 

aberrant values occurred on these different days. Thus, it represents a composite view of 

all derangements over the entire hospitalization rather than a picture of a single day or 

moment. All patients who expire during hospitalization are assigned an overall 

maximum severity of four. Discharge severity involves the last calendar day plus the 

preceding 24 hours. All diagnoses are considered to determine whether each has resolved 

or returned to a low severity level. 

The same set of researchers developed an ambulatory portion of the CSI, and then 

a long-term care risk adjustment tool. They now have several components including the 

inpatient component, ambulatory component, long-term care component, rehabilitation 

component, and hospice component. They called this severity of illness measure as the 

Comprehensive Severity Index measurement software system that classifies patients 

according to their severity of illness, which is defined as the physiologic complexity 

comprising the extent and interactions of a patient's diseases presented to medical 
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personnel (Horn S, 1997). The severity of illness scores range from one to four and are 

based on the degree of abnormality of individual signs and symptoms of a patient's 

disease or diseases. Thus, they are based on physiologic measures of a patient's 

condition, and not just on diagnostic information (1CD-9-CM coding). In particular, it 

includes disease-specific, setting-specific, and age-specific criteria and weighting systems 

to measure severity for inpatients, ambulatory patients, hospice, rehabilitation, and long-

term care patients, for all diagnoses and ages of patients, adult and pediatric. It can be 

used for data with any ICD-9-CM diagnostic and procedure codes and includes severity 

criteria for all diagnoses. It has been used to predict severity-dependent outcomes, 

including mortality, morbidity (change in severity from admission to later in the stay), 

complications (infections, post-op stroke, AMI, etc.). cost, length of stay, and admission 

to a critical care area. The Comprehensive Severity Index stratifies patients of all ages 

into homogenous severity of illness groups. There are more than 23,500 separate criteria 

sets corresponding to diseases (aggregates of similar ICD-9-CM codes), age groups, and 

care settings. The choice of disease-specific, setting-specific, and age-specific severity-

leveled criteria to be included in this index was based on the clinical judgment of expert 

physicians, the literature, and medical textbooks, not on statistical regression analysis. 

Thus, the calculation of severity is not influenced by historical data that incorporates 

possibly inefficient medical practices of the past. The Comprehensive Severity Index 

criteria are independent of treatments and are not tied to any particular outcome, e.g., 

mortality. Published work by several researchers has shown these severity scores to be 
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among the best predictors of outcomes such as cost, LOS, mortality, resource utilization, 

and complications (Alemi F, Rice J, & Hankins R. 2002; Averill RF et al., 1992). 

b) Charlson Comorbidity Index (CCD and its adaptations 

The Charlson comorbidity index (CCI) defines comorbidity as the total burden of 

illnesses unrelated to the patient's principal diagnosis (Rochon PA et al., 1996). The CCI 

is one of the most widely used comorbidity rating systems (Charlson ME, Pompei P, Ales 

KL, & MacKenzie CR, 1987). It uses a weighted index that was developed and validated 

to predict one year mortality after taking into account the number and seriousness of 

comorbid diseases from medical record review. The one year mortality rates for the 

different scores range from zero to five, and each increased level of the comorbidity 

index is correlated with the increased cumulative mortality, attributable to the comorbid 

disease. 

Katz and colleagues were concerned about the logistics and expense of paying 

trained abstractors to gather medical record information for the CCI (Katz JN, Chang LC, 

Sangha O, Fossel AH. & Bates DW, 1996). They developed a questionnaire containing 

the Charlson comorbidity factors that was either self-administered or answered during an 

interview. Charlson scores from patient-generated data compared with medical record-

derived scores produced a Spearman correlation coefficient of 0.63. Kappa statistics 

indicating agreement between patients' reports of individual comorbidities and medical 

record evidence of comorbidities ranged from 0.35 to 0.85. Relative costs of the various 
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versions were esiiinated as $0.93 for mailed, self-reported questionnaires, $1.67 for 

patient interviews, and $3.50 for chart abstraction. With the availability of administrative 

data, the CCI was adapted for use with 1CD-9-CM administrative data. Several 

ahernative adaptations of the original Charlson index have been developed, including 

adaptations produced by Deyo et al. (Deyo RA, Gherkin DC, & Ciol MA, 1992), by 

D'Hoore et al. (D'Hoore W, Bouckaert A, & Tilquin C. 1996), and by Romano et al. 

(Romano PS. Roos LL, & Jollis JG, 1993). Each adaptation consists of sets of ICD-9-

CM diagnosis codes (and some 1CD-9-CM procedure codes) associated with each of the 

prognostically cogent comorbid conditions identified in the original index. The Deyo et 

al. adaptation uses secondary diagnoses as indicators for 17 categories of comorbid 

illness originally identified by Charlson et al. as important predictors of mortality. The 

comparative perfonnance of the Deyo et al. and the Romano et al. adaptations of the 

Charlson Index has been evaluated in several studies (Ghali WA, Hall RE, Rosen AK, 

Ash AS, & Moskowitz MA, 1996; Cleves MA, Sanchez N, & Draheim M, 1997) These 

studies concluded that only minor differences exist between the methods in the amount of 

comorbid illness that is identified and that the methods achieve essentially equivalent 

levels of predictive and explanatory power. The Deyo-CharJson and the Romano-

Charlson comorbidity indices have been used to assess short-term mortality after 

hospitalization among Medicare patients admitted to one of six medical diagnoses (back 

pain, stroke, pneumonia, hip replacement, transurethral radical prostatectomy, or lysis of 

peritoneal adhesion) (Cleves MA et al., 1997). In another study of Medicare 

beneficiaries suffering from chronic obstructive pulmonary disease (COPD), the 
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researchers showed that higher comorbidity, as measured by the Deyo-adapted Charlson 

index, was associated with higher expenditures (Grasso ME, Welier WE, Shaffer TJ, 

Diette GB. & Anderson GF, 1998). The Deyo-adapted Charlson index has also been 

used to adjust for underlying comorbidity status of diabetics in order to make a valid 

comparison on the quality of diabetic care between medical facilities (Zhang Q et al., 

2000). 

Outpatient based severity of illness measure 

With the rapid growth of outpatient service use in Medicare, there was a demand 

for outpatient based risk-adjustment tools to replace the inpatient based indices. This led 

to case-mix tools such as the ambulatory patient groups (APGs). In general, these 

outpatient based adjustment indices contain diagnoses and/or procedures that capture 

clinical and resource consumption and thus can be used to improve understanding of 

resource use and aspects of quality improvement in outpatient activities. 

Amhulatory Patient Groups (APGs) 

Ambulatory Patient Groups (APGs) were developed by 3M Healthcare 

Information Systems, funded by HCFA that could be used for ambulatory care 

prospective payment (Duncan DG & Servais CS, 1996). APGs were developed from 

statistical data derived from large claims-based data sources and compared with clinical 

judgment. The classification system was designed for the entire population, not just 

Medicare beneficiaries, and is based on the CPT-4 procedure codes and ICD-9CM 
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diagnosis codes. The end result was a clinically consistent group of patient classes that 

were homogenous in resource use. There are 145 procedure APGs, 80 medical APGs, 

and 72 ancillary service APGs, for a total of 297. Patients assigned to a specific APG 

share similar clinical characteristics and resource usage patterns. APGs form the basic 

building blocks of a outpatient based visit that can allow health care organizations to use 

them for contracting and physician-profiling purposes. 

Pharmacy based severity of illness measures 

Assessment of underlying comorbidity in large patient populations relied heavily 

either on direct methods of assessing disease prevalence or using computerized diagnoses 

codes such as the ICD-9-CM, DRGs, or the CPTs. These coding schemes are often 

plagued by coding errors, incompleteness, misdiagnoses, or clerical mistakes (Motheral 

BR & Fairman KA, 1997). Prescription medication databases were developed as 

alternate methods to indirectly assess disease prevalence and comorbidity. These 

databases have shown to be generally complete, accurate, and reliable (West SL et al., 

1994). The following two severity-of-illness indices are pharmacy data based risk-

adjustment tools and have been successfully used to quantify chronic disease status. 

a) Chronic Disease Score (CDS) 

The Chronic Disease Score (CDS) is a pharmacy-based severity measure that was 

developed from use of selected prescription medications during a one year period using 

an automated pharmacy data, to provide a measure of chronic disease status (Von Korff 
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M, Wagner EH, & Saunders K, 1992). A multidisciplinary group including physicians, 

pharmacists, epidemiologists, and health services researchers defined consensus scoring 

rules for the CDS. The score should increase with the number of different chronic 

diseases under treatment and complexity of the regimen, but not with the number of times 

a particular class of medication, so as to capture different comorbid chronic diseases. 

Potentially life-threatening or progressive diseases receive a higher score than stable and 

benign diseases. Finally, medication regimens contributing to the score target diseases 

and not symptoms. The expert panel identified chronic conditions and medications that 

contributed to the CDS, and reached an agreement on a weight that should be assigned 

for a given pattern of medication use. Table 2.1 shows the medication and therapeutic 

classes that were used to indicate the presence of a chronic illness as specified in the 

CDS. 
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Table 2.1. Chronic diseases and associated medication classes used to form the CDS 

Chronic Disease Medication or Medication Class 
1. Coronary and peripheral vascular disease Anticoagulants, Pentoxifylline. Ticlopidine 

2. Epilepsy Anticonvulsant barbiturates and congeners, 

Phenytoin and combinations, Misc. anticonvulsants 

3. Hypertension ACE inhibitors. Alpha blockers. Antihypertensive 

vasodilators. Beta-adrenergic blockers. Calcium 

channel blockers, Clonidinc, Diurctics thiazides. 

Ganglionic blockers, Guanethidine, Methyldopa, 

Rouwalfia alkaloids 

4. HIV Zidovidine (AZT). Didanosine (DDI), Zalcitabine 

(DDC), Pentamidine, Rifabantin, Atovaquone 

5. Tuberculosis Antitubercular antibiotics 

6. Rheumatoid arthritis Systemic corticosteroids. Gold salts. 

Hydroxychloroquin 

7. High cholesterol Antilipemics 

8. Malignancies Antineoplastics ( taxol, interleukins). Colony-

stimulating factors. Antinausea misc., ondansetron 

9. Parkinson's disease Autonics L-Dopa, Selegiline 

10. End Stage Renal Disease Marrow stimulants, erythropoietin 

11. Heart disease Beta-adrenergic blockers, calcium channel blockers. 

Disopyramide, Vasodilator nitrates. Digitalis 

glycosides. Loop diuretics. Procainamide, 

Quinidine, Class 1A antiarrhythmics, Class IC 

antiarrhythmics, Class 1 I antiarrhythmics 

12. Diabetes Insulin, Sulfonylureas 

13. Glaucoma Diuretic Carbon, Anhydrase-inhibitors, Ophthalmic 

beta blockers, Ophthalmic miotics 

14. Cystic fibrosis Mucolytics, Pancreatic enzymes 

15. Renal disease Potasium removing resins, Kayexelate 

16. Liver failure Ammonia detoxicants 

17. Ulcers Histamine H2 blockers Prostaglandin, misoprostil. 

Proton pump inhibitors, omeprazole 

18. Transplants Cyclosporine-A, Azathioprine 

19. Respirator)' illness, asthma Beta agonist bronchodilators. Xanthines, Cromolyn, 

Inhaled corticosteroids 

20. Thyroid disorder Thyroid replacement antithyroid agents 

21. Gout Colchicine, Uric acid inhibitors 

22. Crohn's disease and inflammation of bowl Sulfasalazine, Olsalazine, Mesalamine 

23. Pain and inflammation Nonsteroidal anti-inflammatory medications 

24. Depression Tricyclic antidepressants, Monoamine oxidase 

inhibitors SSRl, fluoxetine 

25. Psychotic illness Butyrophenones, Phenothiazines, Antipsychotic 

misc.. Thiothixene 

26. Mania Lithium 

27. Anxiety/tension Benzodiazepines, Meprobamate, Anti-anxiety misc. 

28. Pain Narcotics 
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In a pilot test sample of high utilizers of ambulatory health care, the correlation 

between CDS with physician ratings of disease severity was found to be moderate (r = 

0.46 to 0.57). In a total population analysis, the CDS was found to predict hospitalization 

and mortality in the following year after controlling for age, gender, and health care 

visits. 

The original CDS scoring was evaluated only for persons aged 18 years or older, 

and was based on expert judgment. The Chronic Disease Score (CDS-revised) (Clark 

DO, Von Korff M, Saunders K, Baluch WM, & Simon GE, 1995), and Pediatric Chronic 

Disease Score (PCDS) (Fishman PA & Shay DK, 1999), were subsequently developed 

that were for pediatric individuals and based on empirically derived weights. The revised 

CDS is a weighted index that takes into account the patient's age and gender and 28 

diagnoses (comorbid conditions) as derived from the classes of medications that are used. 

The weights are disease specific and are derived from regression models analyzing the 

effect of specific chronic conditions on total healthcare use and costs. A person's CDS is 

the sum of the weights corresponding to the different medication classes, regardless of 

how many different medications he or she is taking within a given class. The CDS 

weights are presented in Table 2.2. These weights were used to derive an estimate of an 

individual's 6-month cost and visits. PCDS classifies children less than 17 years of age 

into 26 chronic disease categories by using automated pharmacy data. The PCDS has 

been shown to explain approximately 17% of the prospective individual ambulatory 

costs. 



Table 2.2. Chronic Disease Score weights for health care utilization and cost 

Healthcare Resource Use 
CDS Variables Total Cost Outpatient Outpatient 

Cost Visits 
Inlercept 2011.4 539.0 1.44 

A. Age 
18-24 -1684.8 -283.7 -0.41 
25-34 -1592.7 -215.8 -0.24 
35-44 -1704.8 -239.3 -0.29 
45-54 -1616.4 -208.8 -0.24 
55-64 -1418.2 -147.5 -0.20 
65-74 -967.0 -24.9 -0.06 
75-84 -505.3 27.2 0.18 

85+ 0 0 0 
B. Gender 

Male -74.3 -108.2 -0.33 
Female 0 0 0 

C. Comorbidity 
1. Coronary and peripheral vascular disease 1932.3 587.3 0.61 
2. Epilepsy 771.5 402.2 0.29 
3. Hypertension 64.3 84.0 0.34 
4. HIV 4853.2 2368.7 3.53 
5. TB 5109.8 834.0 0.59 
6. Rheumatoid arthritis 1199.6 454.6 0.71 
7. High cholesterol 293.4 302.1 0.32 
8. Malignancies 1940.2 903.6 -0.10 
9. Parkinson's disease 2114.4 1155.6 0.45 
10. End Stage Renal Disease 2192.8 3196.7 1.17 
11. Heart disease 789.1 230.2 0.40 
12. Diabetes 1108.4 423.9 0.91 
13. Glaucoma 351.7 330.7 0.18 
14. Cystic fibrosis 2341.6 365.6 0.10 
15. Renal failure 16579.0 1675.1 -0.46 
16. Liver failure 1519.1 798.5 0.33 
17. Ulcers 797.1 351.1 0.54 
18. Transplants 3411.6 2733.5 -0.99 
19. Respiratory illness, asthma 561.2 262.3 0.60 
20. Thyroid disorder 282.8 135.5 0.23 
21. Gout 833.8 146.2 0.07 
22. Crohn's disease and inflammation of bowl 614.7 281.8 0.14 
23. Pain and inflammation 137.6 145.7 0.48 
24. Depression 545.4 385.9 0.67 
25. Psychotic illness 1438.7 466.7 0.50 
26. Mania 260.1 416.9 0.32 
27. Anxiety/tension 480.0 291.2 0.52 
28. Pain 633.2 261.8 0.46 
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The predictive ability of the revised CDS to predict health care utilization, costs, 

hospitalization, and mortality was superior over the original CDS. The revised CDS 

explains ten percent, 23 percent, and 13 percent of variation in prospective total costs, 

outpatient costs, and primary care visits respectively. Risk for hospitalization and death 

were highly correlated with CDS cost scores. The reference group for the risk of 

hospitalization and death are the lO"' percentile or less, and 25"^ to 50'*^ percentile 

respectively. Persons with a predicted total CDS cost score in the 90'^ to lOO"' percentile 

are at a 20-fold higher risk of hospitalization as compared to someone with a score in the 

lO"" percentile or less. Similarly, a person with a CDS total cost score in the 90'*' to lOO"^ 

percentile has a 500-fold higher risk of death as compared to someone with a score in the 

25"' to 50"' percentile. The CDS has been used in numerous studies. For example, it was 

used to predict healthcare utilization among chronic sleep deprivation, sleep disruption, 

sleepiness, and insomnia in a community-based population (Kapur VK et al., 2002) to 

estimate comorbidity within the Canadian Study of Health and Aging (CSHA) population 

(MacKnight C & Rockwood K, 2002), and its impact on glycemic control at presentation 

and subsequent follow-up in patients with Type 2 diabetes (El-Kebbi IM et al., 2001). 

b) Chronic Disease Index (CDI) 

The Chronic Disease Index (CDI) estimates the presence and number of chronic 

diseases based upon medication data from ambulatory Veteran Administration patients 

(Malone DC, Billups SJ, Valuck RJ, & Carter BL, 1999). An expert panel determined 

whether specific medication classes could be indicative of a chronic disease. The 
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identified classes were incorporated in a computer program and then used to screen the 

medication records of 246 randomly selected patients to estimate the number of chronic 

diseases present in each patient. This number was designated as the GDI. which was then 

validated against chart review. The CDI was shown to be moderately correlated with the 

actual number of chronic diseases found via chart review (r = 0.65). It predicted the 

presence of three and six common diseases with a sensitivity and specificity of > 75% 

respectively. 

Specifically, the CDI approximates only the number of chronic diseases a patient 

has using a medication database. An expert panel of clinicians were asked to assess the 

likelihood (and not grade disease severity ) that one of 263 medication classes identified 

indicated the presence of a chronic disease. Since some diseases require treatment with 

two or more medication classes, such medication classes were grouped together to avoid 

overestimation of the number of chronic disea.se states calculated by the CDI. Table 2.3 

lists the 54 medication classes indicative of chronic disease of the 263 total medication 

classes evaluated and included in the final CDI. Although there are 54 unique medication 

classes indicated in Table 2.3, the CDI can theoretically detect 52 different chronic 

diseases. 

The application of the CDI, beyond where it was originally developed has been 

limited. In one study, researchers compared the changes in health care utilization and 

costs between a group of VA patients with schizophrenia who started treatment with 
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risperidone and a group that started treatment with olanzapine (Fuller MA, Shermock 

KM, Secic M, Laich JS, & Durkin MB, 2002). The change in utilization and cost of 

inpatient hospitalizations, outpatient clinic visits, medications, and total health care 

services from one year before to one year after initiation of treatment for the two groups 

were compared. Univariate and multivariate analysis of variance modeling 

techniques were used to compare changes in health care utilization and costs for the two 

treatment groups. Age, race, substance abuse status, and CD I were used as potential 

covariates to adjust for differences related to these variables in each multivariate model in 

the analysis. The authors attempted to control for differences in the initial severity of 

illness by using the CDI and whether or not the patient had a diagnosis of substance 

abuse. However, the study failed to report the predictive ability of the CDI in explaining 

variations in health care utilization. 
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Table 2.3. Medication classes indicating presence of a chronic disease included in 
the Chronic Disease Index 

Medication Class Chronic Disease 
1. Alcohol deterrents Alcoholism 
2. Methcnamine salts Chronic urinary tract infection 
3. Antivirals HIV, Parkinson's, Herpes 
4. Antineoplastics, alylating agents Malignant neoplasm 
5. Antineoplastics, antibiotics Malignant neoplasm 
6. Antineoplastics, hormones Malignant neoplasm 
7. Antineoplastics, other Malignant neoplasm 
8. Sympathomimetics Pheochromocytoma, hypertension 
9. Anticoagulants Afib, heart valve, coagulation d/o 
10. Blood formation products Anemia, neutropia 
11. Antimigraine agents Migraine 
12. Anticonvulsants Epilepsy, affective d/o, pain 
13. Antiparkinson's agents Parkinsonism 
14. Tricyclic antidepressants Depression, pain, migraine 
15. MAOls Depression 
16. Antidepressants, other Depression 
17. Phenothiazine/related antipsychotics Schizophrenia, psychosis, hiccups 
18. Antipsychotics, other Schizophrenia, psychosis 
19. Lithium salts Bipolar d/o, depression 
20. Amphetamine-like stimulants Obesity, depression, Attention deficit disorder, narcolepsy 
21. Digitalis glycosides Congestive heart failure, Afibrillation. SVT 
22. Beta-blockers/related Hypertension, Congestive heart failure, SVT, migraines, tremor. 

angina 
23. Alpha-blockers/related Hypertension, BPH, pain 
24. Calcium channel blockers Hypertension, angina, SVT 
25. Antianginals Angina 
26. Antiarrhythmics Arrhythmias 
27. Antilipemic agents Hyperlipidemia 
28. Antihypertensive combinations Hypertension 
29. Antihypertensives, other Hypertension, migraines, Congestive heart failure, tobacco 

dependence 
30. Thiazides/related diuretics Hypertension, fluid retention. Congestive heart failure 
31. Loop diuretics Fluid retention. Congestive heart failure, renal disease 
32. Potassium sparing/combo diuretics Hypertension, fluid retention, ascites. Congestive heart failure. 

hyperaldosteronism 
33. ACE inhibitor Hypertension, Congestive heart failure. Diabetes Mellitus 
34. Angiotensin 11 antagonists Hypertension, Congestive heart failure. Diabetes Mellitus 
35. Digestants Pancreatic insufficiency 
36. Glucocorticosteroids RA, asthma. Congestive obstructive pulmonary disorder 
37. Mineralocorticoids Corticoadrenal insufficiency 
38. Insulin Diabetes Mellitus 
39. Oral hypoglycemic agents Diabetes Mellitus 
40. Thyroid supplements Hypothyroidism 
41. Antithyroid agents Thyrotoxicosis, Grave's 
42. Immune suppressants Organ transplant 
43. Peritoneal dialysis solutions Renal failure 
44. Gold compounds, antirheumatic Rheumatoid Arthritis, psoriasis, pemphigus 
45. Beta-blockers, topical ophthalmic Glaucoma 
46. Miotics, topical ophthalmic Glaucoma 
47, Adrenergics, topical ophthalmic Glaucoma 
48. Anti-inflamnaatories, inhalation Allergic rhinitis 
49. Bronchodilators, sympathomimetic Asthma, Congestive obstructive pulmonary disorder 
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Table 2.3. Continued 

50. Inhaled bronchodilators 
51. Bronchodilators, sympathomimetic oral 
52. Bronchodilators, xanthine-derivatives 
53. Bronchodilators, anticholinergics 
54. Antiasthma, other anti-inflammatories, rectal 

Asthma, Congestive obstructive pulmonary disorder 
Asthma, Congestive obstructive pulmonary disorder 
Asthma, Congestive obstructive pulmonary disorder 
Asthma 
Hemorrhoids, noninfectious gastroenteritis/colitis, Crohns, IBP 
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Summary of the severity-based indices 

Severity of illness systems based on detailed clinical data abstracted from patient 

medical records, such as the CSI, are proprietary' in nature and thus involve a cost to a 

health system. Although computerized in nature, it is time consuming because of the 

nature of the severity measure. Once a patient's ICD-9-CM diagnostic codes are entered 

into a computer, the software asks a series of questions about the clinical variables 

associated with the relevant severity matrices that first need to be drawn from medical 

records and appropriately entered. The other problem of CSI is its reliance on ICD-9-CM 

codes for producing severity scores. Since the severity matrices narrowly focus on the 

specific manifestations of the associated disease, the CSI depends on complete diagnostic 

coding, which may be a potential problem because of the usual restrictions imposed by 

administrative data bases for diagnoses coding fields. In order to deal with redundancy 

of multiple ICD-9-CM codes for the same organ system and to avoid excessive ICD-9-

CM coding (that has shown to occur as a result of the implementation of DRG-based 

payment), the CSI groups many of the ICD-9-CM codes into 14 related disease groups. 

In computing overall severity, the CSI selects the single diagnosis within a related disease 

groups that has the highest severity and ignores all other related diagnoses. 

Approximately one-half of the CSI's factors represent vital signs or laboratory findings 

that are generally reliably abstracted from the medical record. However, the remainder 

tend to be more descriptive and qualitative. These subjective measures include items that 

physicians often measure unreliably (e.g. pulsus paradoxus, pericardial friction rub, and 

specified chest radiographic findings), items that depend on patient report (e.g. pain or 
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discomfort thresholds regarding generalized weakness, fatigue, moderate and severe 

headache, and numbness and tingling), and descriptive clinical characteristics (e.g. 

"large, flabby protuberant abdomen" in cystic fibrosis) that might be abstracted 

unreliably from the medical record (lezzoni LI & Daley J, 1992). Many of these 

subjective factors are assigned to severity level of one, but some are given higher 

assignments, and can cause concern due to its qualitative nature. 

Comorbidities are major determinants of patient health status. This was the 

underlying principal when developing the CCI and its later revisions. The original CCI 

abstracted information from individual patient medical charts and was shown to be an 

expensive and time consuming process by Katz and colleagues. Such concerns led to the 

revised CCI indices that abstracted clinical information from administrative databases 

using ICD-9-CM diagnoses codes that have been primarily used to adjust for the risk of 

future (30-day or one-year) mortality. Limitations of using the adapted CCIs lie 

primarily in the composition and structure of administrative data. The validity and 

reliability of diagnostic ICD-9-CM codes is not very high and have shown to vary across 

disease states. In addition, research has shown that there is underreporting of 

comorbidities and it may be necessary to construct a patient profile based on multiple 

admissions over several years to correct for this deficiency (Hsia DC, Krushat WM, 

Fagan AB, Tebbutt JA, & Kusserow RP, 1988). 
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In order to overcome the variability in coding that accompanies diagnosis-based 

metrics, researchers have used medications dispensed as markers for chronic disease 

status. These dispensing records have limitations as surrogates for disease and may cause 

misclassification. Pharmacy-based risk adjustment instruments have three relative 

weaknesses. First, a chronic condition must have a specific set of pharmacological 

treatments for medication data to serve as an illness-identifying vehicle. For example, a 

diabetic patient who is adequately controlled with diet therapy will not be detected using 

this method. Studies have suggested that selective under-prescribing based on 

comorbidity and age, is possible, and that the absence of prescriptions to treat a condition 

does not necessarily indicate a lack of disease (Redelmeier DA, Tan SH, & Booth GL, 

1998); (Glynn RJ, Monane M, Gurwitz JH, Choodnovskiy I, & Avom J, 1999). Second, 

providers may treat the same chronic disease with different prescription medications, thus 

making predictions of chronic disease nonspecific. Certain heart medications might 

actually been prescribed to manage hypertension. Some chronic conditions are difficult 

to identify using prescription medication data. For example, cerebral palsy is a very rare 

disease, but those suffering from it consume a lot of health care resources (Boyle CA, 

Decoufie P, & Yeargin-Allsopp M, 1994). Finally, the risk-adjustment score requires a 

prescription medication fill to capture a chronic illness. Thus the accuracy of the score 

would be jeopardized if patients obtained medications outside of the health care system 

being studied or purchased over-the-counter items. 
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2.3 Veterans Affairs Healthcare Administration 

The Veterans Affairs Health Administration (VHA) is one of the oldest, largest 

formally organized health care systems in the world. Its primary mission is to improve 

the health and functioning of America's veterans. This section will briefly discuss the 

history of the VHA, the new VHA system, and its quality of care, initiatives. : 

2.3.1 History 

In 1636, the Plymouth Colony passed a law that provided lifetime support for any 

soldier disabled while defending the colony against the Indians. In 1778, the first 

national pension law was enacted for soldiers who fought in the American Revolution. 

President Lincoln signed legislation authorizing the National Cemeteries in 1862, and 

later, in 1865, legislation creating the National Home for Volunteer Soldiers in Togus, 

Maine. Homes for disabled Civil War veterans were subsequently opened in numerous 

sites throughout the country. In 1917, the United States Government Life Insurance 

program was established, and in 1930, President Herbert Hoover signed legislation 

consolidating the many disparate veteran programs into an independent federal agency 

known as the Veterans Administration (VA). The most far-reaching program ever 

designed for veterans was established by the Servicemen's Readjustment Act of 1944, 

which is more commonly known as the "GI Bill of Rights." This landmark legislation 

offered low-interest loans for veterans to purchase homes, farms, or small businesses, 

unemployment benefits, financial assistance for education, and health care and 

rehabilitation.(Fonseca ML, Smith ME, Klein RE, & Sheldon G, 1996)" Although 
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veterans benefits always included some health care, these benefits initially were limited 

to infirmary-type services. They were provided by the US Public Health Service 

(USPHS) until after World War 1, when Congress authorized hospital inpatient care as a 

veterans benefit and transferred several USPHS hospitals to the then Veterans Bureau. 

Subsequently, the beginnings of a veterans health care system began to form within the 

VA. However, the massive numbers of World War 11 veterans needing medical care 

rapidly overwhelmed the VA's nascent health care capabilities, leading Congress to 

authorize the creation of a new VA Department of Medicine and Surgery and a formal 

veterans health care system in 1946 (Kizer KW, Fonseca ML, & Long LM, 1997). 

2.3.2 Current YA health care 

In tandem with the changes in healthcare in the private, and public sectors of 

Medicare and Medicaid, the Department of VA healthcare system has also undergone 

dramatic restructuring over the past several years. Most prominent forces of change 

include market-based restructuring of health care in general and the rise of managed care. 

The explosion of scientific and biomedical knowledge, with concomitant technological 

advances dramatically expanded the ability to treat and manage illnesses. In addition, 

developments in information management and the changing demographics and the aging 

of America were some of the reasons that led to the restructuring of the VA. Some of the 

key changes that now make the today's restructured VA are described in brief below. 
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2.3.2.1 Implementation of integrated service networks 

A key element of the today's YA health care system is the integrated service 

networks. In 1995, all VHA's sites of service delivery were organized into twenty-two 

Veterans Integrated Service Networks (VISNs) (Kizer KW, Demakis JG, & Feussner JR, 

2000). A typical VISN encompasses seven to ten VA medical centers (YAMCs), 25 to 

30 ambulatory care clinics, four to seven nursing homes, one to two domiciliaries, and 10 

to 15 counseling centers and provides care to approximately 150,000 to 200,000 veterans 

each year. The VISN is the VHA's basic budgetary and management unit and provides a 

structural imperative for pooling and aligning resources to meet local needs, coordinating 

services, reducing service duplication and administrative redundancies, improving the 

consistency and predictability of receiving high-quality of care. 

2.3.2.2 Eligibility reform 

In the past, only service-connected disabilities were treated at VAMC's. The new 

eligibility criteria substantially revised the statutes governing veteran care, thus providing 

whatever care a patient needs in whatever is the most medically appropriate setting. The 

law also gave the VA broad authority to contract with private practitioners, health plans, 

or other entities to provide care for VA patients, which was not previously allowed. 

2.3.2.3 Capitation-based resource allocation 

A new capitation-based resource-allocation system known as the Veteran 

Equitable Resource Allocation (VERA) methodology was implemented in 1997 
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(Veterans Health Administration, 1997), which was designed to be a predictable, fair, and 

casy-to-understand methodology for allocating Congressionally appropriated funds that 

took into account changes in demographics and degree of illness and disabilities 

prevalent in the VA's service population. VERA markedly simplified the VHA 

budgetary process while also ensuring that resources would be allocated equitably. 

2.3.2.4 Expanding access by shifting to ambulatory care 

Concomitant with implementation of integrated service networks, eligibility 

reform, and VERA, another key feature of the VHA's restructuring was an effort to 

expand access by emphasizing ambulatory care whenever medically appropriate. VA 

soon realized the economic savings due to this shift and with these savings it established 

302 new community-based outpatient clinics to make care even more accessible (Chapko 

MK et al., 2002). 

2.3.2.5 New performance management program 

One of the fundamental aspects of the VA's restmcturing was a new approach to 

performance management that would support its strategic goals of providing consistent 

and predictable high-quality care and optimal health care value. A performance 

management program based on such strategic goals was implemented in 1995 that led to 

the creation of process- and outcome-focused quality-of-care accountability framework. 

Accountability was introduced into the process by having clinical experts and managers 

track performance measures indicative of guideline adherence and progress toward 
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strategic goals. Explicit performance contracts were used to hold managers specifically 

accountable for achieving challenging but realistic performance targets within defined 

timeframes (Kizer KW, 1999). 

Ib order to determine the impact of performance measures on resource utilization, 

it is vital to gather and measure appropriate units of resource use and costs. The VA does 

not routinely prepare patient bills, because most veterans are not charged for the services 

they receive at a VA hospital or clinic. As a result, the VA does not have detailed charge 

data which many researchers in other sectors of the US healthcare system use to estimate 

costs. The VA only keeps a detailed account of the funds it spends, which can 

approximate the costs of a specific department. Thus, VA health economists and non-VA 

health economists have used a variety of techniques to estimate costs of VA healthcare 

resource use. A brief discussion of the various methods used for determining costs are 

presented here. 

Pseudo-Bill 

A pseudo bill combines VA utilization with non-VA cost estimates. The 

assumption made here is that the resource costs obtained from non-VA sector are the 

same in VA medical centers. Resource costs are usually obtained from charge rates of an 

affiliated university medical center, the payment rates from a typical health care payer, or 

the charge rates allowed by Medicare. Often the charges obtained are adjusted by 

multiplying a department-specific cost-to-charge ratio to reflect costs. 
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Clinical Cost Function 

Costs (or cost-adjusted charges) and the factors that are the most influential in 

explaining the variation in resources, (e.g. patient characteristics, length of stay, number 

of laboratory tests) are gathered from a suitable non-VA source. A cost function is then 

estimated using cost as the dependent variable, and the characteristics as independent 

variables. This regression is then used to estimate VA costs, which are the fitted 

regression value, given VA utilization data and the function's parameters. This method 

requires the assumption that VA providers use the same quantity of resources as non-VA 

providers. If appropriately applied, a cost function can provide an accurate estimate of 

the costs of care with far less data than is needed to create a pseudo-bill. The ability to 

make accurate cost estimates using this method can be biased when rare, but expensive, 

events are included the regression equation. Such events make cost data highly skewed, 

and as a result, violate the assumptions of ordinary least-squares regressions. 

Direct Measures of Cost 

Costs can be estimated directly by measuring the time spent by different staff for 

a particular healthcare encounter and by determining its cost from accounting data. 

Various methods have been used to estimate staff time and include direct assessment of a 

staff member's time spent on different patient care activities, surveying supervisors, or 

determining program volumes through administrative records. Direct measurement is 

rarely used to determine indirect costs (e.g. building maintenance, administration. 
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housekeeping) as activity reports from all departments in the medical center would be 

required, which are beyond the resources of many studies. 

Cost Estimates Based on Administrative Data 

In many instances it is not possible to obtain detailed utilization information or to 

directly measure staff activity and cost, and therefore estimates are often made based on 

VA administrative data. These include, the Cost Distribution Report (CDR), VA 

discharge (Patient Treatment File - PTF), and ambulatory care data bases (Outpatient 

Care File - OCF). 

The CDR is routinely prepared by all VA medical centers, which includes 

information on how each staff spend their time in different patient care departments, and 

reports units of production and unit costs (average cost per day of inpatient/outpatient 

departments) of each department. The PTF is a nationwide discharge data set that 

contains a record for each episode of inpatient care provided in VA hospitals, nursing 

homes, and domiciliaries (Beattie MC, Swindle RW, Tomko LA, Greenbaum MA, & 

Recine B, 1994c). Each record contains data on admission diagnosis, specific bed section 

of the hospital stay, length of stay, procedures, and discharge information. The OPC is a 

national data set that includes clinic visits, laboratory tests, pharmacy fills, radiology, and 

nuclear medicine tests (Beattie MC, Swindle RW, Tomko LA, Greenbaum MA, & 

Recine B, 1994b). All other outpatient services can also be electronically captured using 

the sites' local Veterans Integrated Services and Technology and Architecture (VISTA) 
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(Beattie MC, Swindle RW, Tomko LA, Greenbaum MA, & Recine B, 1994a). These 

administrative cost estimates are then used to measure VA costs. Limitations on relying 

on the CDR for cost information include the inability to calculate overhead costs, and 

sometimes errors in matching utilization and cost data, which end up being either 

dropped from the report or costs being set to zero. Generally, utilization data are 

obtained from the PTF and OCF and multiplied by unit costs from the CDR. As a patient 

care department is not defined in the same way in the PTF and OCF as in the CDR, 

departments must be aggregated to find a common denominator. Once the CDR data are 

matched to utilization data, the average cost (e.g. average cost per hospital stay) is 

determined by dividing the total cost (total hospital costs) in the CDR by the units of 

utilization (total number of hospital discharge days) reported in the administrative data. 

Since there is considerable difference in the cost of a day depending on the 

diagnosis and that costs decline as the stay progresses, an average cost per diagnosis is 

sometimes calculated. The system of diagnosis related groups (DRGs) categorizes 

hospital stays by diagnosis. A measure of the relative resources incurred by Medicare 

patients within each DRG is published annually by the Centers for Medicare and 

Medicaid Services (CMS) and is termed the DRG weight. The DRG weight is shown to 

explain more of the variation in the cost of hospital stays than does the length of stay. 

There are approximately 510 DRGs weights, which are based on the primary discharge 

diagnosis. Medicare uses DRG for reimbursement and reimburses approximately $3,500 

for each DRG unit. There is no exact cost per DRG unit because that depends on a lot of 
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other factors including geographic location, disproportionate share, capital, graduate 

medical education, etc. DRG weights can be derived from VA utilization data and the 

cost per DRG can be calculated either using the Medicare reimbursement rate or from the 

CDR. This method assumes that VA costs are proportional to the CMS DRG weight and 

that all days of a hospitalization within a given DRG have the same cost. 'Additionally, 

average cost per visit can also be determined using CDR cost and OCF utilization data to 

characterize the cost of outpatient care. The assumption made here is that all visits to 

outpatient clinics use the same quantity of resources. 

Recently, current procedural terminology (CPT)™ codes, a listing of descriptive 

terms and identifying codes for reporting medical services and procedures, are also 

available from the VA administrative database. These codes can be linked to Medicare 

reimbursement rates or CDR unit costs to calculate healthcare services. 

Decision Support System (DSS) 

The Decision Support System (DSS) is a set of programs that uses relational 

databases to provide information needed by managers and clinicians, including the cost 

of specific patient care encounters. DSS extracts costs from the VA payroll and general 

ledger. These are assigned to departments based on periodic reports made by managers, 

who assign costs of the six categories of expense (cost supplies, equipment, labor of 

physician, labor of nurses, labor of contract workers, and all other labor) to departments. 

DSS relies on the pre-existing VA data bases for information on what care was provided 
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and which patients utilized it. DSS assigns relative value units (RVU) to the products of 

each department, which is a measure of the resources used in each department. The 

department's cost per RVU is calculated, and multiplied by the RVUs assigned to the 

product to determine its cost. The use of RVUs is an advantage of the DSS system^ for 

unlike charges, these are explicitly chosen to represent the relative cost of producing 

different patient care products. 

Since the inception of VA's performance management efforts, substantial 

improvement in the quality of VA care has been documented. Some of these efforts are 

briefly reviewed in the next section. 

2.3.3 VA's quality of care initiatives 

During the restructuring of the VA health care system, the goal to improve quality 

was coupled with the need to systematically assess performance. Accordingly, several 

quality indicators were introduced, such as the VA's Prevention Index, Chronic Disease 

Care Index, and Palliative Care Index (Hedeen AN et al., 2002). Other standard process 

measures of efficiency, such as length of hospital stay, bed-days of care, and proportion 

of surgeries performed on an outpatient basis, are tracked through time and compared 

with private sector data when possible. The Prevention Index tracks relevant prevention 

practices, including immunization, cancer screening, and tobacco and alcohol screening 

and counseling (Wilson NJ & Kizer KW, 1998). The Chronic Disease Care Index 

focuses on diseases important to veterans, such as ischemic heart disease, hypertension. 
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chronic obstructive pulmonary disease, and diabetes mellitus. The Palliative Care Index 

measures whether severely ill patients are enrolled in home-based primary care programs, 

have explicit plans for pain management, and have access to hospice programs and the 

necessary psychosocial or caregiver support. 

In 1992, the VA initiated a visionary program to improve the quality of care of 

their surgery programs. Known as the National Surgical Quality Improvement Program 

(NSQEP) (Khuri SF et al., 1998), this landmark study set the benchmark for surgical 

quality improvement for the VA and the nation. This ongoing study has demonstrated a 

sustained decline in 30-day surgical mortality and reductions in postoperative surgical 

morbidity while simultaneously demonstrating a decline in hospital length of stay (Khuri 

SF et al, 1999). In addition, there are a growing number of collaborations among 

national health policy makers, health services researchers and the VA in order to improve 

patient outcomes and control costs of care. Several recent examples include the VA's 

Technology Assessment Program (Flynn K, McGlynn G, & Young G, 1997), the 

Changes in Mortality, Utilization and Quality of Care study, and the implementation of 

total quality improvement (al-Assaf AF, Harris LA, Gentling SJ, Curtis K. & Trimble J, 

1994). 

Recently, the VA has initiated the Quality Enhancement Research Initiative 

(QUERI) whose primary goal is to integrate clinical research and the translation of 

research results into clinical practice (Rubenstein LV, Mittman BS, Yano EM, & Mulrow 
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CD, 2000). Translating clinical research into clinical practices that improve patient 

outcomes on a systems level is the primary mission of the VA's QUERI. In developing 

translational research plans, QUERI identities research evidence to support best practices 

and then identifies variations from agreed-upon best practices. The next task becomes 

one of implementing, or translating, the research evidence to clinical best practices to 

improve patient outcomes. Finally, actions are taken to sustain the improvements in 

quality and to renew the cycle as new research information becomes available. The 

initial QUERI activities have been targeted to nine high-priority conditions that are 

prevalent among veterans. From these nine, the Type 2 Diabetes Mellitus QUERI group 

has been actively involved in the research translation process along with six other groups. 

The following section discusses the pharmacology, epidemiology, 

pharmacotherapy, and the societal economic cost of Type 2 diabetes and particularly its 

impact in the VHA. 

2.4 Diabetes Mellitus 

Diabetes mellitus is a group of diseases characterized by high levels of blood 

glucose resulting from defects in insulin production, insulin action, or both. Diabetes can 

be associated with serious complications and premature death, but people with diabetes 

can take steps to control the disease and lower the risk of complications. 
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2.4.1 Types of diabetes 

Type 1 diabetes was previously called insulin-dependent diabetes mellitus or 

juvenile-onset diabetes. Type 1 diabetes develops when the body's immune system 

destroys pancreatic beta cells, the only cells in the body that make the hormone insulin 

that regulates blood glucose. This form of diabetes usually strikes children and young 

adults, who then need several insulin injections a day or an insulin pump to survive. 

Type 1 diabetes may account for five to ten percent of all diagnosed cases of diabetes 

(Karvonen M et al., 2000). 

Type 2 diabetes was previously called non-insulin-dependent diabetes mellitus or 

adult-onset diabetes. Type 2 diabetes may account for about 90 to 95 percent of all 

diagnosed cases of diabetes. It usually begins as insulin resistance, a disorder in which 

the cells do not use insulin properly. As the need for insulin rises, the pancreas gradually 

loses its ability to produce insulin. Type 2 diabetes is associated with older age, obesity, 

family history of diabetes, prior history of gestational diabetes, impaired glucose 

tolerance, physical inactivity, and race/ethnicity. African Americans, Hispanic/Latino 

Americans, American Indians, and some Asian Americans and Pacific Islanders are at 

greater risk for Type 2 diabetes (Jiwa F, 1997). 

Gestational diabetes is a form of glucose intolerance that is diagnosed in some 

women during pregnancy (Innes KE, Wimsatt JH, & McDuffie R, 2001). Gestational 

diabetes occurs more frequently among African Americans, Hispanic/Latino Americans, 
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and American Indians (Benyshek DC, Martin JF, & Johnston CS, 2001). It is also more 

common among obese women and women with a family history of diabetes (Galtier-

Dereure F, Boegner C, & Bringer J, 2000). During pregnancy, gestational diabetes 

requires treatment to normalize maternal blood glucose levels to avoid complications in 

the infant. After pregnancy, five to ten percent of women with gestational diabetes are 

found to have Type 2 diabetes. Women who have had gestational diabetes have a 20 to 

50 percent chance of developing diabetes in the next five to ten years. 

Other specific types of diabetes result from specific genetic conditions (such as 

maturity-onset diabetes of youth), surgery, medications, malnutrition, infections, and 

other illnesses. Such types of diabetes may account for one to five percent of all 

diagnosed cases of diabetes. 

2.4.2 Prevalence of diabetes 

Diabetes Mellitus (DM) ranks as the seventh most prevalent cause of death in the 

US, with cardiovascular complications accounting for almost 70% of diabetes-related 

hospitalizations (Geiss LS, Herman WH, & Smith PJ, 1995). About 16 million 

Americans (six percent) have diabetes. About 5.4 million of these people do not know 

they have the disease. Each year 798,000 people are diagnosed with diabetes (National 

Diabetes Fact Sheet, 1997). In 1995, 135 million adults were diagnosed as having 

diabetes and this is projected to rise to 300 million by the year 2025 (King H, Aubert R, 

& Herman W, 1998). The overwhelming majority of patients with diabetes have Type 2 
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diabetes. The incidence of Type 2 diabetes increases linearly with advancing age, with 

the majority of people with the disease being older than 64 years of age.(King H et al., 

1998) The number of people diagnosed with diabetes has risen from 1.5 million in 1958 

to 10.3 million in 1997, a six fold increase (National Institute of Diabetes and Digestive 

and Kidney Diseases & National Institutes of Health, 1995).; ApprQxiiaatelyv73,.m 

men have diabetes and 8.1 million women 20 years of age and older have diabetes out of 

which 6.3 million Americans age 65 or older have diabetes. African Americans are 1.7 

times as likely to have diabetes as Caucasians of similar age (Gaskin R, 1999). On 

average, Hispanic Americans are almost twice as likely to have diabetes as non-Hispanic 

whites of similar age (Hanis CL, Hewett-Emmett D, Bertin TK, & Schull WJ, 1991). 

Prevalence data for diabetes among Asian Americans and Pacific Islanders are limited. 

Some groups within this population are at increased risk for diabetes. Data collected 

from 1988 to 1995 suggest that Native Hawaiians are twice as likely to have diagnosed 

diabetes as Caucasian residents of Hawaii (Grandinetti A et al., 2002). Rates of diabetes 

vary widely among Native American tribes, bands, pueblos and villages, ranging 

anywhere from 5 to 50 percent.(Acton KJ et al., 2002). Finally, 11.3 million non-

Hispanic whites 20 years of age or older (i.e. 7.8% of this group) have diabetes (National 

Diabetes Fact Sheet 1997). 
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2.4.3 Economic burden of diabetes 

Diabetes is a costly disease not only in terms of the economic burden it imposes 

on society but also in terms of the human suffering imposed by the disease and its 

complications. The burden of diabetes and its complications is great, disproportionately 

affects minority populations and the elderly, and is likely to increase as minority 

populations grow and the U.S. population becomes older (Centers for Disease Control 

and Prevention, 1993). The excess per capita average direct medical costs ranges from 

$2,257 (staff-model managed care, 1994) (Brown JB, Nichols GA, Glauber HS, & Bakst 

AW, 1999) to $7,402 (national estimate, 1997) (American Diabetes Association, 1998). 

In addition, the economic burden of diabetes has been shown to include reduced 

workforce productivity and participation due to premature mortality, disability, 

diminished work effectiveness, and absences caused by medical service utilization 

(Valdmanis V, Smith DW, & Page MR, 2001). Diabetes is the leading cause of new 

adult blindness, non-traumatic lower limb amputation, and renal failure leading to 

transplant, dialysis, and death. Specifically, the direct annual medical cost of diabetes-

associated blindness is only $1300 because there is no treatment, but the annual cost of 

hemodialysis is approximately $50,000 (1998 values) (American Diabetes Association, 

1998). Not surprisingly, diabetes is also a common disease, leading to high-cost 

complications among the Veterans too. Estimates show that in fiscal year 1994, 12.5% of 

outpatients in the Veterans Health Administration (VHA) received diabetes-specific 

mediations, accounting for almost 25% of all VHA pharmacy costs. Persons with 
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diabetes had a hospitalization rate 1.6 times that of veterans without diabetes and made 

3.6 million outpatient visits to VA clinics (Pogach LM et al., 1998). 

2A4 Treatment for Type 2 diabetes 

Diabetes mellitus requires ongoing medical care as'well as patient and family 

education both to prevent acute illness and to reduce the risk of long-term complications. 

The United Kingdom Prospective Diabetes Study of Tj^e 2 diabetes indicates that the 

therapeutic objective is to restore known metabolic derangements toward normal in order 

to prevent and delay progression of diabetic complications (Blonde L, 2000). This 

section will briefly discuss various treatment options for Type 2 diabetes. 

2.4.4.1 Diet 

A well-balanced, nutritious diet remains a fundamental element of therapy. 

However, in more than half of cases, diabetic patients fail to follow their diet (Shultz JA, 

Sprague MA, Branen LJ, & Lambeth S., 2001). In prescribing a diet, it is important to 

relate dietary objectives to the type of diabetes. In obese patients with mild 

hyperglycemia, the major goal of diet therapy is weight reduction by caloric restriction. 

Thus, there is less need for exchange lists, emphasis on timing of meals, or periodic 

snacks, all of which are essential in the treatment of insulin-requiring diabetics. Obese 

patients represent a challenge for the clinician. Weight reduction is an elusive goal that 

can only be achieved by close supervision and education. The American Diabetes 

Association (ADA) had released an annual po.sition statement on medical nutrition 
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therapy to provide dietary guidelines for diabetics (Marlett J A, McBumey MI, & Slavin 

JL, 2002). In obese Type 2 patients glucose and lipid goals join weight loss as the focus 

of therapy. These patients are advised to limit their carbohydrate content by substituting 

noncholesterologenic monounsaturated oils such as olive oil, rapeseed (canola) oil, or the 

oils in nuts and avocados. The current recommendations for Type 2 diabetes is to limit 

cholesterol to 300 mg daily and advise a daily protein intake of 10 to 20 percent of total 

calories. It is suggested that saturated fat be no higher than eight to nine percent of total 

calories with a similar proportion of polyunsaturated fat and that the remainder of caloric 

needs be made up of an individualized ratio of monounsaturated fat and of carbohydrate 

containing 20 to 35 grams of dietary fiber. The ADA recommends food such as oatmeal, 

cereals, and beans with relatively high soluble fiber content as staple components of the 

diet in diabetics. High soluble fiber content in the diet may also have a favorable effect 

on blood cholesterol levels. 

2.4.4.2 Oral medications for treating hyperglycemia 

The medications for treating Type 2 diabetes fall into three categories; (1) 

medications that primarily stimulate insulin secretion; (2) medications that alter insulin 

action; and (3) medications that principally affect absorption of glucose. Among those 

that stimulate insulin secretion are: a) sulfonylureas (the most widely prescribed 

medications for treating hyperglycemia), b) meglitinide analog repaglinide, and c) the d-

phenylalanine derivative natcglinide (Table 2.4). Medications that alter insuin action 

include the following; a) biguanides, and b) thiazolidinediones (Table 2.5). Table 2.5 
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shows the medications that principally affect absorption of glucose and includes alpha-

glucosidase inhibitors acarbose and miglitol. 

Combinations of the above mentioned medications also exist. A glyburide and 

metformin combination (Glucovance®) has recently become available in. tablet strengths 

of 1.25 mg/250 mg, 2.5 mg/500 mg, and 5 mg/500 mg, respectively. Table 2.3 lists 

combination oral antidiabetic medications. 
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Table 2.4: Medications that stimulate insulin secretion 

Medication (Brand Name) Strength Daily Dose Duration of Action 

Sulfonylureas 
Tolbutamide 250 to 500 mg 0.5 to 2 g in 2 or 3 6 to 12 hours 

(Orinase*) divided doses 

Tolazamide 100, 250, and 500 mg 0.1 Jo 1 g as single Up to 24 hours 
(Tolinase®) dose or in two divided 

doses 

Acetobexamide 250 and 500 mg 0.25 tol .5 g as single 8 to 24 hours 
(Dymelor®) dose or two divided 

doses 

Chlorpropamide 100 and 250 mg 0.1 to 0.5 g as single 24 to 72 hours 
(Diabinese®) dose 

Glyburide 1.25,2.5, and 5 mg 1.25 to 20 mg as single Up to 24 hours 
(Diabeta®, Micronase®) dose or two divided 
(Glynase®) doses 

1.5, 3, and 6 mg 1.5 to 18 mg as single Up to 24 hours 

dose or two divided 

doses 

Glipizide 5 and 10 mg 2.5 to 40 mg as single 6 to 12 hours 
(Glucotrol®) dose or two divided 

doses on an empty 

stomach 
(Glucotrol XL®) 5 and 10 mg Up to 20 or 30 mg Up to 24 hours 

daily as a single dose 

Glimeperide 1, 2, and 4 mg 1 to 4 mg as single Up to 24 hours 
(Amaryl®) dose 

Meelitinide analoes 
Repaglinide 0.5. 1, and 2 mg 4 mg in two divided 3 hours 
(Prandin*) 

0.5. 1, and 2 mg 
doses given 15 

minutes before 

breakfast and dinner 

D-Phenylalanine derivative 
Nateglinide 60 mg and 120 mg 60 mg to 120 mg 3 1.5 hours 
(Starlix®) times a day before 

meals 
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Table 2.5: Insulin-sparing medications 

Medication (Brand Name) Strength Daily Dose Duration of 
Action 

Bisuanides 
Metformin 
(Glucophage®) 

Extended release metformin 
(Cjlucophage XR®) 

500, 850, 
1000 mg 

500 mg 

1 to 2.5 g. One tablet 
with meals 2 or 3 times 
daily 
500 to 2000 mg once a 
day' •, . -

: 7-to 12 hourS' 

Upto .24 hours • • 

Thiazolidinediones 
Rosiglitazone 
(Avandia®) 
Pioglitazone 
(Actos®) 

2, 4, 8 mg 

15, 30, 45 
mg 

4 to 8 mg daily 
(can be divided) 
15 to 45 mg daily 

Up'to 24 hours 

Up to, 24 hours 

Alvha-slucosidase inhibitors 
Acarbose 
(Precose®) 

Miglitol 
(Glyset®) 

50 and 100 
mg 

25, 50, and 
100 mg 

75 to 300 mg in 3 divided 
doses with first bite of 
food 
75 to 300 mg in 3 divided 
doses with first bite of 
food 

4 hours 

4 hours 

Table 2.6: Combination oral antidiabetic medications 

Medication (Brand Name) Strength Daily Dose Duration of 
Action 

Glyburide/Metformin 
(Glucovance®) 

1.25 mg/250 mg 
2.5 mg/500 mg 
5 mg/500 mg 

Up to 20 mg glyburide/ 
2000 mg metformin 

Up to 24 hours/ 
7 to 12 hours 
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Below is a summary of the various therapies used to treat diabetes. 

Siilfonyliireas 

The mechanism of action of the sulfonylureas is to increase insulin production by 

stimulating pancreatic B cells (Melander A, Bitzen PO, Faber O, & Groop L, 1989). 

Sulfonylureas specifically bind to a receptor that closes an ATP-sensitive potassium 

channel of the pancreatic B cell, thereby depolarizing the cell membrane. This results in 

an influx of extracellular calcium through voltage-gated calcium channels, which causes 

insulin granules to move toward the cell surface, facilitating exocytosis. The 

sulfonylureas seem most appropriate for use in nonobese mild Type 2 diabetic patients 

(Goldberg AP & Coon PJ, 1987). . In this group, acute administration of sulfonylureas 

improves the early phase of insulin release that is refractory to acute glucose stimulation. 

When hyperglycemia in obese diabetics is more severe, with consequent impairment of 

pancreatic B cell function, sulfonylureas may improve glycemic control until concurrent 

measures, such as diet, exercise, and weight reduction, can sustain the improvement 

without the need for oral medications. Sulfonylureas are generally contraindicated in 

patients with hepatic or renal impairment. Tolbutamide, tolazamide, acetohexamide, 

chlorpropamide, glyburide, glipizide, and glimeperide are sulfonylureas are available in 

the US for treatment of Type 2 diabetes. 
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Meglitinide Analogs 

Repaglinide, a meglitinide analog, is the most commonly used oral medication 

used in this class (Domhorst A, 2001). It acts by binding to the sulfonylurea receptor and 

closing the ATP-sensitive potassium channel (Landgraf R, 2000). It is rapidly absorbed 

from the intestine and then undergoes complete metabolism in the liyer to .inactive biliary 

products, giving it a plasma half-life of less than 1 hour. The medication, therefore, 

causes a brief, but rapid pulse of insulin. The starting dose is 0.5 mg three times a day 15 

minutes before each meal. The dose can be titrated to a maximum daily dose of 16 mg. 

Like the sulfonylureas, repaglinide can be used in combination with metformin. 

However, hypoglycemia is the main side effect. In clinical trials, when the medication 

was compared with a long-duration sulfonlyurea (glyburide), there was a trend toward 

less hypoglycemia. Repaglinide causes weight gain. Metabolism is by cytochrome P450 

3A4 isoenzyme, and other medications that induce or inhibit this isoenzyme may alter the 

metabolism of repaglinide. The medication may be useful in patients with renal 

impairment or in the elderly. 

D-Phenylalanine Derivative 

Nateglinide is a d-phenylalanine derivative that acts by stimulating insulin 

secretion by binding to the sulfonylurea receptor and closing the ATP-sensitive 

potassium channel (Hanif W & Kumar S, 2001). It is rapidly absorbed from the intestine, 

reaching peak plasma levels within one hour. It is metabolized in the liver and has a 

plasma half-life of about 1.5 hours. Like repaglinide, it causes a brief rapid pulse of 
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insulin, and when given before a meal it reduces the postprandial rise in blood glucose. 

The medication is available as 60 mg and 120 mg tablets. The 60 mg dose is used in 

patients who have mild elevations in HbAjC. For most patients, the recommended 

starting and maintenance dose is 120 mg three times a day before meals. Like the other 

insulin secretagogues, its main side effects are hypoglycemia and weight gain. This 

medication has been approved for use either alone or in combination with metfonnin. 

Biguanide 

Metformin (1,1-dimethylbiguanide hydrochloride) (Dunn CJ & Peters DH, 1995) 

was introduced in France in 1957 as an oral agent for therapy of Type 2 diabetes, either 

alone or in conjunction with sulfonylureas. In 1995, it became available in the United 

States. The exact mechanism of action of metformin remains unclear. It reduces both the 

fasting level of blood glucose and the degree of postprandial hyperglycemia in patients 

with Type 2 diabetes but has no effect on fasting blood glucose in normal subjects. 

Metformin is particularly effective in reducing hepatic gluconeogenesis by interfering 

with lactate oxidation and uptake by the liver. Metformin has a half-life of over 11 hours, 

is not bound to plasma proteins, and is excreted unchanged by the kidneys. Metformin 

may be used as an adjunct to diet for the control of hyperglycemia and its associated 

symptomatology in patients with Type 2 diabetes, particularly those who are obese or are 

not responding optimally to maximal doses of sulfonylureas. A side benefit of metformin 

therapy is its tendency to improve both fasting and postprandial hyperglycemia and 

hypertriglyceridemia in obese diabetics without the weight gain associated with insulin or 
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sulfonylurea therapy. The most frequent side effects of metformin are gastrointestinal 

symptoms (anorexia, nausea, vomiting, abdominal discomfort, diarrhea), which occur in 

up to 20 percent of patients. Hypoglycemia does not occur with therapeutic doses of 

metfonnin, which permits its description as a "euglycemic" or "antihyperglycemic" 

medication rather than an oral hypoglycemic agent. 

Thiazolidinedione 

Medications of this newer class of antihyperglycemic agents sensitize peripheral 

tissues to insulin (Stumvoll M & Haring HU, 2002). They bind to the nuclear receptor, 

peroxisome proli ferator-acti vated receptor gamma (PPAR-g), and affect the expression of 

a number of genes and may regulate the release of a new putative hormone, "resistin," 

from adipocytes. The exact mechanism by which these medications improve tissue 

sensitivity to insulin is not known. Observed effects include increased glucose 

transporter expression (GLUT 1 and GLUT 4), decreased free fatty acid levels, decreased 

hepatic glucose output, and increased differentiation of preadipocytes into adipocytes. 

Like the biguanides, this class of medications does not cause hypoglycemia. 

Troglitazone was the first medication in this class to go into widespread clinical use. 

However, 1.9 pcrcent of patients taking this medication developed elevations in liver 

enzymes greater than three times normal, which resolved when the medication was 

stopped. If the medication was continued after elevated enzymes, liver failure was 

possible. The medication has been withdrawn from clinical use in the US. Two other 

medications in the same class are available for use in the US: rosiglitazone (Wagstaff AJ 
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& Goa KL, 2002) and pioglitazone (Rosenstock J, Einhom D, Hershon K, Glazer NB, & 

Yu S, 2002). These agents appear to be safer than troglitazone. Both are effective as 

monotherapy and in combination with sulfonylureas or metforinin. When used as 

monotherapy, they lower HbAiC by about one or two percentage points. When used in 

combination with insulin, they can result in a 30 to 50 percentage reduction in insulin 

dosage, and some patients can come off insulin completely. The combination of a 

thiazolidinedione and metformin has the advantage of not causing hypoglycemia. 

Patients inadequately managed on sulfonylureas may do well on a combination of 

sulfonylurea and rosiglitazone or pioglitazone. Rosiglitazone therapy is associated with 

increases in total cholesterol, LDL cholesterol (15%), and HDL cholesterol (10%). There 

is reduction in free fatty acids of about eight to 15 percent. Clinical trials have shown 

that pioglitazone lowered triglycerides (9%) and increased HDL cholesterol (15%), but 

did not cause a consistent change in total cholesterol and LDL cholesterol levels. 

Anemia occurs in four percent of patients treated with these medications, but this effect 

may be due to a dilutional effect of increased plasma volume rather than a reduction in 

red cell mass. Several studies suggest that thiazolidinediones cause a decrease in intra

abdominal fat mass but do not affect total body fat or body weight. 

Alpha-glucosidase inhibitors 

This family of medications competitively inhibits the alpha-glucosidase enzymes, 

which digest dietary starch and sucrose, in the gut. Two of these medications, acarbose 

(Raptis SA & Dimitriadis GD, 2001) and miglitol (Scott LJ & Spencer CM, 2000), are 
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available for use. Both are potent inhibitors of glucoamylase, a-amylase, and sucrase, but 

have less effect on isomaltase and hardly any on trehalase and lactase. In diabetic 

patients, acarbose reduces postprandial hyperglycemia by 30 to 50 percent. Its overall 

effect is to lower the HbAjC by half to one percent. The principal adverse effect is 

flatulence, and is seen in 20 to 30 percent of patients. This is caused by undigested 

carbohydrate reaching the lower bowel where gases are produced by bacterial flora. In 

three percent of cases troublesome diarrhea occurs. This gastrointestinal discomfort 

tends to discourage excessive carbohydrate consumption and promotes improved 

compliance of Type 2 patients with their diet prescriptions. For maximal benefit on 

postprandial hyperglycemia acarbose should be given with the first mouthful of food 

ingested. When acarbose is given alone there is no risk of hypoglycemia. However, if 

combined with insulin or sulfonylureas it might increase the risk of hypoglycemia from 

these agents. A .slight rise in hepatic aminotransferases has been noted in clinical trials 

with acarbose (five versus two percent in placebo controls), and particularly with doses 

greater than 300 mg/day. The liver enzymes generally return to normal on stopping the 

medication. Miglitol is similar to acarbose in terms of its clinical effects. It is indicated 

for use in diet or sulfonylurea treated patients with Type 2 diabetes. Gastrointestinal side 

effects are similar to acarbose. The medication is not metabolized and is excreted 

unchanged by the kidney. Theoretically, absorbable a-glucosidase inhibitors could 

induce a deficiency of one or more of the a-glucosidases involved in cellular glycogen 

metabolism and biosynthesis of glycoproteins. This does not occur in practice because, 

unlike the intestinal mucosa, which sees a high concentration of the medication, the blood 
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level is 200-fold to 1000-fold lower than the concentration needed to inhibit intracellular 

a-glucosidases. Miglitol should not be used in renal failure where its clearance would be 

impaired. 

2.4.4.3 Insulin 

Insulin is indicated for Type 1 diabetes as well as for Type 2 diabetic patients 

with insulinopenia or whose hyperglycemia does not respond to diet therapy alone or 

combined with oral hypoglycemic medications. With the development of highly purified 

human insulin preparations immunogenicity has been markedly reduced. These human 

forms decrease the incidence of therapeutic complications such as insulin allergy, 

immune insulin resistance, and localized lipoatrophy at the injection site (Home PD & 

Alberti KG., 1982). However, the problem of achieving optimal insulin delivery remains 

unsolved with the present state of technology. It has not been possible to reproduce the 

physiologic patterns of intraportal insulin secretion with subcutaneous injections of 

soluble or longer-acting insulin suspensions. Even so, with the help of appropriate 

modifications of diet and exercise and careful monitoring of capillary blood glucose 

levels at home it has often been possible to achieve acceptable control of blood glucose 

by using various mixtures of short- and longer-acting insulins injected at least twice daily 

or by using portable insulin infusion pumps. Commercial insulin preparations differ with 

respect to the animal species from which they are obtained, purity and solubility, and the 

time of onset and duration of their biologic action (Schernthaner G, 1993). As many as 

17 different formulations of insulin are available in the USA. The two species of insulin 
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are human insulin and pork insulin. Human insulin is produced by recombinant DNA 

techniques (biosynthetic human insulin). Marketed formulations are Humulin® (Eli 

Lilly) and No vol in® (Novo Nordisk). They are sold as either regular (R), NPH (N), lente 

(L), or ultralente (U) formulations. Three analogs of human insulin, two rapidly acting 

(insulin lispro, insulin aspart) and one very long-acting are also available. Four principal 

types of insulins are available: (1) ultra-short-acting, with very rapid onset and short 

duration; (2) short-acting, with rapid onset of action; (3) intermediate-acting; and (4) 

long-acting, with slow onset of action (Katzung BG, 2001). Table 2.7 displays selected 

examples of these four types of insulin available in the United States. 

Table 2J% Examples of some insulin preparations 

Preparation Species Source 
1. Ultra-short-acting insulins 

Insulin lispro (Humalog®) Human analog 

Insulin aspart (Novolog®) 
(recombinant) 

Insulin aspart (Novolog®) Human analog 
(recombinant) 

2. Short-acting insulins 
Regular Human 
Regular Iletin II Pork 

3. Intermediate-acting insulins 
Lente Humulin Human 
Lente Iletin II Pork 

4. Lons-acting insulins 
Ultralente Humulin Human 
Insulin glargine Human analog 

(recombinant) 
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Ultra-short-acting insulin 

Insulin lispro (Humalog®) is an insulin analog, produced by recombinant 

technology, wherein two amino acids near the carboxyl tenninal of the B chain have been 

reversed in position: proline at position B28 has been moved to B29 and lysine has been 

moved from B29 to B28 (Vajo Z & Duckworth WC, 2002). Insulin aspart (Novolog®) is 

a single substitution of proline by aspartic acid at position B28. These changes result in 

these two analogs having less tendency to form hexamers, in contrast to human insulin. 

When injected subcutaneously, the analogs quickly dissociate into monomers and are 

absorbed very rapidly, reaching peak serum values in as soon as one hour. In contrast, 

regular human insulin hexamers require considerably more time to dissociate and become 

absorbed. The amino acid changes in these analogs do not interfere with their binding to 

the insulin receptor, with the circulating half-life, or with their immunogenicity, which 

are all identical with those of human regular insulin. 

Short-acting insulin 

Regular insulin is a short-acting soluble crystalline zinc insulin whose effect 

appears within 30 minutes after subcutaneous injection and lasts five to seven hours 

(Francis AJ, Manning I, & Alberti KG, 1985). Intravenous infusions of regular insulin 

are particularly useful in the treatment of diabetic ketoacidosis and during the 

perioperative management of insulin-requiring diabetics. When intravenous insulin is 

needed for hyperglycemic emergencies, insulin lispro has no advantage over regular 

human insulin, which is instantly converted to the monomeric form when given 
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intravenously and which is 30 to 40 percent less costly than insulin lispro. Regular 

insulin is indicated when the subcutaneous insulin requirement is changing rapidly, such 

as after surgery or during acute infections. 

Intermediate-acting insulin 

Lente insulin is a mixture of 30 percent semilente (an amorphous precipitate of 

insulin with zinc ions) with 70 percent ultralente insulin (an insoluble crystal of zinc and 

insulin) (Robert JJ, Chevenne D, & Debray M, 1989). Its onset of action is delayed for 

up to two hours and because its duration of action often is less than 24 hours (with a 

range of 18-24 hours), most patients require at least two injections daily to maintain a 

sustained insulin effect. Lente insulin has its peak effect in most patients between eight 

and 12 hours. 

Long acting insulin 

Humulin ultralente is a crystalline insulin whose duration of action is less than 

that of the previously available beef ultralente (Lepore M et al., 2000). It is generally 

recommended that the daily dose be split into two equal doses given 12 hours apart. Its 

peak is less than that of NPH insulin, and it is often used to provide basal coverage while 

the short-acting insulins are used to cover the glucose rise associated with meals. 



85 

2.4.5 Type 2 Diabetes in the VHA 

Diabetes is a disease, which frequently leads to serious, high-cost complications 

and is one of the most prevalent chronic diseases among veterans. In addition to the 

economic burden of Type 2 diabetes on the VHA, a recent study also found that there 

was substantial geographic variations in the use of hospital and outpatient services in the 

VA health care system for eight diseases, including diabetes (Ashton CM et al., 1999). 

The researchers analyzed use of hospital and outpatient services by assessing the risk-

adjusted numbers of hospital days (the average number of days a patient spent in the 

hospital per 12 months of follow-up, regardless of the number of hospital stays), hospital-

discharge rates, and clinic-visit rates from 1991 through 1995 for the entire system and 

within 22 geographically based health care networks. Such results in addition to the 

overall goal of the VHA to standardize quality of care and eliminate inappropriate 

utilization (or underatilization) of services, led to the implementation of VHA specific 

diabetes clinical practice guidelines. The VHA clinical practice guidelines for diabetes 

were heavily based on two large multi-center randomized clinical trials. These two 

studies are summarized below. 

2.4.5.1 The Diabetes Control and Complication Trial (DCCT) And United Kingdom 

Prospective Diabetes Study (UKPDS) 

The Diabetes Control and Complication Trial (DCCT) was a landmark 

multicenter trial designed to test the proposition that the complications of diabetes 

mellitus were related to elevation of the plasma glucose concentration (The Diabetes 
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Control and Complications Trial Research Group, 1993). The study design was simple. 

Two groups of Type 1 diabetic patients were followed long term, one treated 

conventionally (goal; clinical well-being, referred to as the standard treatment group) and 

another treated intensively (goal: normalization of blood glucose; referred.to as the 

intensive treatment group). The intensive treatment group was distinguished from the 

standard treatment group in terms of glycocylated hemoglobin levels' and capillary blood 

glucose values. Normalization of glucose values was not achieved in the intensively 

treated cohort as a group because mean glucose values were approximately 40 percent 

above normal limits. Nonetheless, over the study period, which averaged seven years, 

there was a 60 percent reduction in risk in diabetic retinopathy, nephropathy, and 

neuropathy between the intensive treatment group and the standard treatment group (The 

Diabetes Control and Complications Trial Research Group, 1995). The benefit of 

intensive therapy resulted in a delay in the onset and a major slowing of the progression 

of these three complications. The benefits of intensive therapy were seen in all categories 

of subjects regardless of age, sex, or duration of diabetes. 

The largest and longest study performed to date on patients with Type 2 diabetes 

was the United Kingdom Prospective Diabetes Study (UKPDS) (UK Prospective 

Diabetes Study Group, 1998c). The UKPDS recruited 5,102 patients with newly 

diagnosed Type 2 diabetes in 23 centers within the UK between 1977 and 1991 and 

followed them for an average of 10 years to determine (1) whether intensive use of 

pharmacological therapy to lower blood glucose levels would result in clinical benefits 
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(i.e. reduced cardiovascular and microvascular complications), and (2) whether the use of 

various sulfonylureas medications, the biguanide medication metformin, or insulin have 

specific therapeutic advantages or disadvantages (UK Prospective Diabetes Study Group, 

1998b). In addition, patients with Type 2 diabetes who were also hypertensive were 

randomized to "tight" or "less tight" blood pressure control to ascertain the benefits of 

lowering blood pressure and to ascertain whether the use of an ACE inhibitor (captopril) 

or beta-blocker (atenolol) offered particular therapeutic advantages or disadvantages (UK 

Prospective Diabetes Study Group, 1998a). The results of this trial found that prevention 

or development of retinopathy, nephropathy, and possibly neuropathy were associated 

with lowering blood glucose levels within intensive therapy group, which achieved a 

median HbAiC of 7.0 percent compared with conventional therapy with a median HbAjC 

of 7.9 percent. The overall microvascular complication rate was decreased by 25 percent. 

These results materially increased the evidence that hyperglycemia causes or is the major 

contributor to these complications. 
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2.4.5.2 VHA clinical practice guidelines 

Based on the above two trials and seven months of consensus building among 

more than 70 experts from all sectors of the health care delivery system the VHA clinical 

practice guidelines for diabetes were developed. These guidelines highlight six modules: 

(1) glycemic control; (2) foot care; (3) eye care; (4) hypertension management; (5) lipid 

control; and (6) treatment of renal disease. The VHA diabetes clinical practice guidelines 

are summarized in Table 2.5. 
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Table 2.5 Summary of the Veterans Health Administration diabetes guidelines 

Assessment Recommendations 
Metabolic control 

HbA,C 

<7% 

<9% 

Hemoglobin AlC target goals should be individualized and 
primarily based on both life expectancy and presence or 
absence of microvascular complications 
If life span > 15 years in the absence of microvascular 
complications, or > 10 years in the presence of early to 
moderate microvascular disease 
If life span < 5 years, with or without macro vascular 
disease 

Cardiovascular 

Blood Pressure 
<140/90 mm Hg 

LDL cholesterol 
<130 mg/dL 
<100 mg/dL 

No upper age limit, but does not recommend if life 
expectance is less than 5 years 

Therapy is individualized if it exceeds 140/90 mm Hg 

For all persons with diabetes 
For all persons with prior coronary artery bypass surgery 

Comolications 
Retionopathy 

Nephropathy 

Foot Examination 
High risk foot 

Insensate foot 

Foot deformity 

Annual eye screening if baseline or subsequent exam is 
noraial. Except for persons treated with HbAiC < 8%, 
treated with oral agents would be seen within 2 years if 
baseline or prior examination results were normal. 
Individuals at "high risk" for visual loss are explicitly 
referred for care management by eye specialist 
If life expectancy < 5years no screening for 
microalbuminuria. Random urine for albumin to creatinine 
ratio is acceptable. Nephrology referral for creatinine >2.5 
mg or 24-h urine specimen for creatinine >150mg/L in the 
absence of any retinopathy 
Annual foot risk assessment 
Defined as presence of vascular insufficiency (absence of 
pedal pulses, claudication, or prior bypass surgery) 
Defined as inability to detect Semmes-Weinstein 5.07 
monofilament at any site 
Defined as hammer toes, claw toes, or Charcot's foot 
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2.5 Profiling quality of ambulatory diabetes care in the VA health care system 

In order to examine regional variations in care and to improve the outcomes of 

veterans with diabetes, the VHA Office of Quality and Performance (OQP) began 

tracking diabetes-specific care across VHA's 22 networks and 145 facilities. These 

projects are in progress and only preliminary results have been published. One such 

study validated the use of diabetes quality measures constructed from clinical automated 

data versus those collected from medical record data and also evaluated the. performance 

of hybrid measures derived from a combination of the two data sources (Kerr EA et al., 

2002). Agreement between medical record and automated data was generally high, but 

the hybrid methodology had the highest validity. 

With the restructuring of VHA health system, medical care has shifted from VA's 

hospitals to its outpatient settings. This is apparent from evidence such as the closure of 

28,886 (55%) VHA acute-care hospital beds between September 1994 and September 

1999, 68 percent decrease in bed-days of care per 1,000. There also has been an increase 

in ambulatory care visits per annum from 25 to 37 million per year (Kizer KW et al., 

2000). Because of this shift in health care delivery, profiling of outpatient care is gaining 

interest among health care managers, providers, and consumers. 

The National Committee for Quality Assurance's (NCQA) Diabetes Provider 

Recognition Program, a voluntary program for individual physicians or physician groups 

that provide care to people with diabetes has developed and validated a set of key process 
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measures to improve care for people with diabetes. These measures are also a part of 

NCQA's Health Plan Employer Data and Information Set (HEDIS®), which is a set of 

standardized performance measures designed to ensure that purchasers and consumers 

have the information they need to reliably compare the performance of managed health 

care plans. Additionally, these measures overlap with VHA's diabetes specific clinical 

practice guidelines. 

In 1997, the VA Offices of Quality and Performance and Patient Care Services 

funded an interagency Diabetes Outcomes Measurement Conference which was a 

precursor to the Diabetes Quality Improvement Project (DQIP). The DQBP is a public 

and private sector collaboration that developed a set of diabetes-specific accountability 

and outcome measures to track quality of diabetic care (Fleming BB et al., 2001). The 

goal of the DQIP was to create a consensus around a single set of diabetic measures for 

performance reporting similar to that of the HEDIS® set, the underlying assumption being 

that results of such performance reporting would ultimately improve the quality of care 

delivered to diabetics, which in turn would result in better patient outcomes. DQBP 

measures are now used by health plans to meet accreditation requirements of CMS and 

NCQA and are also in congruence with the VHA diabetes guidelines for diabetic care 

(Diabetes QuaHty Improvement Project, 2000). This set includes eight performance 

measures, four process and four outcomes measures. The process measures are: 

1. HbAiC tested during reporting year 

2. Eye exam performed during reporting year 
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3. Lipid profile performed during reporting year 

4. Foot exam performed during reporting year 

The outcomes measures are: 

1. Poor control of HbAiC (>9.5%) 

2. Poor control of LDL cholesterol (>130 mg/Dl) 

3. Blood pressure poorly controlled (>140/90) 

4. Monitoring for diabetic nephropathy 

Currently, very little research exists that documents the quality of diabetes care, 

including key processes of care, costs, and outcomes within the VA health care system. 

Additionally, although the role of risk-adjustment is acknowledged when making 

performance comparisons, the predictors of poor performance measures are not well 

defined. In particular, it is unclear whether providers differ in their diabetic case-mix and 

whether judgment of provider performance differs after case-mix adjustment. If the VA 

is to be able to focus on improving efficiency by reducing healthcare resource use 

without negatively affecting quality of care, it must understand where and why variations 

in healthcare resource use occur. In theory, in the long run, when agreed upon/evidence 

based guidelines or performance measures are used the result would be good disease 

management. Diabetics are shown to have macrovascular or microvascular 

complications if their diabetes is not managed well (The Diabetes Control and 

Complications Trial Research Group, 1995). Therefore, when such a chronic disease like 

diabetes is managed well it is likely that good economic consequences will occur as well. 
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Because good diabetes management theoretically lowers the incidence of associated 

complications or co-morbidity and ultimately reduce health care resource consumption. 

A research study that would explore the relationship between diabetes care and clinical 

and economic outcomes, would provide information, which would be crucial for 

establishing baseline status, identifying significant sources of variation, and evaluating 

future quality improvement interventions. 
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Chapter 3: Methodology 

3.1 Overview 

The primary purpose of this research study was to develop a diabetes resource 

consumption index (DRCI) that would predict healthcare resource use for diabetic 

veterans. Although the value of risk adjustment when profiling quality of care has been 

acknowledged, there is a lack of knowledge regarding the role of diabetic case-mix on 

outcomes. Thus, the secondary purpose of this study was to explore the role of case-mix 

adjustment when profiling diabetes outcomes of ambulatory care. 

The specific research goals were addressed: (1) to determine the relationship 

between healthcare resource use (i.e. number of outpatient visits, and risk of 

hospitalization) and diabetes-related clinical measures (i.e. HbAjC value, creatinine 

clearance rate, low density lipoprotein (LDL) cholesterol value, total cholesterol, blood 

pressure); (2) to determine the relationship between healthcare costs (i.e. total costs, and 

ambulatory costs) and diabetes-related clinical measures (i.e. HbAiC value, creatinine 

clearance rate, LDL cholesterol value, total cholesterol, blood pressure); (3) to develop a 

diabetes resource consumption index (DRCI) with empirically derived weights, which 

would predict healthcare use and costs; (4) to determine the relationship between diabetes 

related performance measures and patient case-mix variables; and (5) to examine the 

variation in diabetes related performance measures between the four primary clinics after 

adjusting for significant patient case-mix variables. 



95 

3.2 Medical Risk Theory 

Medical risk can be defined as follows; 

Medical Risk (t) = / [Demographics (m). Health Status (t-i)] — (1) 

Where, 

Health Status (n)  =/[Disease severity (m). Comorbidity (,.])] 

Medical risk is the expected value of per capita utilization or costs of efficiently 

provided medical services delivered to a defined group of enrollees for a specific future 

period (Hornbook MC & Goodman MJ, 1989). Equation one indicates that medical risk 

at one time period is a function of observable characteristics, including demographics and 

health status, from a previous period. A diabetic's health status is defined as the severity 

of diabetes and comorbidity. Severity of primary disease was defined as the function of 

disease-specific clinical outcomes, and comorbidity was defined as the number of 

concurrent secondary diseases. The medical risk theory was used to develop and validate 

the diabetes resource consumption index (DRCI). The DRCI comprises of four medical 

risk outcomes, risk of hospitalization, total healthcare costs, total number of outpatient 

visits, and ambulatory costs. 

One of the implicit assumptions in the medical risk theory is, "the provision of 

efficient health care services" (Hornbook MC et al., 1989). Efficiency or quality of 

healthcare service delivery is tracked by evaluating a set of performance measures that 
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consist of agreed upon process and outcomes measures. For example, in order to 

examine regional variations in care and to improve the outcomes of veterans with 

diabetes, the VHA OQP tracks diabetes-specific and general prevention measures across 

VHA's 22 networks and 145 facilities. The VA has incorporated measures from DQIP in 

their external peer review program (EPRP) quality measurement system, which is based 

on medical record abstraction (Kerr EA, 2001). While EPRP is VA's gold standard and 

provides the most reliable diabetes quality information currently available, chart 

abstraction is very expensive. At the same time with the restructuring of VHA, medical 

care is shifting from hospitals to outpatient settings and tracking measures across 

outpatient clinics is necessary. Diabetes-specific performance measures have been 

generally well defined in the VA and are based on the 2002 VHA diabetes guidelines and 

can be abstracted electronically from the computerized medical records system in the 

VA. 

The following .section describes the study hypotheses, study design, estimation 

and validation of DRCl, and the relationship of patient case-mix with diabetic 

performance measures. 

3.3 Study Hypotheses 

This study examined nine primary hypotheses. Hypotheses one through four test the 

relationship between DRCI outcomes (healthcare utilization and costs) with diabetes 

clinical measures and are; 
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Hoi = There is no relationship between hospitalization and HbAiC value, creatinine 

clearance rate, LDL cholesterol value, total cholesterol, and blood pressure. 

Ho2 = There is no relationship between total costs and HbAiC value, creatinine clearance 

rate, LDL cholesterol value, total cholesterol value, and blood pressure. 

Ho3 = There is no relationship between total number of outpatient visits and HbAiC 

value, creatinine clearance rate, LDL cholesterol value, total cholesterol value, 

and blood pressure. 

Ho4 = There is no relationship between ambulatory cost and HbAjC value, creatinine 

clearance rate, LDL cholesterol value, total cholesterol value, and blood pressure. 

Hypothesis five examines the reliability of the DRCI. This hypothesis is: 

Ho5 = The DRCI empirical weights estimated from the 1998 derivation sample are not 

significantly different from those estimated from 1998, 1999 and 2000 validation 

samples. 

Hypothesis six examines the correlational validity of the DRCI and are: 

Ho6a = The correlation between the predicted scores obtained from 1998 derivation 

sample and hospitalization is not significantly different from the correlation 

between prediction scores of 1998 validation sample and hospitalization. 
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Ho6b = The correlation between the predicted scores obtained from 1998 derivation 

sample and total costs is not significantly different from the correlation between 

prediction scores of 1998 validation sample and total costs. 

Ho6c = The correlation between the predicted scores obtained from 1998 derivation 

sample and number of outpatient visits is not significantly different from the 

correlation between prediction scores of 1998 validation sample and number of 

outpatient visits. 

Ho6d = The correlation between the predicted scores obtained from 1998 derivation 

sample and ambulatory medical costs is not significantly different from the 

correlation between prediction scores of 1998 validation sample and its 

ambulatory medical costs. 

Hypothesis seven tests the predictive ability of the DRCI with three commonly used risk-

adjustment indices, i.e. age, total comorbid conditions, and chronic disease score. These 

hypotheses are: 

Ho7a = Percentage of variation in the risk of hospitalization explained by the DRCI is 

not significantly different from age, total number of comorbid conditions, or 

CDS. 

Ho7b = Percentage of variation in the total costs explained by the DRCI is not 

significantly different from age, total number of comorbid conditions, or CDS. 
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Hypotheses eight and nine test the secondary objectives of this study. In particular, 

hypothesis eight tests the relationship between patient case-mix variables and diabetes 

specific performance measures. These hypotheses are: 

Hosa = There is no association between case-mix variables (i.e. age, gender, ethnicity, 

marital status, BMI, total number of comorbid conditions, systolic and diastolic 

blood pressure, triglycerides, LDL cholesterol, total cholesterol, and creatinine 

clearance rate) with the proportion of diabetics who have HbA]C value equal or 

greater than eight percent. 

Hosb = There is no association between case-mix variables (i.e. age, gender, ethnicity, 

marital status, BMI, total number of comorbid conditions, systolic and diastolic 

blood pressure, triglycerides, LDL cholesterol, total cholesterol, and HbAiC) with 

proportion of diabetics who have creatinine clearance rale equal or less than 80 

ml/min. 

Hose = There is no association between case-mix variables (i.e. age, gender, ethnicity, 

marital status, BMI, total number of comorbid conditions, systolic and diastolic 

blood pressure, triglycerides, total cholesterol, HbAiC and creatinine clearance 

rate) with proportion of diabetics who have LDL cholesterol value equal or 

greater than 130 mg/dL. 

And lastly, hypothesis nine evaluates the quality of diabetes care between SAVAHCS 

outpatient clinics: 
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Hgai: Outpatient clinics do not differ in the proportion of diabetic patients who have 

HbA|C value less than eight percent before controlling for patient case-mix 

variables. 

H9a2: Outpatient clinics do not differ in the proportion of diabetic patients who have 

HbAiC value less than eight percent after controlling for patient case-mix variables. 

H9b); Outpatient clinics do not differ in the proportion of diabetic patients who have 

creatinine clearance rate less than 80 ml/min before controlling for patient case-mix 

variables. 

Hgbi: Outpatient clinics do not differ in the proportion of diabetic patients who have 

creatinine clearance rate less than 80 ml/min after controlling for patient case-mix 

variables. 

Hgci: Outpatient clinics do not differ in the proportion of diabetic patients who have LDL 

cholesterol less than 130 mg/dL before controlling for patient case-mix variables. 

H9c2: Outpatient clinics do not differ in the proportion of diabetic patients who have LDL 

cholesterol less than 130 mg/dL after controlling for patient case-mix variables. 
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3.4 Study Design 

A retrospective, cross-sectional observational study design utilizing 

administrative, clinical, and pharmacy data set was used for this research. In order to 

develop the DRCI and profile diabetic outcomes of ambulatory care, diabetic veterans 

were identified from four outpatient VA clinics in the Southern Arizona Veterans Affairs 

Healthcare System (Saguaro, Ocotillo, Mesquite, and Palo Verde) from 1998 to 2002. 

Diabetes specific clinical and total resource use variables vi'ere collected from each of the 

primary service clinics. Data for this research were analyzed, and results reported at both 

the primary clinic and subject level. Health status and demographic data were collected 

and compared between the four clinics over a 12 months time period. In particular, data 

were collected for subjects who were continuously eligible to receive diabetic care at the 

four clinics at the Tucson Southern Arizona Veterans Affairs Health Care System 

(SAVAHCS). This study has been approved by the Human Subjects Committee at The 

University of Arizona and a copy of the letter can be found in Appendix F. 

3.5 Study Eligibility 

Subjects were included in this study if: (1) they were eligible to receive medical 

care through the SAVAHCS anytime between 1998 to 2002; (2) were alive from 1998 to 

2002; and (3) had either received care related to diabetes (1CD-9-CM 250.XX) at one of 

the four primary service clinics, or had received a diabetes-specific prescription (oral 

anti-glycemic agents or insulin) anytime during the study period. A list of diabetes-

specific prescription medications is presented in Table 3.1. 



102 

Table 3.1. Diabetes specific medications 

Therapeutic Category Generic Name Brand Name 
Sulfonylureas Tolbutamide Orinase® 

Tolazamide Tolinase® 

Acetobexamide Dymelor® 

Chlorpropanamide Diabinese®, Glyburide®, 

Diabeta®, Micronase®, 

Glipizide 
Glynase® 

Glucotrol®, Glucotrol XL®, 
Glimeperide Amaryl® 

Meglitinide Analogs Repaglinide Prandin® 

D-Phenvlalanine Derivatives Nateglinide Starlix® 

Bieuanides Metformin Glucophage®, Glucophage 
XR® 

Thiazolidinediones Rosiglitazone Avandia® 
Pioglitazone Actos® 

Alpha-Glucosidase Inhibitors Acarbose Precose® 
Miglitol Glyset® 

Sulphonvlureas+Bieuanides Glyburide/Metformin Glucovance® 

Ultra Short-Actine Insulin Insulin Lispro Humalog® 
Insulin Aspart Novolog®, Novo Nordisk® 

Short-Actios Insulin Regular 
Regular Iletin II 

Intermediate-Actins Insulin Lente Humulin 
Lente Iletin II 

Lons-Acting Insulin Ultralente Humulin 
Insulin Glargine Lantus® 
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In particular, the following methods were used to select subjects for objective 1. 

1. Patient with a ICD-9 diagnoses codes for diabetes occurring between 1998 to 

2000. Only diagnoses codes were used because this would permit inclusion of 

subjects with utilization data. 

2. The sample was divided into three groups, group 1998, group 1999, and group 

2000, depending on which year the subject was identified. 

3. Subjects from group 1998 that have utilization data in both 1998 and 1999 were 

labeled as sample 1998. Similarly, subjects from group 1999 that have utilization 

in 1999 and 2000 and not previously selected in sample 1998, were labeled as 

sample 1999. Finally, subjects from group 2000 that have utilization data 

available in 2000 and 2001 and not previously identified in samples 1998 or 1999 

were labeled as sample 2000. Thus, at this point there are three independent 

sample cohorts - sample 1998, sample 1999, and sample 2000. 

4. Individuals that overlapped in both group 1998 and 1999 were replaced in sample 

1998; subjects that overlapped in group 1999 and 2000 were replaced in sample 

1999. 

5. Subjects that were present all three 1998 to 2000 groups were randomly assigned 

to the three samples by using a random variable with values between zero and 

one. The subjects that were assigned zero were placed in sample 1998, those in 

one in sample 1999, and the remaining in sample 2000. 
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The final set consisted of three equal size samples. Sample 1998 will be referred was the 

derivation sample, and sample 1999 and 2000 labeled validation sample 1999 and-

validation sample 2000. 

For the second objective, the following inclusion criteria were used. 

1. Subjects were eligible to receive care in year 2002 at one of the four Tucson VA 

outpatient clinics (i.e. Saguaro, Palo Verde, Ocotillo, and Mesquite); 

2. Subject had to have either a diabetes diagnosis code of 250.XX or a diabetes-

specific pharmacy claim (listed in Table 3.1); and 

3. Subjects were alive during the entire index (2002) year. 

3.6 Sample Size Determination 

All subjects that met the eligibility criteria described for objective 1 were included 

to develop the DRCI and compare its predictive ability with other risk-assessment 

indices. A sample size calculation was perforaied only for the second study objective. In 

order to detect a statistical difference HbAjC, a sample size calculation was performed. 

The residual variance for HbA|C (SE = 2.06) was derived from a recent diabetes-related 

study conducted in a VA population (Maione DC et al., 2002). An effect size (Cohen's f) 

of 0.20 was used based on the review of the literature showed that a 1% decrease in 

HbA1C had a significant economic advantage to the healthcare system (Gilmer TP, 

O'Connor PJ, Manning WG, & Rush WA, 1997). A minimum sample size of 360 
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diabetes subjects (approximately 90 per clinic) would be required to detect a difference of 

one percent in HbAiC level using a power of 0.90 and type I error rate of 0.05. 

3.7 Data Source 

The sources of data used in these analyses were administrative, hospital 

discharge, laboratory and pharmacy databases, along with electronic medical charts 

obtained from the SAVAHCS. 

3.7.1 Patient File 

Demographic variables including eligibility status, marital status, age, gender, and 

ethnicity were collected from 'Patient file,' which contains this information 

electronically. 

3.7.2 Patient treatment file (PTF) 

The Department of VA's Patient Treatment Files (PTFs) for 1998 through 2001 

were used in this study. The PTF is the VA's standardized hospital discharge abstract 

system describing each patient's demographic (e.g. age, sex, residence zip code) and 

clinical characteristics (ICD-9-CM diagnosis, CPT procedure, and DRG codes). Each 

year's PTF includes records for every discharge occurring during that year. Subjects that 

had any hospitalization within each index year was coded as one and zero otherwise. 
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3.7.3 Patient encounter file 

Outpatient encounter data were collected from patient encounter files that store 

information regarding the purpose of ambulatory visit. Outpatient encounter data for 

1998 to 2002 were collected for eligible diabetic veterans. Total number of outpatient 

visits for each subject per year were computed using this data. 

Total number of discharge diagnoses (from the PTF) and total number outpatient 

diagnoses (from the patient encounter file) that were not diabetes-specific (ICD-9-CM 

code 250.XX) within each year for each subject was computed. This variable, total 

number of diagnoses, served as a surrogate measure of comorbidity. Number of 

comorbid conditions was included as a separate measure of severity because of its ease 

and simplicity of identification, and common use in the risk-adjustment literature. 

3.7.4 Pharmacy data 

Data on medications dispensed at the VA pharmacy and mail order facilities are 

electronically recorded and maintained under the supervision of the Chief VA 

pharmacist. Pharmacy records for each eligible diabetic were reviewed and summarized 

annually. Medication cost data were obtained from the Federal Supply Schedule. 

Annual medication claims data were used to compute CDS scores, which is described in 

detail below. 



107 

Calculation of CDS scores 

A comparison of the DRCI with CDS was made because of its similarity in terms 

of application as risk adjusters in other populations including the VA. The CDS was 

originally developed to determine the cost of care using pharmacy claims (Clark DO et 

aJ., 1995). It has shown to predict future healthcare utilization and costs. The revised 

CDS weights were empirically derived to predict three outcomes, i.e. total costs, 

ambulatory costs, and ambulatory visits. However, the weights for total costs have 

shown to reliably predict risk of future hospitalization (Clark DO et al., 1995). This 

study also used the revised CDS weights for total costs to predict risk of future 

hospitalization. In particular, medications dispensed from January 1®' of every year 

through December 31^' of that respective year were used to construct the revised CDS for 

all study subjects. The outcome-specific scores from Table 2.2 were calculated by the 

following equations. 

CDS total cost ~ Intercept + A age-group B gender C comorbidity 1 + C comorbidity 28 £ 

CDS outpatient cost ~ Intercept + A age-group ® gender 0 comorbidity 1 •••••-• + C comorbidity 28 "l" ® 

CDS outpatient visits ~ Intercept + A age-group ® gender C comorbidity 1 + C comorbidity 28 ® 

3.7.5 Laboratory File 

Laboratory' data on HbAiC, total cholesterol, LDL cholesterol, serum creatinine, 

and blood pressure were obtained for each index year from 1998 to 2000 for all eligible 

study subjects. If more than one value was recorded in a particular year, an average of 
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those values was taken. Seram creatinine was converted to creatinine clearance rate, 

which is a better measure of renal function using the formula below (Ferri FF, 2001). 

For Males -
Creatinine Clearance Rate = (140-Age) x Weight (in kg) 

72 X Seram Creatinine 
For Females -
Creatinine Clearance Rate = 0.8 x (140-Age) x Weight (in kg) 

72 X Serum Creatinine 

3.7.6 Medical charts 

Certain relevant variables that were not captured by the above databases were 

extracted from electronic medical charts. These included the weight, height, smoking 

status, and the date foot and eye exam was performed for each eligible subject during 

each index year. Body Mass Index (BMI) was calculated using the following formula. 

S M I -
[height{m)f 

Appendix A illustrates the data collection form from medical charts. These data 

were collected for each eligible subject for each calendar year. Data were averaged, if 

multiple observations for a particular variable were available in a given year. 
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3.8 Costing methodology 

Total costs were computed for each eligible subject for each year from 1998 to 

2001 and was a function of inpatient costs, ambulatory costs, pharmacy, and laboratory 

costs. Inpatient and ambulatory costs were obtained by linking patient-specific identifiers 

from electronic medical charts to the locally operated Decision Support System (DSS). 

3.9 Study Variables 

All variables used in these analyses were obtained from the dataset formed by the 

merger of elements of SAVAHCS data or were otherwise derived through manipulation 

of variables within this composite dataset. This section provides a description of the 

dependent and independent variables used in the research analyses, and the statistical 

techniques used to test the association between them. 

3.9.1 Dependent variables 

A list of dependent variables used in this analyses is presented in Table 3.2. 



Table 3.2. List of dependent variables for each index year 

Dependent Label Variable . 
Variables Type 
HBAiC Hemoglobin AlC Ratio 
LDL Low density lipoprotein (mm/dl) Ratio 
CHOL Total cholesterol level Ratio 
BPS Systolic blood pressure Ratio 
BPD Diastolic Blood Pressure Ratio 
CRECR Creatinine clearance rates Ratio 
INPATV Inpatient visit Nominal 

Yes = 1 
No = 0 

INPAT$ Total inpatient costs Ratio 
OUTPATV Total number of outpatient clinic Ordinal 

visits in a year 
OUTPATS Total outpatient costs Ratio 
TOTS Total costs = outpatient costs + Ratio 

inpatient costs + pharmacy costs + 
laboratory costs 

3.9.2 Independent Variables 

A list of independent variables used in the analyses is presented in Table 3.3. 



Table 3.3. List of independent variables 

Independent Variables Label Variable 
Type 

AGE Subject's age in years Ratio 
SEX Subject's gender 

0 = Female 
1 = Male 
. = Missing 

Nominal 

RACE Race/Ethnicity of the subject 
1 = Caucasian 
2 = White Hispanic 
3 = Non-white Hispanic 
4 = Native American 
5 = African American 
6 = Pacific Islander 
7 = Others 
. = Missing 

Nominal 

SMOKE Smoking Status 
1 = Current Smoker 
2 = Former Smoker 
3 = Non Smoker 
. = Missing 

Nominal 

BMI (kg/(ht in meters)"' Quetlet's Body Mass Index Ratio 
MARRY Marital Status 

1 = Single 
2 = Married 
3 = Divorced/Separated/ 
4 = Widowed 
. = Missing 

Nominal 

NODX Number of unique diagnoses 
over 12 months 

Ordinal 

CDS Chronic disease score -
calculated using a computer 
algorithm from the pharmacy 
database for each study cohort 

Interval 

DMTX Current diabetes treatment 
1 = Oral anti-diabetic 
medications only 
2 = Insulin only 
3 = Oral anti-diabetic 
medications + Insulin 

Ordinal 
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3.10 Statistical Analyses 

The following section describes the analysis plan for each individual hypothesis. 

3.10.1 Diabetes resource consumption index 

This section first describes the statistical procedures used to test hypotheses one to 

four and then describes the empirical derivation of DRCI weights 

3.10.1.1 Hypotheses Hoi to Ho4 

Figure 3.1 illustrates the three independent samples used in the empirical 

derivation of the DRCI. 

Figure 3.1 Sample selection for DRCI 

2000 Group 1999 Group 1998 Group 

Eligible Subjects 

1998 Derivation 

1998 diabetes 
clinical measures 

1999 c^sts and 
utilization 

1999 Validation 

f 

i 

1999 diabetes 
clinical measures 

2000 costs and 
utilization 

2000 Validation 

2000 diabetes 
clinical measures 

\/ 

2001 costs and 
utilization 
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The medical risk outcome variables (i.e. cost of care and utilization) of the 1998 

derivation sample occurring in 1999 were estimated. Bivariate tests (chi-square, and 

Student's i-test) between the estimated medical risk outcome variables and the five 

diabetes-severity variables (i.e. HbAjC, LDL cholesterol, total cholesterol, blood 

pressure, and creatinine clearance) for the 1998 derivation sample were performed. In 

particular, the association between the medical risk outcome (i.e. risk of hospitalization, 

total costs, outpatient visits, and ambulatory costs) and diabetes-specific severity 

variables were tested at an alpha 0.10 level. An alpha level of 0.10 was chosen because 

the goal of bivariate tests were to identify a set of independent variables that were 

collectively predictive of the dependent outcome. Hence the selection criteria for these 

model independents was relaxed and not tested at the conventional 0.05 or 0.01 alpha 

level. Similarly, associations with non-diabetes specific but important variables (e.g. age, 

marital status, smoking status, ethnicity, BMI, and total number of diagnoses) and 

medical risk outcome variables were also bivariately tested at alpha 0.10 level. Each set 

of variables (both diabetes-specific and non-diabetes specific) that were significant at 

0.10 alpha level with each medical risk outcome were further used in a multivariate 

model to empirically estimate healthcare resource use and costs. Henceforth, the set of 

significant independent variables will be referred to as DRCI variables. Independent 

variables that were significant at the 0.10 level were simultaneously entered in a multiple 

regression model (i.e. unconditional logistic and ordinary least-squares regression). 

Hypotheses one to four were retained if the goodness of fit test (e.g. Hosmer-Lemeshow 

test for logistic regression or the R-squared value for ordinary least squares test) were 
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significant (for unconditional logistic regression) or not significant (for OLS regression) 

at 0.05 level. 

3.10.1.2 Empirical derivation of DMCI weights 

Each medical risk measure was used as the dependent variable in either an 

ordinary least squares (OLS) regression (total costs, ambulatory costs, ambulatory visits) 

or a multiple logistic regression (probability of hospitalization). The following is an 

example of the model in its most generalized form; 

Risk,,,= X/,,.i.p, +e, (2) 

General linear models (OLS and logistic) were used to estimate health services 

utilization and costs because it allows for the calculation of a risk profile for each subject 

by summing coefficients for each independent variable. Although, concerns regarding 

the distributional properties of health utilization and cost variables have been raised in the 

past, (Zhou XH, 2002; Rascati KL, Smith MJ, & Neilands T, 2001; Briggs A & Gray A, 

1998) a recent study showed through simulations that healthcare resource data could be 

reliably analyzed using least-squares approaches if sample sizes were 500 or greater 

(Lumley T, Diehr P, Emerson S, & Chen L, 2002). 

Each set of significant 1998 derivation samples' DRCI variables were regressed 

on the four medical risk dependent variables collected in the following year. Enrollees 
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with complete laboratory data were included in the analyses. Four separate regressions 

were performed, one for each medical risk variable. The general form of these equations 

are given below. 

DRCI1 = Predicting risk of hospitalization: 

ln(O0 = Intp/d- P i ) ]  = a +  

Where, 
ln(0,) = natural logarithm of the odds of hospitalization for subject i 
Pi = probability of hospitalization for subject i 
I -  P i -  probability of not being hospitalized for subject i 
Xij's = set of identified significant DRCI variables (/) for subject i 
a = intercept 
bj = beta weights for j DRCI variables 

DRCI 2 = Predicting total costs: 

{Total costs)pmT>i = « + 

Where, 
{Total cc>5f5)pREDi = Predicted total costs for subject i 
Xi/s = set of identified significant DRCI variables (j) for subject i 
a = intercept 
bj = beta weights for j DRCI variables 

DRCI 3 = Predicting total ambulatory visits: 

{Ambulatory visits)mEDi = a+ ^^b.X^j 

Where, 
{Ambulatory visits)pKEDi = Predicted total costs for subject i 
Xi/s = set of identified significant DRCI variables (/) for subject i 
a = intercept; bj - beta weights for j DRCI variables 
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DRCI 4 = Predicting outpatient costs: 

{Ambulatory costs)mEDi-a+^bjX.. 
*'0^ J J J 

Where, 
(Ambulatory costs)pBEDi = Predicted total costs for subject i 
Xi/s = set of identified significant DRCI variables (J) for subject i 
a = intercept 
bj - beta weights for j DRCI variables 

Based on these four regression models, beta weights were obtained for each 

significant DRCI variable. These weights were then multiplied by the DRCI variables for 

the 1999, and 2000 validation samples, to calculate respective predicted scores for each 

medical risk variable (probability of hospitalization, total cost, outpatient visits, and 

outpatient visits). Once created, the overall goal of the analyses was to establish the 

reliability (stability) of the DRCI weights and to compare our proposed DRCI with other 

risk-adjustment indices (predictive validity) with respect to predicting healthcare costs 

and resource use. 

3.10.2 Precision of DRCI 

Every measure has to be assessed for its precision because with low precision 

there is only 'noise' in the measurement and it would be hard to interpret the results. The 

two most important aspects of precision are reliability and validity. Reliability refers to 

the reproducibility of a measurement. Reliability can be quantified by simply taking 

several measurements on the same subjects. Poor reliability degrades the precision of a 

single measurement and reduces one's ability to track changes in measurements in the 
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clinic or in experimental studies. The most common definition of validity is best 

described by the question; Are we measuring what we think we are measuring? Validity 

is quantified by comparing predicted measurements with actual values that are assumed 

to be true values. Poor validity also degrades the precision of a measurement, and it 

reduces one's ability to characterize relationships between variables. 

3.10.2.1 Reliability of DRCI (Hos) 

The most common form of reliability for risk adjustment measures is retest 

reliability, which refers to the reproducibility of values of a variable when one measures 

the same subjects two or more times. In this study, reliability of the relationship between 

the DRCI weights and healthcare resource use variables was assessed. The reliability of 

DRCI is discussed below. 

The reliability (or structural stability) of DRCI was assessed by repeating the 

same modeling technique used in the 1998 derivation sample on independent samples of 

1999 and 2000. The number of diabetic subjects selected in 1999 and 2000 were equal in 

sample size as that of the 1998 derivation sample. For illustrative purposes, a general 

form of the DRCI regression model for the derivation sample, and three validation 

samples are presented here. 

1998 Derivation sample: Y,= a\ + a^X, + U], 
t= 1, 2, «] 

1999 Validation sample: Y, = y\ + y 2X, + U2t 
t~ 1, 2, n2 

2000 Validation sample: Y, = 6\ + S 2X, + uy 
t = l , 2 , . . .  n s  
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where, Y, is the medical risk outcome variable (e.g. total costs), X is DRCl variables (e.g. 

HbAiC value), the M'S are the disturbance terms in the three equations, and n\, ni, and ns, 

are the number of observations in the four time periods. A structural change (or poor 

reliability) may mean that the four intercepts are different, or the four slopes are different, 

or both the intercepts and slopes are different or any suitable combination of the 

parameters. In order to test the structural stability for continuous medical risk outcomes 

(e.g. total costs, outpatient visits, and ambulatory costs), the Chow test {Chow GC, 1960) 

was used. The assumptions underlying the Chow test are twofold. 

a) Ml,, U2t, and ~ N{0, a^) 

that is, the four error terms are normally distributed with the same (homoscedastic) 

variance 0^, and 

b) uit, U2t, and m, are independently distributed 

With these assumptions, the Chow test was performed as follows (Gujarati DN, 1995). 

Step I: All samples were combined (ni+ n2+ na) and the residual sum of squares (S/) was 

estimated with df = (ni+ n2+ n.^ - k), where k was the number of DRCI variables 

estimated. 

Step II: Residual sum of squares for individual samples were estimated. Let these be S2, 

S3, and S4, with df = (nj - k), (ni - k), and (ns - k), for the derivation and 1998 

through 2000 validation samples respectively. S2, S3, and S4, were added to obtain 

S5 with df = (ni+ n2+ n3 - 3k). 



119 

Step III: The difference between S i  and S 5  was computed ( S e  = 5; - S5). 

Step rV: Given the assumptions of the Chow test, the F statistic was calculated as 

follows. 

r 
S ^ / { n ^ n 2  +  — 3 k )  

The F computed was compared to the critical F value at the 0.05 level, with df = 

(k, ni+ n2+ ns - 3k). If the F computed did not exceed the critical F value, the 

fifth null hypothesis was retained, and it was concluded that the DRCI weights 

were structurally stable, or reliable. 

3.10.2.2 Validity of DRCI (Hoe and HOT) 

Validity of DRCI was assessed by measuring correlational and predictive validity. 

Predicted risk scores were correlated with their actual (or estimated) outcomes for 

derivation and three validation samples. The correlation matrix illustrated below 

describes correlations between the predicted and actual medical risk variables for the 

1998 derivation sample. 

Correlation Matrix for 1998 derivation sample 

ACTUAL SCORE PREDICTED SCORE 
Risk of Total Outpatient Outpatient 

hospitalization costs visits costs 
Risk of hospitalization 
Total costs 
Outpatient visits 
Outpatient costs 

ri 
r2 

rs 
r4 
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Similarly, two sets of four correlations each was calculated for the remaining two 

validation samples. Hocas to Ho6c4 were tested as follows. Correlation coefficients 

obtained from the two validation samples were compared one by one to those obtained 

from the 1998 derivation sample, for the respective medical risk outcome. To determine 

if they differed, the two-sample z-test for comparing Fisher z-transformed correlation 

coefficients was performed (Fisher RA, 1921). An estimation model was considered to 

validate successfully if the calculated Fisher's z-statistic was less than 1.96 (critical Z 

statistic at 0.05 alpha level). 

1 ,  1 + r 
—In 
2 1-r 

Where, 
Zr and Zp = Fisher transformed correlation coefficients for derivation and validation 
samples 
n - sample size 
r = correlation coefficient 
In = natural logarithm 

Predictive validity of DRCI was assessed by comparing the percentage of 

variance explained in healthcare resource use and medical risk by DRCI independently 

with age, total number of unique diagnoses (surrogate measure of comorbidity), and the 

revised CDS. Hypotheses Ho? were tested as follows. A squared residual score 

(predicted minus observed, squared) for every individual using each risk-adjustment 

index for the four prediction equations for 1998 derivation sample was calculated. Thus, 

each subject in the 1998 derivation sample had four squared residual scores, one for each 

Z = 
Z r - Z p  
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risk-adjustment index. A univariate repeated measures ANOVA and a Friedman's non-

parametric test was conducted on the average of the squared residual scores to compare 

the predictive validity between the four risk-adjustment indices. A non-significant 

repeated measures ANOVA or Friedman's non-parametric test would conclude that the 

predictive validity of the DRCI was not significantly greater or lesser than the other four 

risk-adjustment indices. The Friedman's test was also included because the assumption 

of compound symmetry or sphericity for univariate repeated measures ANOVA is 

seldom met. However, if the results for both the tests are significant, the results for only 

repeated measures ANOVA will be reported. If the overall omnibus repeated measures 

ANOVA F-statistic test is significant, multiple comparisons using a protected (i.e. 

Bonferroni) alpha was conducted. 

Additionally, the forecasting accuracy of the DRCI was compared with three 

other commonly used risk adjustment indices (i.e. demographic model, number of 

comorbid conditions, and the revised CDS) using the validation sample and the following 

three measures; 

a) R-square: The R-square measures the percentage of individual variance 

explained by a model and addresses the question of how much the variance in the 

dependent variable (whether cost or utilization) was explained by a model. 

b) Mean prediction error (MPE): The MPE assesses how well, on average, a model 

produces a forecast of the mean. The MPE was calculated as - actual-predicted 

costs or utilization/n, in which n is the number of individuals in the validation 

sample. 
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c) Mean squared prediction error (MSPE): The MSPE is the squared difference of 

actual and predicted costs or utilization. Using the squared term has two 

advantages. First, because a squared term must be positive, predictions that are 

greater or less than actual costs cannot cancel each other out, as can happen with 

the MPE. Second, the squared term places a greater weight on poorer predictors 

and provides a better measure of the magnitude of deviations from the prediction 

mean. Although the MPE reveals a model's ability to predict means, the MSPE 

provides a measure of the range for those predictions. 

3.11 Profiling Quality of Ambulatory Care 

Diabetic veterans eligible for objective two were included in profiling quality of 

care. Case-mix (demographic and health status) factors related to performance measures 

were explored. Three process measures and three outcome measures were compared. 

Thus, subjects that met the eligibility criteria but had a particular performance measure 

missing, were assumed to not have undergone the performance measure. These 

performance measures were based on the 2002 VHA diabetes guidelines and were as 

follows: 

Process Measures 

1. Foot exam performed (once during reporting year) 

2. Screening for microalbuminuria if life expectancy were less than 5 years (i.e. > 70 
years) 

3. Hemoglobin AlC (HbAiC) test performed 
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Outcome Measures 

The following outcome measures were defined in the study that were based from the 

2002 VA diabetes practice guidelines discussed in chapter 2. 

1. Glycemic Control 
a) Percent of eligible veterans in 2001 having HbAiC levels less than 

eight percent if their life span is greater or equal to 15 years (i.e. > 60 
years) in the absence of microvascular complications (i.e. no diagnosis 
of eye problems), or greater than ten years in the presence of early to 
moderate microvascular disease (i.e. > 65 years). 

b) Percent of eligible veterans in 2001 having HbAiC levels less than ten 
percent if life expectancy is less than five years (> 70 years), with or 
without macrovascular disea.se. 

2. Renal Involvement 
a) Percent of eligible veterans having creatinine clearance rate less than 

80 ml/min 

3. Cholesterol Control 
a) Percentage of eligible veterans having LDL cholesterol levels less than 

130mg/dL in the absence of any prior coronary artery bypass surgery. 
b) Percentage of eligible veterans having LDL cholesterol levels less than 

l(X)mg/dL for persons with prior coronary artery bypass surgery. 

In general, compared to outcome measures, process of care measures have shown 

to detect changes or disparities in the quality of care across practice sites because process 

events occur more frequently than adverse outcomes and are less dependent upon case-

mix or risk-adjustment (Palmer R, 1997). When quality of care is measured by the 

proportion of a population receiving care that is appropriate, confounding is much less 

important because important exclusionary factors are reflected in the denominator of 

eligible patients. Process measures match patients to .specific health care processes that 
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are indicated for given conditions and thus in effect contain 'built-in' risk adjustment 

(Allison JJ et al., 2000). Therefore, process measures between the outpatient clinics were 

compared directly using unadjusted chi-square tests. 

3.9.1 Testing hypothesis Hos 

Bivariate chi-squared and Student's t tests were used to test Hog. In particular the 

relationship between each dichotomous outcomes measure was explored with age, 

ethnicity, marital status, smoking status, and total number of comorbid conditions. 

Significant case-mix variables (p<0.20) for each outcome measure were entered in a 

multivariate model separately. Thus, three multiple logistic regression models (Hosmer 

DW & Lemeshow S, 1989) were performed as the outcome measure (dependent variable) 

was dichotomous in nature (i.e. proportion of subjects having HbAiC value less than 

eight percent). In a logistic regression, the dependent variable is the natural logarithm of 

the odds (In O) of an event. If is the probability of an event and q=\—p is the 

probability that the event will not occur, then the odds of the event is piq. For example, 

letting Pi be the probability of the event in the case, the logistic regression model is: 

InO; = InlpAl -pi)] = a -I-

Where, 

Xi/s - set of variables to be included 
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In logistic regression, the result for the f' person is the probability of the outcome 

(pi). The predicted probability of the outcome for the case is given as; 

PREDi = 
In Oi e 

Case mix variables were retained in the model if they were significant at 0.10 type 

I error rate. Model performance was evaluated in two ways. First, model discrimination 

was measured using the area under the receiver-operating characteristic curve (ROC), or 

c-statistic. The c-statistic is the proportion of pairs in which the predicted probability of 

the outcome is higher for the patient who had the outcome than for the patient who did 

n o t .  E a c h  t i e d - p a i r  c o u n t s  a s  o n e - h a l f .  I t  i s  a l s o  e q u a l  t o  t h e  a r e a  u n d e r  t h e  R O C .  A  c -

statistic of greater than 0.80 is consider as a good measure of model discrimination. 

Second, the Hosmer-Lemeshow chi-square method was used to examine how well the 

model was able to distinguish patients at very different levels of risk for the three 

outcome measures. The following four steps were performed. 

a) Data were divided into ten subgroups based on deciles of predicted risk (PRED). 

b) Within each subgroup, deviations between observed and expected numbers of 

successful outcome (Osucc, - ̂succ.) and observed and expected numbers of 

unsuccessful cases (Ounsucc. - Eansucc.) were measured using a chi-square like 

statistic: 

(O siinr 
E 

^unsucx. .unsucc. •unsucc. 

Esucc. E succ. unsucc npq 

Where, 
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O = observed rate 
E = predicted rate 
n = number of cases in the subgroup 
p = the predicted outcome rate for these n cases 
q  =  i - p  

c) To determine whether deviations were larger than expected (under the hypothesis 

that each prediction is correct), these deviations were summed over the ten 

subgroups. The result was compared to a chi-squared distribution with eight 

degrees of freedom. 

d) The model was accepted if the p value for this test was reasonably large (i.e. the 

observed deviations from the model predictions were fully consistent with the size 

of chance deviations that would occur if the model were correct). 

e) If the p value was smaller than 0.05 a post-hoc subgroup analyses was undertaken 

to determine which subgroup had a significantly different predicted rate than 

observed. 

3.9.2 Evaluation of diabetic care between outpatient clinics (Hew) 

Comparison of outpatient clinics on three dichotomous outcome measures (i.e. 

HbAiC, creatinine clearance rate, and LDL cholesterol) before adjusting for patient case-

mix were performed using chi-square test of independence. In order to compare adjusted 

dichotomous outcome measures between the four clinics a two step methodology was 

used. Predicted scores from multivariate logistic regression models (as described in 

section 3.9.1) were obtained for each of the three outcome measures. Three one-way 

analysis of variance (ANOVA) was performed using the three predicted scores as 
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dependent variables and the clinic status as the independent variable. A post-hoc analysis 

using a Boneferoni correction was performed if the omnibus F-statistic was significant at 

p<.05. 

3.12 Study Assumptions 

Based on the database and variables used in this research, the following 

assumptions were made. The cohorts of diabetic patients obtained for this study were 

representative of the health care issues of diabetes patients in the SAVAHCS VA 

population. It was assumed that all diabetes related health care encounters and resources 

used were captured by the databases used in this study. 

3.13 Study Limitations 

Several limitations of this study deserve comment. The first limitation was the 

use of ICD-9 coding for selection of diabetics and comorbid conditions. ICD-9 coding is 

subject to errors and can occur for a number of reasons. These include misclassification 

of disease, miscoding, incorrect sequencing decisions, variability in coding, and clerical 

mistakes. The development and validation cohorts were selected and drawn from a single 

study site, raising a potential concern for the generalizability of the index's performance 

in other settings. However, it should be noted that the derivation and the validation 

samples of VA patients were completely independent of each other, i.e. the cohorts had 

different diabetic patients. Thus, the generalizability of this study to diabetic patients 

within SAVAHCS may not have been compromised. Future studies testing the index in 
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other settings and populations will be of critical importance before adopting it for general 

use. This study was unable to capture the number of years subjects were diabetic, which 

may be an important healthcare resource use and cost predictor. 

3.14 Summary 

The DRCI uses routinely collected diabetes-specific laboratory values to predict 

future healthcare resource use and costs. The reliability and validity of this index was 

rigorously evaluated. In addition, this chapter provided the methodological framework 

for evaluating the relationships between quality of diabetes care in the four SAVAHCS 

primary clinics with patient case-mix variables. 

The general limitations of a retrospective cross-sectional study design have been 

recognized along with limitations inherent in using claims and medical charts for 

outcomes research. In spite of these limitations however, the study design and database 

used in this research provides the SAVAHCS and the VA with an opportunity to predict 

future healthcare costs and assess quality of diabetes care between the four clinics 

without the cost and ethical problems associated with a prospective study design. 

The study has important implications for risk adjustment and health policy 

evaluations. A risk assessment is a forecast of a population's future health services 

utilization based on its health status, or proxy measure of health status, in an earlier "risk" 

period. The prohibitive cost of administering surveys for measuring health status for 
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large populations has focused attention on risk assessment measures that use data 

available in administrative infonnation systems. Risk assessment models based on ICD-

9-CM diagnoses have shown to prospectively explain from ten to 15 percent of the 

variance in health services utilization and cost among adults (Newhouse J, Manning W, 

Keeler E, & Sloss E, 1989). However, many of these models are proprietary in nature. 

On the other hand non-proprietary models such as the CDS have been shown to be valid 

and reliable predictors of future health services use and cost, and in addition, shown to 

perform as well as instruments based on ICD-9-CM inpatient and outpatient diagnoses 

(Clark DO et al., 1995). Furthermore, risk-adjustment models have generally been 

developed to predict health care resource use and cost in general populations and not in 

specific disease populations such as diabetics. Past efforts at predicting resource 

utilization have been directed toward general populations, and none so far have 

documented the role of case-mix adjustment for outpatient care. Therefore, the risk-

adjustment indices developed in this study specifically for diabetic patients, based on 

readily available data are hoped to be ultimately useful in the armamentarium of tools for 

risk-adjustment in diabetes patients at large. 
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Chapter 4: Results 

4.1 Overview 

This dissertation examined two distinct research objectives. The first objective 

concerned the development of a risk adjustment index that could be used in.a diabetic 

population to better predict costs and utilization compared to some of the commonly used 

indices. The second objective was concerned with role of case-mix adjustment when 

profiling quality of diabetes care between VA clinics. Since two distinct study samples 

were used to answer the two objectives of this research study, the following section 

describes results for both of them separately. 

4.2 Diabetes Resource Consumption Index 

Originally, this study had planned to have one derivation and two validation 

samples as outlined in Figure 2. However, not all eligible subjects that met the .study 

criteria (n = 2453) could be included in developing the DRCI for the lack of diabetes-

specific laboratory values. Veterans that had cither a physician diagnosis of diabetes 

mellitus, or a prescription for a diabetes-specific medicine as shown in Table 3.1 anytime 

between January 1, 1998 and December 31, 2000 were identified. This yielded a total 

sample of 2453 that was eligible for analyses. Out of the 2453 diabetic veterans, 2057 

(83.9%) had at least one HbAiC value, 1636 (66.7%) had serum creatinine, gender, age 

and weight reported so that a creatinine clearance rate could be computed. One thousand 

forty-nine (59.1%) subjects had a LDL cholesterol value, 1685 (68.7%) had a total 

cholesterol value, and 2284 (93.1%) had at least one systolic and diastolic blood pressure 
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value reported. Thus, only 949 (38.7%) of the 2453 subjects had all the five 

abovementioned laboratory values reported between the study period. Out of 949, only 

734 subjects had complete information on important demographic variables like age, 

gender, ethnicity, body mass index (BMI), and marital status. Thus, the final sample that 

was available for the DRCI model development was only 734. 

Previously, this study proposed to compute a variable, DMTX, which would 

measure a subject's diabetes treatment regimen (Table 3.3). However, after consulting 

with the Chief Pharmacist at SAVAHCS, Tucson, this variable was excluded. The 

underlying principle of this variable was to capture severity of diabetes. However, it was 

brought to the attention of the primary investigator that majority of diabetic veterans 

would be on combination therapy (i.e. prescribed oral anti-diabetic medications and 

insulin). Due to these reasons, it was decided to exclude the computation and use of the 

DMTX variable in the final analysis. 

Due to this substantial decrease in sample size, the analysis had to be modified. 

In such instances, a common approach is to randomly split the sample in half and use one 

as the derivation and the other as the validation sample (lezzoni LI, 1997). Accordingly, 

a random split of this study sample was created. Model estimation was done on the first 

sample (i.e. derivation sample) and validation using the other 50% of the sample (n = 

367). Additionally, it was not possible to accurately summarize total number of 

ambulatory visits for a study subject from the collected data. However, we were able to 
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capture total number of inpatient hospital days. Thus, inpatient days was added to the 

DRCl prediction in place of the total number of ambulatory visits. 

4.2.1 Descriptive Statistics 

Descriptive data on demographics, diabetes-related clinical measures, cost and 

utilization are provided in Table 4.1a and 4.1b for the original 2453 subjects initially 

identified, and those included in the analyses (n = 734). The mean age of the overall 

sample was approximately 66 years (SD = + 11.1), with majority (96%) of them being 

males. Sixty one percent of the sample was single and 71 % of them were White. The 

mean BMI was 31.4m/kg^ (SD = + 6.2), and ranged from 17 to 69m/kg^, indicating that 

this population was obese. 

For those variables that had more than one value collected during the study 

period, an average value was calculated. The mean HbAjC value was 7.9% (SD = + 1.7), 

creatinine clearance rate was 90 ml/min (SD = + 39.8), LDL cholesterol was 111 mg/dL 

(SD = + 34.1), total cholesterol was 195 mg/dL (SD = ± 43.2), and the systolic and 

diastolic mean blood pressure were 140 (SD = + 13.8), and 80 (SD = + 18.5) mm of Hg, 

respectively. The two cost variables, total costs and ambulatory costs included both 

direct and indirect costs. In particular, total cost was a sum of all outpatient, inpatient, 

and pharmacy costs. On an average the total and ambulatory costs for a diabetic veteran 

were $13,528 (SD = ± 18,083.7) and $9,956 (SD = ± 11,357.4) respectively. The mean 
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inpatient length of hospital stay was 1.6 days (SD = + 6.5). Finally, 18.8% of diabetics 

had at least one hospitalization within a 12 month period. 

Table 4.1a Descriptive characteristics of all diabetic subjects that received care at 
SAVAHCS, Tucson, between FY 1999 to 2IMI1 
Characteristics Mean or 

Frequency 
S.D. or 

% 
Minimum Maximum 

Age (years) 65.8 11.1 27 93 
Gender (% males)* 2200 96.3 - -

Marital status (% single)" 1379 56.2 - -

Ethnicity (% Whites)* 1629 66.4 - -

BMI(kg/m') 31.4 6.2 17 69 
HbA,C (%) 7.9 1.7 4.6 18.2 
Creatinine clearance (ml/min) 92.0 39.8 0.1 298 
LDL cholesterol (mg/dL) 111.0 34.1 25 272 
Total cholesterol (mg/dL) 195.0 43.2 92 513 
Blood pressure (mm Hg) 140/80 13.8/8.5 100/46 230/113 
Total costs ($) 13,528 18,083 0 186,808 
Ambulatory costs ($) 9,956 11,357 0 151,900 
LOS (days) 1.6 6.5 0 109 
Hospitalization (% yes)* 462 18.8 - -

Frequency reported; LOS = length of inpatient hospital stay 

Table 4.1b Descriptive characteristics of diabetic subjects included for objective one 
(N = 734) 
Characteristics Mean or 

Frequency 
S.D. or 

% 
Minimum Maximum 

Age (years) 65.9 10.3 31 90 
Gender (% males)* 710 96.7 - -

Marital status (% single)' 488 66.5 - -

Ethnicity (% Whites)* 534 72.8 - -

BMI (kg/m') 31.7 6.1 18 59 
HbA,C (%) 7.8 1.7 4.6 16.4 
Creatinine clearance (ml/min) 98.1 41.3 9.8 282.6 
LDL cholesterol (mg/dL) 111.1 34.1 27 246 
Total cholesterol (mg/dL) 191.3 39.9 92 357 
Blood pressure (mm Hg) 141.2/79.9 13.0/8.3 109/49 189/112 
Total costs ($) 14,797 18,642 0 17,0363 
Ambulatory costs ($) 11,063 11,399 0 111,817 
LOS (days) 6.9 12.3 1 109 
Hospitalization (% yes)* 144 19.6 - -

Frequency reported; LOS = length of inpatient hospital stay 
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Subjects included in the analysis were similar (p>.05) in age, gender distribution, 

and average BMI as compared to the entire sample that met the inclusion criteria. 

Additionally, those included in the final analysis for objective one had significantly 

greater percentage of whites and singles as compared to the original sample. 

4.2.2 Relationship of Risks to Outcomes 

A diabetes resource consumption index (DRCI) was constructed and the 

relationship between the five DRCI variables (i.e. HbA|C, creatinine clearance, LDL 

cholesterol, total cholesterol, and blood pressure) with each outcome measure (i.e. total 

costs, ambulator)' costs, length of stay, and risk of hospitalization) was assessed using the 

derivation sample. Pair-wise graphs were plotted between each DRCI variable and 

outcome measure to determine the relationships between the outcomes and risk variables 

(i.e. linear, cubic, etc). This was done because each risk factor may have different 

relationship with the various outcomes of interest. Additionally, Pearson correlations 

were also computed for each risk-outcome pair. A logistic regression was performed to 

test the relationship between the continuous risk-factor (e.g. HbAjc) and dichotomous 

outcome (i.e. risk of hospitalization) 

Figures 4.1 to 4.6 display bivariate scatter plots HbAiC, creatinine clearance, 

LDL cholesterol, total cholesterol, systolic and diastolic blood pressure with total costs, 

ambulatory costs, and days of inpatient hospital stay, respectively. 



135 

Figure 4.1a: HbAjC and total cost Figure 4.1b: HbAiC and ambulatory 
costs 
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Figure 4.1c: HbAjC and days of inpatient stay 
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Figure 4.2a: Creatinine clearance and total Figure 4.2b: Creatinine clearance and 
cost ambulatory costs 
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Figure 4.3c: LDL cholesterol and days of inpatient stay 
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Figure 4.4c: Total cholesterol and days of inpatient stay 
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Figure 4.6a: Diastolic blood pressure and Figure 4.6b: Diastolic blood pressure 
total cost and ambulatory costs 

I 

Figure 4.6c: Diastolic blood pressure and days of inpatient stay 
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A weak association was seen between the DRCI risk-variables and continuous 

costs and utilization variables. Table 4.2 provides the results from pair-wise correlation 

between the five DRCI risk-variables and three continuous outcomes. 
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Table 4.2 Pearson correlation between diabetes-specific variables and continuous 
costs and utilization variables 

DRCI Risk Variable Total Costs Ambulatory Costs Days of Inpatient Stay 
HbAiC -0.0078 -0.0092 -0.0206 

(0.725) (0.678) (0.351) 
Creatinine clearance rate -0.0929 -0.0825 -0.0471 

(<.001)' «.001)^ (0.056) 
LDL cholesterol -0.0154 -0.0349 0.0160 

(0.557) (0.184) (.543) 
Total cholesterol -0.0398 -0.0365 -0.0279 

(0.103) (0.134) (0.253) 
Systolic BP -0.0150 -0.0230 -0.0326 

(0.474) (0.272) (0.119) 
Diastolic BP -0.0633 -0.0588 -0.0704 

(0.003)' (0.005)' (<.001)' 
Values in parentheses are p-values. 

t p<.05 
t p<.(X)l 

Only creatinine clearance and diastolic blood pressure were significantly 

associated (p<.05) with total and ambulatory costs, and total number of inpatient days. 

The Pearson correlation between creatinine clearance and the costs variables, although 

weak (i.e. r = -0.09 and -0.08) were in the right direction. A high creatinine clearance 

rate was negatively correlated with costs. In other words, with every increase in 

creatinine clearance rate of 1 unit, there was a $0.08 to $0.09 dollars decrease in costs 

spent by the VA. Similarly, the correlation between the diastolic blood pressure and 

costs and utilization outcome variables was negative. An increase in diastolic blood 

pressure above the normal range, should be positively correlated with costs and 

utilization. Thus, this was not an expected finding. These results mean that as a 

diabetic's diastolic blood pressure goes up by one unit, he or she costs approximately 

$0.06 less or is associated with a 0.07 less inpatient days. 
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Table 4.3 shows the results of logistic regression between the risk of 

hospitalization and five continuous DRCI risk-variables. The results from the simple 

logistic regression models indicate that only systolic and diastolic blood pressure were 

significant (p<.20) predictor of hospitalization compared to the other four diabetes-

specific risk factors. 

Table 4.3 Relationship between diabetes-specific variables and risk of 
hospitalization* 

DRCI Risk Variable OR S.E. z-statistic p-value 

HbAiC 0.98 0.030 -0.52 0.602 
Creatinine clearance rate 0.99 0.001 -0.99 0.322 
LDL cholesterol 1.00 0.002 1.14 0.254 
Total cholesterol 1.00 0.001 0.13 0.894 
Systolic blood pressure 0.99 0.004 -2.53 0.011 
Diastolic blood pressure 0.97 0.006 -5.16 <.001 

Results for five individual logistic regression models are reported 
OR = Odds Ratio 
S.E. = Standard Errors 

In addition to the diabetes-specific risk variables, relationship between socio-

demographic variables and costs and utilization variables were explored. Only derivation 

sample was used for testing the relationship between the socio-demographic variables 

and the four outcomes. Age, gender, marital status, ethnicity and BMI were entered in a 

multivariate model (OLS and logistic regression). Selection of the independent variables 

were based using a simultaneous test of beta coefficients are equal to zero as given by the 

Wald test statistic and the log-likelihood (LR) test for OLS and logistic regression 

models, respectively. Table 4.4 to 4.7 show the results of the four multivariate models 
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that were used to explore the relationship of total cost, ambulatory cost, inpatient days, 

and risk of hospitalization with the socio-demographic variables, respectively. 

Table 4.4 Ordinary least square regression results predicting total cost 

Predictors Coefficient S.E. t-statistic p-value F-statistic' • p > F 

Intercept 9030.3 5276.7 1.71 0.087 3.71 0.018 
Age 42.6 49.1 1.17 0.286 
Gender -627.2 714.9 -0.93 0.417 
White"" 1718.8 1181.9 1.55 0.096 
Single"""' 124.9 198.1 0.98 0.309 
BMI 44.0 84.9 1.22 0.204 

Wald test statistic for testing linear hypothesis that all the estimated parameters are simultaneously equal 

to zero 

*' Reference = Females 

* Reference = Non-Whites 

Reference = Married 

Table 4.5 Ordinary least square regression results predicting ambulatory cost 

Predictors Coefficient S.E. t-statistic p-value F-statistic" p > F  
Intercept 10283.9 6114.4 1.68 0.093 2.67 0.035 
Age -23.9 44.7 -1.14 0.262 
Gender" -938.8 591.7 -0.89 0.394 
White"* 1816.9 1251.3 1.45 0.147 
Single 1086.1 1167.4 0.93 0.353 
BMI 28.9 30.1 1.02 0.289 

Wald test statistic for testing linear hypothesis that all the estimated parameters are simultaneously equal 

to zero 

Reference = Females 

* Reference = Non-Whiles 

Reference = Married 
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Table 4.6 Ordinary least square regression results predicting inpatient days 

Predictors Coefficient S.E. t-statistic p-value F-statistic" p > F  

Intercept -2.39 3.50 -0.68 0.494 1.13 0.342 
Age 0.02 0.03 0.91 0.364 
Gender"" 1.27 2.05 0.62 0.535 
White'" 1.36 0.72 1.91 0.057 
Smgie 0.02 0.66 0.03 0.975 
BMI -0.01 0.05 -0.10 0.923 

Wald test statistic for testing linear hypothesis that all the estimated parameters are simultaneously equal 

to zero 

Reference = Females 

Reference = Non-Whites 

Reference = Married 

Table 4.7 Logistic regression results predicting risk of hospitalization 

Predictors Coefficient S.E. z-statistic p-value LR-statistic* p > LR 
Intercept -1.563 1.37 -1.13 0.257 10.68 0.045 
Age 0.001 0.01 0.14 0.891 
Gender'* -0.348 0.73 -0.48 0.634 
White 0.932 0.34 2.70 0.007 
Smgle -0.133 0.27 -0.49 0.625 
BMI -0.004 0.02 -0.21 0.831 

Log-likelihood ratio test statistic for testing linear hypothesis that all the estimated parameters are 

simultaneously equal to zero 

Reference = Females 

Reference = Non-Whites 

Reference = Married 

*** 

Out of three OLS models that predicted continuous outcomes (i.e. total cost, 

ambulatory cost, and inpatient days), two of them had a significant (p<.05) Wald test 

statistic. Thus, the five socio-demographic variables were significant (p<.05) predictors 

of total cost and ambulatory cost. The Wald test statistic was not significant (p=0.342) 

for the inpatient days OLS model. Thus, socio-demographic variables were not included 

in the further model development of inpatient days. The LR test statistic for the full risk 
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of hospitalization model was 10.68 and significant (p<.05). Thus, the five socio-

demographic variables significantly predicted risk of hospitalization. 

4.2.3 Hypotheses Tests 

The derivation sample was used to test null h5^otheses one through four. 

Hypothesis five was modified to include only the two derivation and validation sanaples. 

Hypothesis six was tested after calculating the appropriate scores from the derivation and 

validation sample respectively, and finally null hypothesis seven was tested using the 

validation sample only. 

4.2.3.1 Hypotheses 1 to 4 

Hoi : There is no relationship between risk of hospitalization with HbAfC value, 

creatinine clearance rate, LDL cholesterol value, total cholesterol, and blood pressure. 

Multiple logistic regression was used to model risk of hospitalization and 

simultaneously test the relationship between the risk of hospitalization and the five 

diabetes-specific variables. Hypotheses one was evaluated using the log likelihood ratio 

(LR) test, which detennines the collective relationship of HbAiC, creatinine clearance 

rate, LDL cholesterol, total cholesterol and blood pressure with risk of hospitalization. 

The full model consisted of all five DRCI risk variables and socio-demographic variables 

(i.e. age, gender, ethnicity, and marital status) and BMI. The reduced model had only 

socio-demographic variables and BMI. The LR test statistic for the reduced model was 
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318.5 with a p-value of <.001. There was a significant relationship between risk of 

hospitalization with HbAjc, creatinine clearance rate, LDL cholesterol value, total 

cholesterol, and blood pressure. Thus, Hoi was rejected. Table 4.8 displays the results of 

the full model. 

Table 4.8 Logistic regression model for predicting risk of hospitalization with 
diabetes-specific and socio-demographic variables 

Predictors Coefficient S.E. z-statistic p-value LR-statistic* p > LR 
Intercept 1.88 2.57 0.73 0.463 318.5 <.001 
HbA,C 0.04 0.09 0.39 0.69 
Creatinine clearance rate -0.01 0.01 -0.33 0.742 
LDL cholesterol 0.01 0.01 1.41 0.157 
Total cholesterol -0.01 0.01 -1.08 0.280 
Systolic blood pressure 0.02 0.01 1.40 0.161 
Diastolic blood pressure -0.06 0.02 -2.60 0.009 
Age -0.01 0.02 -0.69 0.487 
Gender** -0.62 0.67 -0.92 0.359 
White"' 0.01 0.33 0.01 0.991 
Single -0.42 0.29 -1.40 0.161 
BMI 0.02 0.03 0.83 0.406 

Log-likelihood ratio test statistic for testing linear hypothesis that all the DRCI variables are 

simultaneously equal to zero 
Reference = Females 

Reference = Non-Whites 

Reference = Married 

H02: There is no relationship between total costs with HbAiC, creatinine clearance rate, 

LDL cholesterol value, total cholesterol, and blood pressure. 

Multiple linear regression (OLS ) was used to test null hypothesis two. A 

simultaneous test for whether the partial-regression coefficients of HbAiC, creatinine 

clearance rate, LDL cholesterol, total cholesterol, and blood pressure were equal to zero 
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was conducted. The F-statistic (6, 360) was 2.68 and the p-value was equal to 0.015. 

Since, the F-statistic between total costs with HbAiC, creatinine clearance rate, LDL 

cholesterol value, total cholesterol, and blood pressure was significant (p<.05), ; 

hypothesis two was rejected. Table 4.9 displays the results of this regression model. 

Table 4.9 OLS model for predicting total cost with diabetes-specific and socio-
demographic variables 

Predictors Coefficient S.E. t-statistic p-value F-statistic* p > F  
Intercept 25,575.4 17,561.3 1.46 0.146 2.68 0.014 
HbAiC 148.6 625.5 0.2 0.812 
Creatinine clearance rate -61.2 35.2 -1.74 0.083 
LDL cholesterol 81.9 63.0 1.30 0.197 
Total cholesterol -48.4 54.8 -0.88 0.378 
Systolic blood pressure 221.5 96.1 2.31 0.022 
Diastolic blood pressure -471.5 163.9 -2.88 0.004 
Age -151.2 133.1 -1.14 0.257 
Gender" 3,081.2 5,422.0 0.57 0.570 
White'" 1,664.3 2,228.1 0.75 0.456 
Single -242.2 2.065.5 -0.12 0.907 
BMI 196.5 188.4 1.04 0.298 

Wald test statistic for testing linear hypothesis that all the DRCl variables are simultaneously equal to 
zero 

Reference = Females 

Reference = Non-Whites 

Reference = Married 

Hm: There is no relationship between total number of inpatient days with HbAiC, 

creatinine clearance rate, LDL cholesterol value, total cholesterol, and blood pressure. 

OLS was used to test null hypothesis three. A simultaneous test for whether the partial-

regression coefficients of HbAjC, creatinine clearance rate, LDL cholesterol, total 

cholesterol, and blood pressure were equal to zero was conducted. The F-statistic (6, 
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360) was 1.15 and the p-value was equal to 0.33. Since, the F-statistic between total 

number of inpatient days with HbAiC, creatinine clearance rate, LDL cholesterol value, 

total cholesterol, and blood pressure was not significant (p>.05), hypothesis three was 

failed to reject. Table 4.10 displays the results of this regression. 

Table 4.10 OLS model for predicting inpatient days with diabetes-specific and socio-
demographic variables 

Predictors Coefficient S.E. t-statistic p-value •g—' • . * F-statistic p > F  
Intercept 2.66 6.10 0.44 0.660 1.15 0.33 
HbA,C 0.17 0.22 0.78 0.436 
Creatinine clearance rate 0.02 0.01 1.26 0.208 
LDL cholesterol 0.02 0.02 1.08 0.283 
Total cholesterol -0.02 0.02 -1.00 0.318 
Systolic blood pressure 0.04 0.03 1.20 0.230 
Diastolic blood pressure -0.11 0.06 -1.99 0.047 
Age 0.01 0.05 0.05 0.958 
Gender"" 0.89 1.88 0.47 0.636 
White"" 0.25 0.77 0.33 0.742 
Single"" -1.00 0.71 -1.41 0.161 
BMI -0.01 0.06 -0.19 0.853 

Wald test statistic for testing linear hypothesis that all the DRCI variables are simultaneously equal to 

zero 

* Reference = Females 

Reference = Non-Whites 

Reference = Married 

H04: There is no relationship between total ambulatory costs with HbAjC, creatinine 

clearance rate, LDL cholesterol value, total cholesterol, and blood pressure. 

OLS was once again used to test null hypothesis four. A simultaneous test for 

whether the partial-regression coefficients of HbAiC, creatinine clearance rate, LDL 

cholesterol, total cholesterol, and blood pressure were equal to zero was conducted. The 
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F-statistic (6, 360) was 3.21 and the p-value was equal to 0.004. Since, the F-statistic 

between total ambulatory costs with HbAiC, creatinine clearance rate, LDL cholesterol 

value, total cholesterol, and blood pressure was significant {p<.05), hypothesis four was 

rejected. Table 4,11 displays the results of this regression. 

Table 4.11 OLS model for predicting ambulatory cost with diabetes-specific and 
sodo-demograpMc variables 

Predictors Coefficient S.E. t-statistic p-value F-statistic* p > F  
Intercept 36,283.5 10,690.9 3.39 0.001 3.21 0.004 
HbAiC -304.3 380.8 -0.80 0.425 
Creatinine clearance rate -53.6 21.4 -2.50 0.013 
LDL cholesterol 17.2 38.4 0.45 0.654 
Total cholesterol -15.8 33.4 -0.47 0.636 
Systolic blood pressure 116.3 58.5 1.99 0.048 
Diastolic blood pressure -298.0 99.8 -2.99 0.003 
Age -200.1 81.0 -2.47 0.014 
Gender" 1,582.1 3,300.8 0.48 0.632 
White"* -63.2 1,356.5 -0.05 0.963 _ . - sfelPW# 
Single 363.1 1,257.4 0.29 0.773 
BMI 71.7 114.7 0.63 0.532 

Wald test statistic for testing linear hypothesis that all the DRCl variables are simultaneously equal to 

zero 

Reference = Females 

Reference = Non-Whites 

Reference = Married 

4.2.3.2 Risk scores 

Since hypothesis three was failed to reject, total number of inpatient days was 

eliminated as an outcome. LDL cholesterol and total cholesterol were highly correlated 

(r = 0.90) and therefore, only LDL cholesterol was included in the final models because 

of greater predictive ability, as confirmed by the adjusted and c statistic in the costs 

and utilization models, respectively. The parameters (DRCI variables) used in the final 
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models used to risk of hospitalization, predict total cost, and ambulatory cost along with 

their respective beta-coefficients are reported in Tables 4.12, 4.13, and 4.14 respectively. 

Table 4.12 Beta weights for DRCI parameters to predict risk of hospitalization 

Predictors Beta 
Coefficient 

S.E. z-statistic P 

Intercept -0.976 2.35 -0.41 0.678 
HbA,C 0.028 0.08 0.35 0.728 
Creatinine clearance rate 0.001 0.005 0.15 0.879 
LDL cholesterol 0.005 0.004 1.17 0.240 
Systolic blood pressure 0.018 0.012 1.42 0.155 
Diastolic blood pressure -0.047 0.021 -2.20 0.028 
Age -0.004 0.018 -0.23 0.816 
Gender" -0.303 0.746 -0.41 0.684 
White" 0.934 0.349 2.68 0.007 
Single -0.193 0.281 -0.69 0.491 
BMI 0.002 0.026 0.08 0.935 

Reference - Females 

Reference = Non-Whites 
*** TTV 

Reference = Married 

Table 4.13 Beta weights for DRCI parameters to predict total cost 

Predictors • Beta 
Coefficient 

S.E. t-statistic P Sd df. R" 

Intercept 21,940.8 14,954.2 , 1.47 0.143 8.57e" 356 0.070 
HbA,C 362.1 516.9 0.70 0.484 
Creatinine clearance rate -116.1 32.23 -3.60 <.001 
LDL cholesterol -22.1 24.5 -0.90 0.366 
Systolic blood pressure 107.4 79.5 1.35 0.178 
Diastolic blood pressure -207.0 131.7 -1.57 0.117 
Age -226.4 111.0 -2.04 0.042 
Gender' 867.8 5,372.5 0.16 0.872 
White" 4,829.3 1,874.1 2.58 0.010 
Single*"" 493.6 1,764.9 0.28 0.780 
BMI 466.! 164.9 2.83 0.005 

Reference = Females 

"* Reference = Non-Whites 
*** _ 

Reference = Married 

Sj = Residual sum of squares for derivation sample 

dfii = Degrees of freedom for derivation sample 
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Table 4.14 Beta weights for DRCI parameters to predict ambulatory cost 

Predictors Beta 
Coefficient 

S.E. t-statistic p 5, dfd R' 

Intercept 25,926.6 9,734.4 2.66 0.008 3.63e"' 356 0.092 
HbAiC 273.1 336.5 0.81 0.418 
Creatinine clearance rate -105.5 20.9 -5.03 <.001 
LDL cholesterol -22.0 15.9 -1.38 0.168 
Systolic blood pressure 78.3 51.8 1.51 0.131 
Diastolic blood pressure -120.9 85.7 -1.41 0.159 
Age -292.9 72.3 -4.05 <.001 
Gender* 207.5 3,497.2 0.06 0.953 
White" 2,525.3 1,219.9 2.07 0.039 
Single*" 355.3 1,148.9 0.31 0.757 
BMI 353.3 107.4 3.29 0.001 

Reference = Females 

Reference = Non-Whites 

Reference = Married 

Sj = Residual sum of squares for derivation sample 

dfj - Degrees of freedom for derivation sample 

Beta weights from these three models were then used as independent variables in 

the validation sample. Hypotheses six and seven were tested using these risk adjusted 

scores to predict utilization and costs. 

4.2.3.3 Hypotheses 5 

Hypotheses 5a through 5c were modified to include only one derivation sample 

and one validation sample. 

Hpsa". The DRCI empirical weights estimated from the derivation sample in predicting 

total costs are not significantly different from those estimated from the validation sample. 
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Predictors included in estimating the total costs in the derivation sample (Table 

4.13) were used to model total costs for the validation sample. The results for the 

validation sample regression analysis are shown in Table 4.15. 

Table 4.15 Beta weights for DRCI parameters to predict total cost in the validation 
sample 

Predictors Beta 
Coefficient 

S.E. t-statistic P df. R' 

Intercept -5676.6 19,094.5 -0.30 0.766 1.50e" 356 0.062 
HbAiC 731.4 689.6 1.06 0.290 
Creatinine clearance rate -124.5 38.8 -3.21 0.001 
LDL cholesterol 40.1 32.6 1.23 0.219 
Systolic blood pressure 93.7 103.7 0.90 0.367 
Diastolic blood pressure -193.5 176.8 -1.09 0.274 
Age -92.5 145.9 -0.63 0.526 
Gender* 6,623.1 6,563.1 1.01 0.314 
White" 4889.6 2,527.8 1.93 0.054 
Single"' -443.6 2,346.8 -0.19 0.850 
BMI 672.9 217.5 3.09 0.002 

Reference = Females 

** Reference = Non-Whites 

Reference = Married 

5,.= Residual sum of squares for validation sample 

dfy = Degrees of freedom for validation sample 

The two samples (i.e. derivation and validation 

modeling technique was repeated for the entire sample 

samples) were combined and the 

(Table 4.16). 
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Table 4.16 Beta weights for DRCl parameters to predict total cost in the entire 
sample 

Predictors Beta 
Coefficient 

S.E. t-statistic P dfe R' 

Intercept 8,533.7 11,879.6 0.72 0.473 2.4 le" 723 0.054 
HbAiC 674.7 434.7 1.55 0.121 
Creatinine clearance rate -97.2 25.1 -3.88 0.000 
LDL cholesterol 4.1 20.5 0.20 0.841 
Systolic blood pressure 131.4 65.1 2.02 0.044 
Diastolic blood pressure -272.9 107.8 -2.53 0.012 
Age -116.9 91.3 -1.28 0.201 
Gender* 2,472.9 3,943.4 0.63 0.531 
White" 4.678.7 1,562.4 2.99 0.003 
Single*'* 361.7 1,471.6 0.25 0.806 
BMI 473.1 136.2 3.47 0.001 

Reference = Females 

* Reference = Non-Whites 

Reference = Married 

Se = Residual sum of squares for the entire sample 

df, = Degrees of freedom for the entire sample 

Thus, the following residual sum of squares and degrees of freedom were 

obtained-

From Table 4.13 
From Table 4.15 
From Table 4.16 

Sd = 8.57e' 
Sv= 1.50e" 
5, = 2.41e'' 
5, = Srf + Sv = 8.57e" + 1.50e" 

= 10.07e II 

dfd = 356 
df, = 356 

dfe = 723 
df, = 356 + 356- 3k 

= 712-3(10) = 682 

where, 
Sd = Residual sum of squares for derivation sample 
dfd = Degrees of freedom for derivation sample 
Sy = Residual sum of squares for validation sample 
dfv = Degrees of freedom for validation sample 
Se = Residual sum of squares for the entire sample 
dfe = Degrees of freedom for the entire sample 
k = number of predictors of total costs 

The Chow test, F-statistic was calculated using the following formula -
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51.86 
•  '  S J d f ,  0.01477e" 

F(io, 682) at 95% alpha of the F distribution is 1.83. Thus, since 51.86 » 1.83, 

hypothesis 5a was rejected. 

Hpsb'. The DRCl empirical weights estimated from the derivation sample in predicting 

ambulatory costs are not significantly different from those estimated from the validation 

sample. 

Predictors included in estimating the ambulatory costs in the derivation sample 

(Table 4.14) were used to model ambulatory costs for the validation sample. The results 

for the validation sample regression analysis is shown in Table 4.17. 

Table 4.17 Beta weights for DRCI parameters to predict ambulatory cost in the 
validation sample 

Predictors Beta 
Coefficient 

S.E. t-statistic P Sv #v R' 

Intercept 21,253.2 9,696.1 2.19 0.029 3.86e'" 356 0.078 
HbAiC 66.4 350.2 0.19 0.850 
Creatinine clearaoce rate -99.22 19.7 -5.03 <-001 
LDL cholesterol -1.70 16.5 -0.10 0.918 
Systolic blood pressure 13.9 52.6 0.26 0.792 
Diastolic blood pressure -22.8 89.8 -0.25 0.800 
Age -241.8 74.1 -3.26 0.001 
Gender* 1,756.3 3.332.7 0.53 0.599 
White" 2,004.1 1,283.6 1.56 0.119 
Single"*' 514.6 1,191.7 0.43 0.666 
BMI 353.4 110.5 3.20 0.001 

Reference = Females 

Reference = Non-Whites 

Reference = Married 

5,.= Residual sum of squares 

dfy - Degrees of freedom for 

for validation sample 

validation sample 
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The two samples (i.e. derivation and validation samples) were combined and the 

modeling technique was repeated for the entire sample (Table 4.18). 

Table 4.18 Beta weights for DRCI parameters to predict ambulatory cost in the 
entire sample 

Predictors Beta 
Coefficient 

S.E. t-statistic P 5, dfe 

Intercept 25,149.5 7,247.4 3.47 0.001 8.97e"' 723 0.058 
HbAjC 234.3 265.2 0.88 0.377 
Creatinine clearance rate -79.9 15.3 -5.23 <.001 
LDL cholesterol -15.8 12.3 -1.27 0.205 
Systolic blood pressure 67.4 39.7 1.70 0.090 
Diastolic blood pressure -171.2 65.7 -2.60 0.009 
Age -214.0 55.7 -3.84 <.001 
Gender' 1,574.5 2.405.8 0.65 0.513 
White** 1,897.9 953.2 1.99 0.047 
Single'"* 733.5 897.8 0.82 0.414 
BMI 269.7 83.1 3.25 0.001 

Reference = Females 
Reference = Non-Whites 

" Reference = Married 
Sf = Residual sum of squares for the entire sample 
dfe = Degrees of freedom for the entire sample 

The following residual sum of squares and degrees of freedom and Chow F 

statistic were computed -

Sd = 3.63e'" dfd = 356 From Table 4.14 
5v = 3.86e'° dfy = 356 ...... From Table 4.17 
Se = 8.97e'" dfe = 723 From Table 4.18 
S, = Sd + Sy = 7.49e'" df, = 356 + 356 - 3k = 682 

k = l O  

^ 0.148^'" ,. .. 
^^(10,682)= — 13.45 

0.01 

Thus, since 13.45 » 1.83, hypothesis 5a was rejected. 



155 

Hq5c'- The DRCl empirical weights estimated from the derivation sample in predicting 

risk of hospitalization are not significantly different from those estimated from the 

validation sample. 

In order to test the structural stability of the coefficients obtained from the two 

logistic regressions computed from the two independent derivation and validation 

samples, a modified approach of the Chow's test was undertaken. Both the samples were 

combined and an indicator variable coded as 1 for derivation sample and 0 for validation 

sample was added to the model. Interaction terms between this indicator variable and the 

ten predictors used in Table 4.12 were computed and used as independent variables to 

predict the risk of hospitalization in the entire sample. None of the interaction terms 

including the indicator variable had a p value less than 0.05 for their respective z-statistic 

(Table 4.19). 
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Table 4.19 Logistic regression results for predicting risk of hospitalization in the 
entire sample 

Predictors Beta 
Coefficient 

S.E. z-statistic - P 

Intercept -1.309 0.127 -10.26 <0.001 
Indicator" 2.832 2.792 1.01 0.311 • • 
HbAjC X indicator -0.106 0.231 -0.46 0.649 
Creatinine clearance rate x indicator 0.001 0.005 0.12 0.901 
LDL cholesterol x indicator 0.004 0.004 1.03 0.301 • 
Systolic blood pressure x indicator -0.008 0.012 -0.65 .. 0.515 
Diastolic blood pressure x indicator -0.033 0.022 -1.44 0.149 
Age X indicator 0.009 0.019 0.48 0.630 
Gender x indicator -0.407 0.648 -0.63 0.530 
White X indicator 0.522 0.381 .1.37 0.172 
Single x indicator -0.493 0.293 -1.68 0.094 
BMIX indicator 0.017 0.027 0.62 0.534 
' Reference = Validation sample 

Thus, from the above results, it can be concluded that the beta coefficients 

obtained from the derivation and validation samples are not significantly different from 

each other. Hypothesis 5c was failed to reject. 

4.2.3.4 Hypotheses 6 

Hypotheses six assess the correlational validity of the DRCI in predicting total 

costs, ambulatory costs and the risk of hospitalization. Table 4.20a and 4.20b shows the 

correlations and Fishers z-transformed correlations between the observed medical risk 

outcomes (i.e. risk of hospitalization, total costs, and ambulatory costs) with the predicted 

outcomes for the derivation and validation samples, respectively. 
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Table 4.20a. Correlations between observed and predicted medical risk outcomes 
for the derivation sample 

Observed Outcome 
Predicted Outcome 

Observed Outcome Risk of hospitalization' Total Costs Ambulatory Costs 
Risk of hospitalization 0.045 (0.046) - -

Total Costs - 0.265 (0.271) -

Ambulatory Costs - - 0.304 (0.314) 
Phi correlation coefficient reported for dichotomous outcomes 

Values in parentheses are Fisher's z-transformed correlation 

Table 4.20b. Correlations between observed and predicted medical risk outcomes 
for the validation sample 

Observed Outcome 
Predicted Outcome 

Observed Outcome Risk of hospitalization" Total Costs Ambulatory Costs 
Risk of hospitalization 0.044 (0.045) - -

Total Costs . - 0.216 (0.219) -

Ambulatory Costs - - 0.268 (0.275) 
Phi correlation coefficient reported for dichotomous outcomes 

Values in parentheses are Fisher's z-transformed correlation 

Ho6a.: The correlation between the predicted scores obtained from the derivation sample 

and observed risk of hospitalization is not significantly different from the correlation 

between prediction scores of the validation sample and observed risk of hospitalization. 

Predicted scores for the validation sample was obtained by multiplying the 

coefficients obtained from Table 4.12 for risk of hospitalization model to the actual 

values of these independent variables collected for the validation sample. Predicted 

scores that were greater than 0.1904 were coded as 1 and those that were equal or lesser 

than 0.1904 as zero, representing risk of hospitalization and no hospitalization, 

respectively. A phi correlation was computed between the actual hospitalization variable 

and the categorical risk as predicted by the DRCI for the validation sample. A phi 
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correlation is a correlation for a 2 X 2 table. This correlation was then transformed using 

Fisher z transformation equation. Similarly a phi correlation was calculated for predicted 

scores obtained from the derivation sample and transformed to a z score. In order to test 

the null hypothesis 6a, the following Fisher's Z-statistic was calculated. 

/  y l n - 3  

Where, 
Zd = Fisher transformed correlation between observed and predicted risk of 

hospitalization for the derivation sample = 0.046 
Zv = Fisher transformed correlation between observed and predicted risk of 

hospitalization for the validation sample = 0.045 
n = derivation sample + validation sample = 734 

Since the calculated Z statistic, 0.03 is less than 1.96, hypothesis 6a was failed to 

reject. 

Ho6b: The correlation between the predicted scores obtained from the derivation sample 

and observed total cost is not significantly different from the correlation between 

prediction scores of the validation sample and its total costs. 

In order to test null hypothesis 6b, Fisher's Z-statistic was calculated using the 

following formula. 

Z = = 0.03 
I 

Z= ^ - 1 41 
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Where, 
Zd = Fisher transformed correlation between observed and predicted total costs for the 

derivation sample = 0.271 
Zv = Fisher transformed correlation between observed and predicted total costs for the 

validation sample = 0.219 
n = derivation sample + validation sample = 734 

Since the calculated Z statistic, 1.41 is less than 1.96, hypothesis 6b was failed to 

Ho6c: The correlation between the predicted scores obtained from the derivation sample 

and observed ambulatory costs is not significantly different from the correlation between 

prediction scores of the validation sample and its observed ambulatory costs. 

In order to test null hypothesis 6c, once again the Fisher's Z-statistic was 

Where, 
z,i = Fisher transformed correlation between observed and predicted ambulatory costs for 

the derivation sample = 0.314 
Zv = Fisher transformed correlation between observed and predicted ambulatory costs for 

the validation sample = 0.275 
n = derivation sample + validation sample = 734 

Since the calculated Z statistic, 1.05 is less than 1.96, hypothesis 6c was failed to 

reject. 

calculated. 

Z= = 1.05 

reject. 
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4.2.3.5 Hypotheses 7 

Hypotheses 7 tests the predictive validity of the DRCI. Predicted validity of 

DRCI was compared with age, total number of unique diagnoses and the revised CDS. 

Although analyses for all above assessments were done, hypotheses testing for the 

predictive validity of the DRCI was compared only with revised CDS. The derivation 

sample was used to assess the predictive validity of the DRCI. 

Ho7a: Percentage of variation in the risk of hospitalization explained by the DRCI is not 

significantly different from that explained by the revised CDS. 

A squared residual score (predicted minus observed, squared) was calculated for 

every individual after computing predicted scores from the logistic regression model 

shown in Table 4.12. Similarly, a squared residual score for each subject was calculated 

using a logistic regression model with only the CDS score as the independent variable. A 

Wilcoxon matched-pairs signed-rank test was conducted to determine whether there was 

a significant difference between the median squared residual scores obtained using the 

DRCI model independent variables versus only CDS. There was no significant 

difference (p=0.113) in the median squared residual scores obtained from the DRCI 

model as compared to CDS to predict risk of hospitalization (Appendix C). Thus, 

hypothesis 7a was failed to reject. 
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Hoibt Percentage of variation in the total costs explained by the DRCI is not significantly 

different from that explained by the revised CDS. 

A similar procedure described above was conducted, except that an OLS 

regression was used to predict total cost as shown in Table 4.13. There was no 

significant difference (p=0.342) in the median squared residual scores obtained from the 

DRCI model as compared to CDS to predict total costs (Appendix D). Thus, hypothesis 

7b was failed to reject. 

Ho7c: Percentage of variation in the ambulatory costs explained by the DRCI is not 

significantly different from that explained by the revised CDS. 

A similar procedure described above was conducted to predict ambulatory cost as 

shown in Table 4.14. There was a significant difference (p=0.004) in the median squared 

residual scores obtained from the DRCI model as compared to CDS to predict 

ambulatory cost (Appendix E). Thus, hypothesis 7c was rejected. 

4.2.4 Comparing of DRCI with other risk-adjustment indices 

This section summarizes the predictive validity of the DRCI compared with 

revised CDS, age and sex, and total number of comorbid conditions. Table 4.21 shows 

the adjusted associated prospectively with each predictor variable (i.e. age and sex, 

revised CDS, and DRCI) and in combination, for total costs and ambulatory costs. Total 
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number of comorbid conditions was estimated using ICD9 codes from outpatient 

encounters. Outpatient ICD-9-CM diagnoses codes were categorized into 17 broad 

categories as specified by Appendix B (Klabunde CN, Potosky AL, Legler JM, & Warren 

JL, 2000). Thus, the total number of comorbid conditions for a subject would range 

from 0 to 17. An ICD-9-CM diagnosis of 240.XX (for diabetes) was excluded, since all 

subjects would have this condition by definition. Forecasting accuracy of the DRCI with 

other risk-adjustment indices was evaluated using the validation sample using R-square, 

MPE, and MSPE, which was described in Chapter 3. 

Table 4.21. Variance explained by age, sex, DRCI, CDS, and total number of 
comorbid conditions for total and ambulatory cost 

Mean 

Derivation Validation Estimation Mean Mean Squared 

Measure Sample Sample R-Square Prediction Prediction Prediction 

Mean Mean Error Error 

Total Cost $13,158.1 $13,357.9 
Demographic 0.008 $15,016.0 -$3.12e'°^ 3203.3 
Comorbidity 0.058 $15,453.8 -$2.57e"°' 3062.2 
Revised CDS 0.058 $15,127.7 -$3.68e"^® 3072.5 

DRCI 0.063 $15,099.3 -$8.98e'°® 3025.4 

DRCI + Comorbidity 0.115 $15,214.4 -$1.48e°^ 2879.6 

DRCI + Revised CDS 0.106 $15,261.7 45.!4e"™ 3017.2 

Ambulatory Cost $9,700.3 $9,699.1 

Demographic 0.001 $10,721.3 -$6.02e"°® 846.5 

Comorbidity 0.099 $10,934.9 -$3.39e-°® 784.8 

Revised CDS 0.097 $10,710.2 $1,256°^, 795.6 

DRCI 0.079 $10,708.6 -$4.36e'" 780.1 

DRCI + Comorbidity 0.163 $10,775.4 -$8.04e"® 729.9 

DRCI + Revised CDS 0.156 $10,798.1 $7.54e"°® 743.4 

Demographic model = age + sex; 

Comorbidity = number of comorbid conditions identified from outpatient encounters 

DRCI model = HbAjC, creatinine clearance rate, LDL cholesterol, systolic and diastolic BP, age. sex. 

ethnicity, marital status, and BMI 

Age and sex accounted for 0.8 percent and 0.1 percent of the variance in total and 

ambulatory cost. The total number of comorbid conditions and the revised CDS 
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individually explained approximately equal 6 and 10 percent of the variance in both total 

and ambulatory cost, respectively. The DRCI individually explained approximately 6 

percent of variance in total costs and 8 percent in ambulatory cost, and did significantly 

better than age and sex. The added variance explained (beyond DRCI) by the 

incorporation of the total number of comorbid conditions or revised CDS accounted for 

between 5 and 8 percent of the variance in total and ambulatory cost, respectively. Thus, 

the DRCI, along with revised CDS or number of comorbid conditions, increased the 

variance explained by more than 50 percent. Similar variance was explained between the 

revised CDS and the number of comorbid conditions after incorporation along with the 

DRCI in predicting total and ambulatory costs (i.e. 11.5 vs. 10.6 percent and 16.3 vs. 15.6 

percent). 

Each risk model did well in predicting the mean total and ambulatory cost values. 

The predicted means were however, consistently higher than actual means. Using the 

mean squared prediction error as the assessment criteria, the DRCI plus comorbidity 

model performed the best for both total and ambulatory costs outcomes, because it had 

the lowest values of 2879.6 and 729.9, respectively. The demographic model performed 

least well, with the highest mean squared prediction error of 3203.3 and 846.5 for total 

and ambulatory cost, respectively. The overall large mean squared prediction error 

indicate that the models either did not include important variables that could explain 

variance in cost outcomes or the relationship between the model independents and the 

outcome variables is significantly different from linear. 
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4.3 Profiling Outpatient Diabetes Care 

4.3.1 Descriptive Statistics 

Descriptive statistics for objective two (N = 2781) are presented in Table 4.22. 

For the second objective 3224 diabetic veterans were identified using the inclusion 

criteria. From this population 2781 (86%) patients that had one of the four primary 

clinics assigned to them. The sample was predominantly elderly, with mean (+ SD) age 

of 66.6 +11.1 years and 61% of them were married. Approximately 96% of the sample 

was males, and 73% were white. The mean BMI was 31 + 6.3 kg/m^, and the mean 

comorbidity score was 15.2 + 6.3, indicating that veterans with diabetes had chronic 

medical conditions besides diabetes. The four clinics were significantly different in 

gender, and ethnicity distribution, mean BMI, comorbidity score, cardiovascular 

morbidity, and blood pressure (Table 4.22). 
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Table 4.22. Patient characteristics by clinic 

SAVAHCS Outpatient Clinics 

Characteristics A B C D P* 
N 933 (33.6) 727 (26.1) 609 (21.9) 512(18.4) <.001 

Age (SD) yrs 66.4(11.5) 65.9 (10.9) 66.6 (10.7) 67.4 (10.7) 0.11 

Males (%) 97.3 92.2 97.9 97.3 <.001 

Whites (%) 71.5 68.3 75.0 76.9 <.01 

Single (%) 61.7 61.2 62.7 62.0 0.516 

BMI (SD) kg/m2 30.6 (6.2) 30.9 (6.4) 31.3(5.9) 31.3 (6.7) 0.045 

Comorbidity Score (SD) 4.1 (1.8) 4.2(1.9) 4.3 (1.9) 4.2(1.8) 0.104 

Glycemic control 

N 763 638 537 450 

HbAjC (SD) 7.49(1.6) 7.31 (1.6) 7.39(1.7) 7.33 (1.5) 0.154 

Renal involvement (ml/min) 

N 818 659 561 452 
Creatinine clearance rate (SD) 91 (39.8) 93 (40.9) 96 (39.8) 94 (41.6) 0.197 

Cardiovascular morbidity 

(mg/dL) 

N 503 484 425 357 

LDL cholesterol (SD) 116(42.3) 108 (34.0) 113 (33.4) 108 (30.1) <.001 
Total Cholesterol (SD) 198 (55.3) 188 (41.3) 195 (42.1) 188(44.3) <.001 

Triglycerides (SD) 221 (169.0) 217 (172.2) 218 (167.5) 203 (143.8) <.01 

Blood pressure (mmHg) 

N 930 723 605 506 
Systolic (SD) 139(13.7) 138 (12.8) 140(13.1) 142 (14.5) 0.012 

Diastolic (SD) 77 (10.3) 78 (9.8) 78 (9.2) 79 (9.4) 0.022 

Derived from appropriate chi-squared test of association or analysis of variance 

4.3.2 Comparison of Performance Process Measures 

Table 4.23 summarizes the percentage of patients that had a diabetes care process 

measure between January 1, and December 31 of 2001. On the whole, the clinics 

included in this study were doing quite well in screening for HbAiC (80%) and 

microalbuminuria (85%). The majority of patients had an HbAjC obtained within the 

study year, with clinics B, C and D having approximately 88 percent of their diabetics 

screened as compared to 82 percent of patients screened in clinic A (p<.05). Ninety five 

percent of patients in clinic A had been screened for microalbuminuria as compared to 70 
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percent in clinic B (p<.001). Overall, most of the patients (61%) did not have any 

documented foot examination. Sixty-four percent of subjects did receive an eye 

examination during the study period. Wide disparities (p<.001) were seen in the 

proportion of patients with foot examinations between the four clinics ranging from a low 

of 29 to a high of 51 percent in clinics B and C respectively. Clinic B had 58 percent of 

patients with documented eye examination compared to 69 percent for those patients seen 

in clinic C. However, the proportion of patients receiving eye exams did not differ 

(p=0.07) between the clinics. 

Table 4.23. Comparison of diabetes care process measures 

Process Indicators 

SAVAHCS Outpatient Clinics 

P 
Process Indicators 

A 
(Ha = 933) 

B 
(JiB = 727) 

C 
(nc = 609) 

D 
(no = 512) 

P 

HbAjC Screening 

Microalbuminuria Screening 

Podiatric visit 

Ophthalmologic/Optometry visit 

763 (82) 

406 (95) 

349 (37) 

140 (62) 

638 (88) 

213(71) 

212 (29) 

107 (58) 

537 (88) 

240 (89) 

308 (51) 

118(69) 

450(88) 

193(81) 

215(42) 

79 (69) 

<.001 

<•001 

<.001 

0.069 

Includes only diabetics who are 70 years and above of age (n = 1238). 

Includes only diabetics who have HbAjC levels greater than 8.0% (n = 698). 

Numbers in parentheses are percentages. 

4.3.3 Bivariate Tests 

Preliminary analyses, i.e. chi-square tests, were conducted to select case-mix 

variables for further analyses, which were significantly associated (p<.20) with the three 

dichotomous dependent performance outcome variables (i.e. proportion of diabetics who 

have HbAiC value equal or greater than eight percent, who have creatinine clearance rate 

equal or less than 80 ml/min, and who have total cholesterol value equal or greater than 
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130 mg/dL). Case-mix variables were stratified in quartiles, tertiles, and dichotomies. 

Table 4.24 displays the results of bivariate analyses. 
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Table 4.24. Bivariate tests between performance outcomes measures and 
categorical case-mix variables 

HbAiC Creatinine clearance LDL cholesterol 

Case-mix variables rate 

>8.0 P < 80miri/ml P > 130mg/dL P 

Age (yrs) n = 808 n = 1263 

<.001^ 

11 = 515 

58 & below 327 (45.4) <.001' 67 (9.0) <.001^ 173(34.2) <.001' 

59-68 216(21.8) 224 (29.9) , 143(26.0) 

69-75 

76 & above 

147 (22.1) 

118 (18.1) 

399 (56.8) 

573 (82.7) 

120(23.4) 

79(17.7) 

Gender n = 808 n = 1263 n = 515 

Males 78 i (29.4) 0.388 1215 (43.7) 0.677 484(24.9) <.001' 
Females 27 (25.5) 48 (41.7) 31(44.9) 

Ethnicity n = 790 

<.001^ 

n = 1237 n = 505 

0.010' Whites 521 (26.6) <.001^ 930 (45.3) 0.00 f 344 (24.0) 0.010' 

Non-Whites 269 (35.9) 307 (39.4) 161 (30.0) 

Marital status n = 808 n= 1262 n = 514 

0.039" Single 448 (26.6) <.oor 800 (45.4) 0.018^ 303(24.0) 0.039" 

Married 360 (33.4) 462 (40.9) 211(28.1) 

BMI (kg/m^) n = 763 

0.103' 

n= 1190 n = 48l 

28 & below 278 (27.6) 0.103' 705 (65.9) <.(X)l' 162 (22.8) 0.171' 

29-33 

34 & above 

240 (28.9) 

245 (32.2) 

346(39.6) 

139(17.5) 

163 (26.5) 

156 (26.9) 

Comorbidity score 

1-4 conditions 

11 = 737 

433 (29.9) 0.699 

n= 1139 

648 (42.2) 0.093^ 

n = 465 

276 (25.8) 0.791 

5 & greater 304(29.1) 491 (45.5) 189 (25.3) 

Systolic blood pressure 

(mmHg) 

139 & below 

n = 806 

443 (29.6) 0.659 

n= 1262 

677 (42.9) 0.374 

n = 514 

262 (24.2) 0.132' 

140 & above 363 (28.8) 585 (44.5) 252 (27.2) 

Diastolic blood pressure n = 807 n = 1263 n = 514 

(mmHg) 

89 & below 718 (28.4) 0.001^ 1208 (45.5) <.001^ 461 (24.8) 0.006' 

90 & above 89 (38.4) 55 (23.1) 53(34.9) 

Triglycerides (mg/dL) 

130 & below 

n = 519 

152 (23.8) <.oor 
n = 800 

301 (46.5) <.001' 

n = 494 

145 (21.9) 0.049^ 

131-204 158 (25.5) 275 (43.7) 177 (27.2) 

205 & above 209 (33.3) 224 (35.4) 172 (26.8) 

Total cholesterol (mg/dL) n = 652 n = 898 n = 515 

<.001' 172 & below 159 (22.1) <.00 r 371 (50.1) <.001^ 29 (0.04) <.001' 

173-204 221 (29.6) 283 (37.7) 75 (10.6) 

205 & above 272 (38.8) 244 (34.5) 440 (72.6) 

LDL cholesterol (mg/dL) n = 548 n= 817 NA 

96 & below 175 (26.4) <.001' 329 (48.7) <.001 • 

97-121 159(24.6) 265 (40.5) 

122 & above 214 (33.9) 223 (35.1) 

HbAiC (%) NA n= 1141 n = 491 

0.045' 6.6 & below 493 (50.4) <.001^ 162 (22.6) 0.045' 

6.7-7.7 369 (45.3) 152 (25.3) 

7.8 & above 279 (31.3) 177 (28.5) 
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Table 4.24 Contd. 

Case-mix variables 

HbA,C Creatinine clearance 

rale 

LDL cholesterol 

Case-mix variables 

> 8.0 P < 80min/ml P > 130mg/dL P 

Creatinine clearance rate 

(ml/min) 

79 & below 

80 & above 

n = 788 

548 (35.5) 

240 (21.0) 

<•001' 

NA n = 498 

323 (28.1) 

175 (21.4) 

<.(X)1' 

NA = Not Applicable 

Figures in parentheses are percentages 

^p<0.20 

At the bivariate level, case-mix variabies that were associated with HbAjC at 0.20 

alpha level included, age, ethnicity, marital status, BMI, diastolic blood pressure, 

triglyceride cholesterol, LDL cholesterol, and total cholesterol. Case-mix variables 

independently associated with creatinine clearance rate were similar variables as that with 

HbAjC and additionally included total comorbid conditions, and HbAiC. Finally, case-

mix variables significantly associated with dichotomous LDL cholesterol outcome at 

alpha 0.20 level included ones similar to HbAjC outcome and additionally included 

gender, systolic blood pressure, HbAiC. 

4.3.4 Hypotheses Tests 

The results of hypotheses eight and nine concerning the relationship of case-mix 

variables with the three diabetes performance outcomes measures, and the role of case-

mix adjustment on the performance outcomes measures between four Southwestern VHA 

outpatient primary care clinics, respectively, are presented in this section. Hypothesis 

eight was tested using logistic regression analysis and hypothesis nine was tested using 

analysis of variance. 
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4.3.4.1 Hypothesis Eight 

Hosa: There is no association between case-mix variables (i.e. age, gender, ethnicity, 

marital status, BMI, total number of comorbid conditions, systolic and diastolic blood 

pressure, triglycerides, LDL cholesterol, total cholesterol, and creatinine clearance rate) 

with the proportion of diabetics who have HbAiC value equal or greater than eight 

percent. 

HbAiC measurement was available for 2766 (99%) of 2781 diabetic patients. Out 

of these 2766 patients, 2388 had a primary clinic identified. Eight hundred and eight 

(29%) of 2766 patients had HbAiC values > 8%. The case-mix adjustment model for this 

outcome is shown in Table 4.25. The tested model included only 1426 (52%) patients 

because of incomplete information on confounding (independent) variables. Case-mix 

factors significantly associated bivariately (p<.20) and multivariately (confirmed by log-

likelihood ratio test, p<.05) with poor HbAiC control included age, gender, nonwhite 

race, marital status, BMI, diastolic blood pressure creatinine clearance rate, triglycerides 

and total cholesterol level during the index year. The c-statistic for the model was 0.67, 

and the chi-square goodness of fit statistic was 4.80 (p=0.779), meaning that the model 

was able to distinguish among patients at different levels of risk for the outcome. Among 

patients in the highest decile of model-predicted risk, 54% had a high outcome HbAjC, 

compared to only 12% for patients in the low decile. Out of 12 case-mix variables, nine 



171 

of them were significantly associated with HbAiC outcome measure. Thus, Hosa was 

rejected. 

Table 4.25 Case-mix model describing relationship between patient characteristics 
with HbAiC equal or greater than 8 percent 

Predictor Coeff. (S.E.) OR (95% C.I.) z statistic P 
Intercept -0.713 (0.208) - -3.42 0.001 

Age (Ref; <59yrs) - LOO - -

59-68yrs -0.597 (0.161) 0.55 (0.40-0.75) -3.71 <•001 

69-75 yrs -0.855 (0.183) 0.43 (0.30-0.61) -4.66 <.001 

>75yrs -0.918(0.217) 0.40 (0.26-0.61) -4.22 <.001 

BMI (Ref: <29 kg/m^) - 1.00 - -

29-33 kg/nr -0.330 (0.156) 0.72 (0.53-0.98) -2.11 0.035 

>33 kg/m^ -0.093 (0.159) 0.91 (0.66-1.24) -0.59 0.558 

Non-Whites 0.392 (0.132) 1.48(1.14-1.92) 2.96 0.003 

Married 0.279(0.125) 1.32(1.03-1.69) 2.22 0.026 

Creatinine clearance (>=80 ml/min) -0.369 (0.162) 0.69 (0.50-0.95) -2.28 0.022 

High diastolic BP (>90 mmHg) 0.189 (0.214) 1.21 (0.79-1.84) 0.88 0.378 

Triglyceride (Ref: <131mg/dL) - 1.00 - -

131-204 mg/dL 0.048 (0.157) 1.05 (0.77-1.43) 2.00 0.045 

>204 mg/dL 0.362 (0.153) 1.44(1.06-1.94) 2.36 0.018 

Cholesterol (Ref: <173 mg/dL) - 1.00 - -

173-204 mg/dL 0.302 (0.150) 1.35 (1.01-1.82) 2.00 0.045 

>204 mg/dL 0.300 (0.163) 1.35 (0.98-1.86) 1.83 0.067 

Model c-statistic 0.67 

Goodness-of-fit statistic 4.80 (p = 0.779) 

OR = Odds Ratio 

CI = Confidence Interval 

Coeff. = Beta coefficient 

S.E. = Standard Error 

Hpsb: There is no association between case-mix variables (i.e. age, gender, ethnicity, 

marital status, BMI, total number of comorbid conditions, systolic and diastolic blood 

pressure, triglycerides, LDL cholesterol, total cholesterol, and HbA|C) with proportion of 

diabetics who have creatinine clearance rate equal or less than 80 ml/min. 
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Creatinine clearance measurement, derived from serum creatinine, was available 

for 2490 (90%) of the study sample. One thousand and fifty seven (42%) of these 

patients had creatinine clearance rates equal or less than 80 ml/min. The final model 

included only 1562 (63%) because of incomplete information on confounding 

(independent) variables. The case-mix adjustment model for this outcome is presented in 

Table 4.26. Case-mix factors associated with poor creatinine clearance rates include, age, 

BMI, non-whites, high diastolic blood pressure, triglyceride level and outpatient 

comorbidity index score. Age, non-white ethnicity, triglyceride level and comorbidity 

score had a positive relationship (i.e. OR > 1.0) with reduced renal function. 

Surprisingly, BMI had a protective effect. Moderately obese (BMI = 29-33kg/m^) and 

highly obese (BMI >33kg/m^) diabetic patients were 0.28 and 0.11 times likely to have 

reduced renal function (creatinine clearance less or equal to 80 ml/min) as compared to 

less obese or healthy (BMI <29kg/m^) diabetics. This model had the highest c-statistic 

(0.86) compared to the other two risk adjustment models. The Hosmer-Lemeshow test 

statistic, 5.94 was non-significant (p=0.654), indicating good model fit. Among patients 

in the highest decile of model-predicted risk, 92% had a reduced outcome (i.e. creatinine 

clearance < 80ml/min), compared to 2% of patients in the low decile. Six out 12 case-

mix factors were significantly associated with creatinine clearance rate outcome and thus 

Hosb was rejected. 
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Table 4.26 Case-mix model describing relationship between patient characteristics 
with creatinine clearance rate equal or lower than 80 ml/min 

Predictor Coeff. (S.E.) OR (95% C.I.) z statistic P 
Intercept' -2.04 (0.273) - -7.49 <.001 

Age (Ref: <59yrs) - 1.00 - -

59-68yrs 1.73 (0.262) 5.63 (3.37-9.42) 6.59 <.001 

69-75yrs 2.90 (0.263) 18.09(10.80-30.28) 11.01 <•001 

>75yrs 4.03 (0.282) 56.20 (32.34-97.66) 14.29 <.001 

BMI (Ref: <29 kg/m^) - 1.00 - -

29-33 kg/m' -1.26(0.161) 0.28 (0.21-0.39) -7.80 <•001 

>33 kg/m^ -2.09(0.185) 0.24 (0.09-0.18) -11.31 <.001 

Non-Whiles 0.10(0.157) 1.11 (0.81-1.50) 0.64 0.519 

High diastolic BP (>90 mmHg) -0.03 (0.235) 0.97(0.61-1.55) -0.11 0.912 

Triglyceride (Ref: <131mg/dL) - 1.00 - -

131-204 mg/dL 0.32 (0.169) 1.38(0,99-1.92) 1.90 0.057 

>204 mg/dL 0.20 (0.171) 1.23 (0.88-1.71) 1.19 0.235 

Comorbidity (Ref; 1 -4 conditions) - 1.00 - -

> 4 conditions 0.25 (0.139) 1.28(0.98-1.69) 1.78 0.075 

Model c-statistic 0.85 

Goodness-of-fit statistic 5.23 (p = 0.732) 

OR = Odds Ratio 

CI = Confidence Interval 

Coeff. = Beta coefficient 

S.E. = Standard Error 

Hnsr.: There is no association between case-mix variables (i.e. age, gender, ethnicity, 

marital status, BMI, total number of comorbid conditions, systolic and diastolic blood 

pressure, triglycerides, total cholesterol, HbAiC and creatinine clearance rate) with 

proportion of diabetics who have LDL cholesterol value equal or greater than 130 mg/dL. 

LDL cholesterol measurement was available for 2014 (72%) of the study sample. 

Five hundred and fifteen (26%) of these patient had LDL cholesterol value equal or 

greater than 130mg/dL. The final model included 1587 (79%) patients with complete 

information on confounding (independent) variables. The case-mix adjustment model for 
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this outcome is also presented in Table 4.27. Case-mix factors associated with poor LDL 

cholesterol values include, age, gender, ethnicity, marital status, creatinine clearance rate, 

diastolic blood pressure, triglyceride level, and HbAjC value. Patients above the age of 

75 years were 0.47 (95%CI: 0.31-0.72) times likely to have a high LDL cholesterol level 

as compared to those who were less than 59 years of age. Although this result may look 

counter-intuitive, it may reflect that older individuals may have better control of their 

diet, and higher compliance with their cholesterol-lowering prescriptions as compared to 

their younger counterparts. Males were 0.64 times less likely (OR: 0.36, 95%CI: 0.21-

0.63) to have a high LDL cholesterol value as compared to their female counterparts and 

non-whites were 1.45 times more likely (95%C1: 1.12-1.86) to have a high LDL 

cholesterol value as compared to whites. The model c-statistic was 0.61 and was the 

lowest compared to the other two risk adjustment models. The Hosmer-Lemeshow test 

statistic was 6.71 and non-significant (p=0.568), indicating good model fit. Eight out of 

12 case-mix factors were associated with LDL cholesterol outcome measure, and hence 

hypothesis Hogc was rejected. 



175 

Table 4.27 Case-mix model describing relationship between patient characteristics 
with LDL cholesterol equal or greater than 135 mg/dL 

Predictor Coeff. (S.E.) OR (95% C.L) z statistic P 
Intercept -0.148(0.316) - -0.47 0.638 
Age (Ref: <59yrs) - 1.00 - -

59-68yrs -0.299 (0.163) 0.74 (0.54-1.02) -1.84 0.066 
69-75yrs -0.349 (0.180) 0.71 (0.50-1.00) -1.94 0.053 
>75yrs -0.745 (0.214) 0.47 (0.31-0.72) -3.48 0.001 

Males -1.008 (0.275) 0.36 (0.21-0.63) -3.67 <.001 
Non-Whites 0.369 (0.128) 1.45(1.12-1.86) 2.87 0.004 
Married 0.103 (0.124) 1.11 (0.87-1.41) 0.83 0.407 
Creatinine clearance rate 0.031 (0.144) 1.03 (0.78-1.37) 0.21 0.831 
High diastolic BP (>90 mmHg) 0.085 (0.185) 1.09 (0.76-1.57) 0.46 0.646 
Triglyceride (Ref: <131mg/dL) - 1.00 - -

131-204 mg/dL 0.176 (0.146) 1.19(0.90-1.59) 1.21 0.226 
>204 mg/dL 0.040 (0.147) 1.04 (0.78-1.39) 0.27 0.787 

HbAiC (Ref: <6.7%) - 1.00 - -

6.7-7.7% 0.135(0.145) 1.14(0.86-1.52) 0.92 0.356 
> 7.7% 0.130 (0.147) 1.14(0.85-1.52) 0.88 0.379 

Model c-statistic 0.61 
Goodness-of-fit statistic 6.71 (p = 0.568) 
OR = Odds Ratio 

CI = Confidence Interval 

Coeff. = Beta coefficient 

S.E. = Standard Error 

4.3.4.2 Hypothesis Nine 

Diabetic patients that were not included in the multivariate (adjusted) analyses 

due to lack of observation in the independent variables, were also excluded in the 

bivariate (unadjusted) analyses, for comparisons between clinics. Predicted (expected) 

scores from the above three multivariate risk-adjusted models were computed for each 

outcome variable. Analysis of variance was used to test for differences in expected rates 

among the 4 outpatient clinics. A post-hoc Bonferroni t-test (alpha-protected) was 

performed if the omnibus F-statistic was significant (p<.05). 
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Hgai: Outpatient clinics do not differ in the proportion of diabetic patients who have 

HbAiC value less than eight percent, before controlling for patient case-mix variables. 

Hgaa: Outpatient clinics do not differ in the proportion of diabetic patients who have 

HbAiC value less than eight percent, after controlling for patient case-mix variables. 

Chi-square test was used to test Ho9ai- The chi-square test showed no difference 

(p>.05) between the four clinics in the percentage of diabetics with high HbAiC value. 

Thus, Ho9ai was failed to reject. The results for these analyses are presented in Table 

4.28. 

Table 4.28. Comparison of unadjusted HbAiC outcome between clinics 

HbAiC Clinic A Clinic B Clinic C Clinic D Total 
Low HbAiC value (< 8%) 294 

(27.89) 
308 

(29.22) 
256 

(24.29) 
196 

(18.60) 
1054 

(72.09) 
High HbAiC value (> 8%) 121 

(29.66) 
119 

(29.17) 
103 

(25.25) 
65 

(15.93) 
408 

(27.91) 
Chi-square statistic (p-value) 1.6018 (0.659) 

After adjusting for patient characteristics, however, there was a statistically 

significant difference (p<.05) in percentage of diabetics with high HbAiC value between 

the clinics (Table 4.29). The post-hoc Bonferoni t-test test showed that the mean 

expected rate of adjusted HbAiC differed significantly between clinics A and D and 

between clinics C and D. The outpatient clinics do differ in the proportion of diabetic 

patients who have HbA|C value less than eight percent, after controlling for patient case-

mix variables. Thus, hypothesis Ho9a2 was rejected. 
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Table 4.29. Comparison of adjusted HbAjC outcome between clinics 

Clinic Mean Expected 
HbAiC rate 

SD F p-value 

A ( n  =  4 1 5 )  0.286* 0.13 5.66 0.001 
B (n = 427) 0.277 0.13 

5.66 0.001 

C ( n  =  3 5 9 )  0.293^ 0.13 

5.66 0.001 

D (n = 261) 0.253*^ 0.11 

5.66 0.001 

* = significantly (p<.05) different 
= significantly (p<.05) different 

Hgbi: Outpatient clinics do not differ in the proportion of diabetic patients who have 

creatinine clearance rate less than 80 ml/min, before controlling for patient case-mix 

variables. 

H%2: Outpatient clinics do not differ in the proportion of diabetic patients who have 

creatinine clearance rate less than 80 ml/min, after controlling for patient case-mix 

variables. 

Chi-square test was used to test Ho9ai. The chi-square test showed no difference 

(p>.05) between the four clinics in the percentage of diabetics with reduced renal status, 

as measured by dichotomous creatinine clearance rates. Thus, Ho9bi was failed to reject. 

The results for these analyses are presented in Table 4.30. 
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Table 4.30. Comparison of unadjusted creatinine clearance rate equal or less than 
80ml/min and outpatient clinic 

Creatinine Clearance Rate Clinic A Clinic B Clinic C Clinic D Total 
High creatinine clearance rate 
(> 80 ml/min) 

267 
(29.1) 

254 
(27.6) 

244 
(26.6) 

114 
(21.2) 

879 
(57.8) 

Low creatinine clearance rate 
(< 80 ml/min) 

188 
(29.2) 

197 
(30.6) 

136 
(21.2) 

122 
(18.9) 

643 
(42.2) 

Chi-square statistic (p-value) 4.77 (( 3.180) 

After adjusting for patient characteristics, there was however a difference (p<.05) 

in percentage of diabetics with poor creatinine clearance rates between the clinics (Table 

4.31). The significance level, decreased from 0.180 to 0.031. The outpatient clinics do 

differ in the proportion of diabetic patients who have creatinine clearance rates less than 

80 ml/min, after controlling for patient case-mix variables. This difference in the 

proportion is observed between clinics C and D. Thus, hypothesis Ho9b2 was rejected. 

Table 4.31. Comparison of adjusted creatinine clearance rates outcome between 
clinics 

Clinic Mean Expected 
Creatinine Clearance 

Rate 

SD F p-value 

A ( n = 4 1 5 )  0.414 0.32 2.96 0.031 
B (n = 427) 0.412 0.31 

2.96 0.031 

C ( n  =  3 5 9 )  0.379' 0.31 

2.96 0.031 

D ( n  =  2 6 1 )  0.452' 0.31 

2.96 0.031 

Significantly (p<.05) different 

Hgci: Outpatient clinics do not differ in the proportion of diabetic patients who have LDL 

cholesterol less than 130 mg/dL, before controlling for patient case-mix variables. 
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Hgcg: Outpatient clinics do not differ in the proportion of diabetic patients who have LDL 

cholesterol less than 130 mg/dL, after controlling for patient case-mix variables. 

Chi-square test was used to test Ho9c!- The chi-square test identified a significant 

difference (p<.05) between the four clinics in the percentage of diabetics with poor 

cardiovascular outcome, as measured by dichotomous LDL cholesterol level. Thus, 

Ho9bi was rejected. The results for these analyses are presented in Table 4.32. 

Table 4.32. Comparison of unadjusted LDL cholesterol value between clinics 

LDL cholesterol Clinic A Clinic B Clinic C Clinic D Total 
Low LDL cholesterol 
(< 130 mg/dL) 

304 
(25.5) 

343 
(28.8) 

292 
(24.5) 

254 
(21.2) 

1193 
(75.2) 

High LDL cholesterol 
(< 130 mg/dL) 

134 
(34.0) 

102 
(25.9) 

98 
(24.9) 

60 
(15.2) 

394 
(24.8) 

Chi-square statistic (p-value) 14.19(0.003) 

After adjusting for patient characteristics, there was however no difference 

(p>.05) in percentage of diabetics with high LDL cholesterol level between the clinics 

(Table 4.33). The significance level, increased from 0.003 to 0.081. The outpatient 

clinics do not differ in the proportion of diabetic patients who have LDL cholesterol 

value greater than 130 mg/dL, after controlling for patient case-mix variables. Thus, 

hypothesis Ho9c2 was failed to reject. 



Table 4.33. Comparison of adjusted LDL cholesterol between clinics 

Clinic Mean Expected LDL 
cholesterol 

SD F p-value 

A (n = 439) 0.250 0.07 2.24 0.081 
B (n = 446) 0.254 0.08 

2.24 0.081 

C (n = 390) 0.245 0.07 

2.24 0.081 

D ( n  =  3 1 4 )  0.241 0.07 

2.24 0.081 
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Chapter 5: 

Discussion, Conclusions, Recommendations 

5.1 Introduction 

The purpose of this study was to develop a risk-adjustment index called the 

DRCI, and to examine the role of case-mix adjustment when profiling care for persons 

with diabetes. The results were presented in Chapter 4. This chapter presents a 

discussion of the results from this analysis, conclusions drawn from the results, and 

recommendations based on the results of this research. 

As discussed in the first two chapters, diabetes is a major health care concern, not 

only from a global and national perspective, but also for the VHA. Within the VHA 

considerable effort has been expended in the development of diabetes management 

guidelines (Clark MJ Jr et al., 2000). Recently, the VHA has initiated the QUERI whose 

primary goal is to integrate clinical research and the translation of research results into 

clinical practice (Rubenstein LV et al., 2000).a The initial QUERI activities have been 

targeted to nine high-priority conditions that are prevalent among veterans. Out of these 

nine. Type 2 Diabetes Mellitus QUERI group has been actively involved in the research 

translation process. 

The objective of this research was to test the medical risk theory that the expected 

value of per capita utilization or costs of a group of diabetics for a specific future period 
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is a function of medical risk (i.e. demographics and the health status) of the group from 

the previous period. Specifically, the observable characteristics of medical risk included, 

variables that were surrogate measure of diabetes severity (e.g. HbAiC, creatinine 

clearance rate, LDL cholesterol, total cholesterol, and blood pressure), in addition to the 

diabetic's socio-demographic status (e.g. age, marital status, ethnicity, etc). The 

secondary objective of this study was to evaluate a set of performance measures from the 

2002 VHA diabetes guidelines to measure the quality of care provided between four 

SAVAHCS clinics. 

The majority of prior research that developed indices to predict healthcare costs 

and utilization have been general severity-of-illness measures. These indices were 

however, developed using inpatient medical record data and targeted to predict healthcare 

risk of a general population. Currently, very little research exists that documents the 

quality of diabetes care, including key processes of care, and outcomes within the VA 

health care system.(Krein SL, Hayward RA, Pogach L, & BootsMiller BJ, 2000; Gordon 

HS, Johnson ML, & Ashton CM, 2002) Additionally, although the role of risk-

adjustment is acknowledged when making performance comparisons, the predictors of 

diabetes performance measures have not been well explored. In particular, it is unclear 

whether facilities differ in their diabetic case-mix and whether judgment of facility 

performance differs after case-mix adjustment. 
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The main advantage of the research conducted for this dissertation was the 

development of a risk-adjustment index specific to diabetes. This index was empirically 

validated using a population of veterans with diabetes. Furthermore, this research also 

found that case-mix adjustment when profiling for quality of diabetes care is important 

and that failure to account for differences in case-mix may lead to erroneous results. 

5.2 Discussion 

The succeeding sections discuss the relevance of the primary and secondary 

findings of this research study. 

5.2.1 Primary Findings Hoi to Hot 

The goal of this research study was to determine whether a disease-specific risk-

adjustment index could better predict future costs and utilization of a group of patients as 

compared to the commonly used generic risk-adjustment indices. In order to answer this 

research question, this study attempted to develop a diabetes-specific risk adjustment 

index, the DRCI, by incorporating disease-specific variables that have been previously 

shown to be correlated to the health status of a person with diabetes. The primary 

hypotheses (Hoi to H04) examined the relationship between these disease-specific 

variables with cost and utilization outcomes. At a bivariate level, each of the five 

diabetes-specific variables (e.g. HbAiC, creatinine clearance rate, LDL cholesterol, total 

cholesterol, and blood pressure) were weakly associated with the cost and utilization 

outcomes. However, when relationship between all five diabetes-specific variables was 
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examined using multivariate models, all of them significantly predicted total cost, 

ambulatory cost and risk of hospitalization. Thus, hypotheses one, two, and four were 

rejected. The diabetes-specific variables did not predict total inpatient days and 

therefore, hypothesis three was failed to reject. 

When developing risk-adjustment indices like the DRCI, previous investigators 

have always assessed the relationship of their entire index to an outcome. For example, 

in the revised CDS, Clark et al., used regression models to estimate parameters associated 

with each medication variable for each of three cost and utilization outcomes (Clark DO 

et al., 1995). Similarly, Fishman and Shay developed the pediatric version of the CDS by 

using multivariate techniques to estimate health service costs and utilization (Fishman PA 

et al., 1999). Therefore, the non-significant association between the individual diabetes-

specific variable and the cost and utilization outcome is of less interest. The diabetes-

specific variables collectively, however did not predict the number of inpatient days. At 

first glance these results would seem to contain a paradox: the analysis found significant 

association between costs and risk of hospitalization, whereas a null finding was 

observed with that of the inpatient days. However, variables that are shown to be 

predictive of length of stay or inpatient days have been primarily severity-based measures 

that are collected on the date of hospital admission (e.g. National Institutes of Health 

Stroke Scale score at the time of admission of a cardiac patient) (Chang KC et al., 2002), 

(lezzoni LI, 1997). Further research is warranted to determine what factors would be 

predictive of inpatient days in patients with diabetes. 
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The DRCI, an index of five diabetes-severity variables and five demographic 

variables, was able to significantly predict future risk of hospitalization, total cost and 

ambulatory. On closer observation, the only diabetes-specific severity variable that seem 

to contribute to the overall significance of the model as shown in tables 4.12 to 4.14 were 

diastolic blood pressure, and creatinine clearance rate. HbAiC and LDL cholesterol, two 

widely used measures that describe a diabetes health status in terms of glycemic control 

and cardiovascular health, were not significant. These results may therefore indicate that 

the DRCI variables are either weakly associated with future costs and utilization or the 

"true" severity of diabetes. 

5.2.2 Reliability and Validity of DRCI Hos to Ho7 

One important indicator of any scientific measure is its ability to yield consistent, 

reproducible results. Hypotheses five examined the structural stability of the DRCI. 

When the DRCI was reapplied to a different set of subjects (i.e. validation sample), the 

weights obtained for predicting total cost and ambulatory cost were significantly different 

than from those computed using the derivation sample. Out of ten independent variables 

included in the DRCI to predict total cost in the derivation sample, eight regression 

coefficients were in the same direction in both the derivation and validation samples. 

LDL cholesterol and marital status were in opposite direction between the two samples, 

meaning that the association between the cost and utilization outcomes and the two 

independent variables were not consistent in the derivation and validations samples. All 

ten independent variables included in the DRCI to predict ambulatory cost were in the 
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same direction, but the magnitude different between the two samples. The weights 

obtained to predict risk of hospitalization were similar between the derivation and 

validation samples. The majority of the risk-adjustment indices developed to predict 

health care costs or utilization have assessed only the predictive validity of the index 

(Clark DO et al., 1995), (Desai MM, Bogardus ST, Williams CS, Vitagliano G, & Inouye 

SK, 2002), (Fishman PA et al., 1999), (Putnam KG et al., 2(X)2), (Malone DC et al., 

1999). None so far have assessed the reliability of the original weights estimated using 

the derived sample. Logistical constraints have been the primary reason for most studies 

to not undertake reliability testing. 

Methodologists have distinguished four distinct dimensions of validity. These 

include face validity, content validity, criterion validity, and construct validity (Stewart 

AL, Hays RD, & Ware JE, 1992). Face validity indicates whether a risk adjustment 

index on the face of it appears to measure what it claims to measure. Clinicians generally 

evaluate the acceptability of a risk adjustment or severity measure against their own 

internal standards. Content validity refers to the extent to which the risk factors 

incorporated in the index include the universe of risk factors that should have been 

included. Information to judge this dimension is typically drawn from the clinical 

literature and experts. Criterion validity refers to the extent that the index compares to a 

"gold standard" measure. Since criterion validity is not possible when it comes to a 

subjective measure such as a risk-adjustment index, construct validation is usually 

performed. Construct validity refers to how well the measurement correlates with other 
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measures of the same concept. Comparison of scores among risk-adjustment measures is 

also another way to investigate construct validity. Such comparisons of predictive ability 

of risk-adjustment measures are sometimes also referred to as predictive validity. 

Hypotheses six and seven assessed the correlational and predictive validity of the 

DRCI models. A perfect forecasting model would reveal exact correspondence between 

actual and predicted costs. A Fisher's z statistic was used to assess the actual degree of 

correspondence between the predicted costs and actual costs obtained from the derivation 

sample versus that obtained from the validation sample. The correlation between actual 

and predicted costs between the derivation sample and validation sample were not 

statistical different from each other for the three predicted outcomes. This suggests that 

the percentage of variance explained in total and ambulatory costs by DRCI is not 

statistically different between the derivation and validation samples. Hypothesis seven 

assessed the construct validity of the DRCI as compared to the revised CDS. Direct 

comparisons among risk adjusters such as the one done in this study have usually not 

been conducted due to the proprietary nature of many methods. The DRCI was equally 

predictive of risk of hospitalization and total cost as compared to the revised CDS. 

However, the DRCI was a slightly better predictor of ambulatory cost (R^ = 7.9% vs. 

6.3%) as compared to the revised CDS. 

The revised CDS, which consists of weights derived from linear regression 

models of age, gender, and medication use on current total costs and ambulatory costs. 
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has also been shown to be equally predictive of hospitalization. The validity of the DRCI 

predicted scores obtained from the total and ambulatory cost models could, however, not 

be investigated for their association with the risk of hospitalization because this study did 

not collect cost and utilization data for the current year in which subjects were identified. 

Statistical analyses of model performance is one of the steps in determining which 

risk adjustment model to use. However, data availability and ease of application should 

also be factored in when developing such an index. Specially, if the DRCI has to be 

applied in managed care setting, the availability of valid and reliable laboratory data will 

be crucial. Without it, the application of the DRCI would not be possible. Statistical 

testing demonstrated that the DRCI when combined with either CDS or total comorbid 

conditions could predict greater amount of variance in total cost and ambulatory cost than 

using only a demographic model. 

5.2.3 Secondary Findings Hos and H09 

Hypothesis eight examined the association of case-mix variables with three 

performance outcomes measures. Case-mix factors evaluated included age, gender, 

ethnicity, marital status, blood pressure, creatinine clearance, and triglycerides. In 

addition, comorbidity score was used to predict creatinine clearance rate as a measure of 

quality of care. The three risk-adjustment models had moderate to good c-statistics and 

good model fit. By identifying these case-mix factors multivariately, it was possible to 

adjust for them in further analyses. 
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Case-mix variables that were significantly associated with HbAiC values included 

age, BMI, ethnicity, marital status, creatinine clearance rate, diastolic blood pressure, 

triglyceride value, and total cholesterol. Comorbidity was not significantly associated 

with HbAiC values. These results are in congruence with the research findings of El-

Kebbi and colleagues, who determined the impact of comorbidity on glycemic control at 

presentation and subsequent follow-up in patients with type 2 diabetes (El-Kebbi IM et 

al., 2001). Comorbidity was rated using the CDS. Univariate and multivariate linear 

regressions were used to determine the contribution of age, BMI, diabetes duration, type 

of therapy, and CDS to HbAiC level. CDS had no significant relationship with HbAiC 

level at follow-up and thus it was concluded that comorbidity as measured by the CDS 

was not related to glycemic control.; 

The review of the literature indicated that case-mix factors associated with 

reduced creatinine clearance rates (i.e. below 80 ml/min) and high LDL cholesterol value 

(i.e. above 130 mg/dL) have not been previously examined. This study examined case-

mix variables that were associated with creatinine clearance rate and LDL cholesterol 

values, which are important outcome measures when managing diabetes according to the 

VHA diabetes clinical practice guidelines. Factors that were associated with creatinine 

clearance rate included age, BMI, ethnicity, diastolic blood pressure, triglyceride level, 

and comorbidity, and those associated with LDL cholesterol value included age, gender, 

ethnicity, marital status, creatinine clearance rate, diastolic blood pressure, triglyceride 
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levels, and HbAjC value. Age was positively associated with low creatinine clearance 

rate outcome, indicating that higher age diabetics had lower renal function. 

Alternatively, patients above the age of 75 years were 0.47 (95%C1: 0.31-0.72) times 

likely to have a LDL value greater than 130 mg/dL as compared to those who were less 

than 59 years of age. Although this result may look counter-intuitive, it may reflect that 

older individuals may have better control of their diet, and higher compliance with their 

cholesterol-lowering prescriptions as compared to their younger counterparts. 

Alternatively, providers within SAVAHCS may be more aggressive in treating older 

diabetics. 

When profiling quality of inpatient diabetes care between 48 VHA facilities, 

Zhang et al identified four fundamental domains (demographics, health-care seeking 

behavior, geographic location, severity of diabetes, and comorbidity) that influence 

HbAlc.(Zhang Q et al., 2(X)0) Additionally, other domains identified in the literature that 

were associated with diabetes care performance include, education and insurance status 

(Saaddine JB et al., 2002). Out of the five domains identified by Zhang, this study 

adjusted for two (demographics, and severity of diabetes). Information regarding 

healthcare seeking behavior (e.g. medication compliance, follow up on referral 

recommendations, etc), and education was not available and therefore, could not be 

adjusted. Surrogate measures of medication compliance, such as the medication 

possession ratios, which are calculated from pharmacy refill records, could have been 

estimated and included in the DRCl. Since geographic location was the same (i.e. 
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Tucson, AZ) for ail the four clinics, the importance of this factor was reduced. The 

relationship between age and HbAiC level were approximately linear and similar to that 

of Zhang and colleagues. Relative to Caucasian patients, non-whites had a higher HbAlc 

in both these studies. Zhang et al's study showed a significant relation between poor 

glycemic control and comorbidity status, which was not found in this study. One reason 

for this observation could be due to the difference (inpatient versus outpatient encounters) 

in methodology that was used to define comorbidity. 

Hypotheses 9a to 9c were concerned with the comparing quality of diabetes care 

between four outpatient clinics, before and after adjusting the differences in case-mix. 

This study found that after taking into account differences in patient case-mix, significant 

differences (p<.05) in two out of three quality of care outcomes were observed. When 

case-mix was not considered, clinics did not differ with respect to HbAiC levels and 

reduced creatinine clearance. However, after adjusting for patient case mix, clinic D had 

a significantly (p<.05) lower rate of negative outcomes compared to the rest of the 

clinics. On the other hand, there was a significant difference (p<.05) in high LDL 

cholesterol level between the clinics before adjusting for case-mix and no disparity once 

case-mix factors were included. 

Majority of the quality of care comparisons have found results to similar to what 

was observed when comparing LDL cholesterol levels between facilities, i.e. quality of 

care differences between the facilities were no longer present after adjusting for patient 
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case mix. For example, widespread quality of hospital care was observed when HCFA 

released its first public report on hospital-level mortality predictions (lezzoni LI, 1997). 

Facilities that had higher than expected mortality rates were erroneously criticized 

because the comparison had not taken into account the underlying differences in patient 

characteristics. The facility that had the most aberrant death rate compared to the 

expected value was a hospice caring for terminally ill patients. Similarly, in one quality 

of care comparison study, three outpatient sites differed in the percentage of patients 

having poor blood pressure control (Berlowitz DR et al, 1998). After case-mix 

adjustment, sites that were outliers based on the unadjusted rates were no different when 

compared using the adjusted rates. The results obtained when comparing HbAjC and 

creatinine clearance rate measures between the VA outpatient clinics in this study were 

reverse. In this study, there were no differences in proportion of patients having HbAiC 

equal or greater than 8.0 percent or creatinine clearance rate lesser or equal to 80 ml/min 

between the four clinics before adjusting for patient characteristics. However, after case-

mix adjustment a significant difference between the clinics was observed. These results 

suggest that clinics, which had more "severe" or "difficult to manage patients", were in 

fact providing better care than clinics that have patients who are at a lesser risk of having 

their HbAiC or creatinine clearance rate not in control. 
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5.3 Limitations 

Several limitations should be kept in mind when interpreting the results of this 

research. An important limitation of this research was the assumption that the majority of 

the diabetes care for which the VHA was responsible, was captured by the databases used 

in this research. This assumption was most likely valid as long as the subject received 

care at the Tucson VA outpatient clinics. However, if care was received from a provider 

or treatment facility outside of the SAVAHCS network, the results for this study may be 

unreliable. For example, research has shown that the analysis of veterans' health services 

utilization and outcomes can be confounded, since veterans who are aged 65 years and 

older are also eligible to receive care in the private sector under Medicare (Fleming C, 

Fisher ES, Chang CH, Bubolz TA, & Malenka DJ, 1992). 

A large number of patients (n = 1550) had no laboratory tests specific to diabetes 

and could not included in the DRCI model development. Patients not included were 

similar (p>.05) in age, gender distribution, average BMI, number of comorbid conditions, 

marital status and ethnicity distribution as compared to those who were included. One of 

the ways to validate this research finding would be to repeat the model development 

process in a larger sample both from inside and outside the VA. Additionally, by 

restricting eligibility requirements for subjects having at least one annual laboratory data 

to develop the DRCI, certainly has its limitations. For example, this restriction may 

preclude the use of the DRCI as a predictor of costs and utilization in healthcare 



194 

organizations where access to laboratory data for health services researchers is either 

unavailable or sporadically available. 

An indirect method to estimate study subjects' costs was used in this study since 

VA does not prepare patient bills or maintain detailed charge data. The local DSS 

database maintained in Tucson was used to apply a cost value to resources consumed. 

Product costs were calculated using volume, cost, and relative value units (RVUs). 

Volume is recorded in the VISTA files and extracted by the DSS. Cost information is 

derived from the financial federal system and includes both variable and fixed costs that 

are distributed to each department. RVUs are a weighted unit of measure that is used to 

distribute cost within the department to all products in that department. It takes into 

account the differing amounts of input, such as labor or materials, required for different 

procedures. The validation of this database is ongoing and at present there is no 

information available to document the accuracy of the costs used in this study. 

Another limitation of this research was the heteroscedasticity of the data. All 

parametric statistical techniques used in this research require that the data meet the 

assumption of homoscedasticity. Heteroscedasticity can be caused by nonnormality of 

one of the variables or an indirect relationship between two or more of the variables. 

Heteroscedasticity is not fatal to an analysis, but the presence of it weakens the findings 

therefore, care should be used in the interpretation of the results (Greene WH, 2(X)0). 

Another potential limitation of our study was the small sample size (n = 367) that was 
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used to develop the DRCI. Previous severity of illness based measures has been 

developed using samples greater than 1000 subjects. The low statistical power may be 

the explanation for the DRCFs failure to explain greater amount of variation in costs and 

utilization compared to similar severity based measures. This was also reflected by the 

observation of low predictive ability of the revised CDS (i?^ = 0.085) within this cohort 

of diabetics compared to other studies where it has shown to predict as high as 59 percent 

in variation in ambulatory cost (Clark DO et al., 1995). 

Due to the nature of the data available for this study, process measures of 

diabetes care (e.g. foot and eye exams) were assumed to be performed only if a subject 

had a visit to a specialty clinic (i.e. a podiatrist or ophthalmologic clinic). A routine eye 

or foot examination could have taken place at a regular clinic visit or at a facility other 

than the one within SAVAHCS. In both these circumstances, a subject and therefore the 

clinic that was primarily assigned to him/her would have been misclassified as not having 

the process measure. Such misclassification, if present, was consistent across all the 

clinics and is of lesser concern since this would only dilute the differences between the 

clinics unifonnly. However, if the classification was differential (i.e. patients from only 

one clinic were more likely to be erroneously classified than others) would produce 

biased results. With the kind of information that was collected, it was not possible to 

determine the extent of misclassification. 
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This study also attempted to profile care provided to diabetes between four 

distinct outpatient clinics in SAVAHCS, Tucson. Although physically, these clinics were 

distinct, there was a possibility that the providers who were assigned to these clinics did 

interact with each other. Therefore the underlying assumption that the practice patterns 

of physicians between each clinic were unique or within each clinic were uniform may be 

false. 

5.4 Conclusions 

This study attempted to develop a diabetes-specific risk adjustment index, the 

DRCI, which could be used to predict future costs and utilization. Empirical weights 

were derived for the DRCI through linear regression techniques. Although the reliability 

of these weights need to be established, the predictive validity of the DRCI is equivalent 

to that of the revised CDS, a commonly used comorbidity measure for predicting health 

services utilization and costs. When the DRCI was used along with the revised CDS, 

additional variability in costs and utilization were explained. This may suggest that the 

DRCI and the revised CDS may be explaining different dimensions of a subject's 

severity of diabetes. This study also examined the effects of applying risk adjustment for 

persons with diabetes to a select group of clinics within the VHA. It found that risk-

adjusting actually resulted in significant differences between clinics, suggesting that 

failure to account for differences between risk factors may lead to erroneous results. 

5.5 Recommendation for Further Research 
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There are several research projects that should be undertaken to expand and 

confirm the findings of this research. A survey of health care providers that are closely 

involved in diabetes management should be done to better identify and define factors that 

are closely associated with the severity of diabetes. Although developing and 

administering a survey would be time-intensive, the addition of the forthcoming 

information along with clinical validity would be of great value in expanding the results 

of this research. Additionally, the availabiUty of such factors within the VHA system 

should also be determined. GeneralizabiJity of this study could be improved by applying 

the DRCI in diabetes populations other than that of SAVAHCS. For example, the 

predictive ability of DRCI could be assessed in other VHA clinics, military facilities, or 

private managed care organizations that routinely collect laboratory' and outpatient data. 

Finally, the validity of the DRCI predicted scores obtained from total and ambulatory 

cost models should be investigated by assessing the association with the risk of 

hospitalization. 

Systematic identification of patients allows placement in appropriate medical and 

educational intervention pathways. Diabetes mellitus has become an important target of 

efforts at disease management due to its complexity and prevalence. Such programs 

involve systematic preventive interventions designed to reduce the risk of complications 

and to ameliorate the comorbidities of the disease (Suh DC, 1999). However, disease 

management efforts directed at the entire DM population becomes inefficient when they 

are attempted without the ability to provide educational programs and medical 
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interventions to the high-risk patients who need them. This research study developed an 

index stratifying diabetic veterans according to severity of illness, and comorbidity. This 

index assessed the effects of a diabetic's health status on the overall medical care costs 

and utilization. With this information, the VHA could establish a prospective outcome-

based program for comparative assessment and enhancement of the quality of diabetes 

care among multiple institutions. Key features to the success of such a program would 

however not be possible without the support of the clinicians who care for diabetic 

patients, uniform data collection by trained professionals, and the support of the VHA 

administration and managerial staff. 



Appendix A: Data collection form 

Unique patient number: 

Mmary clinic number: 

Date oi • abstraction: 

MM DD YY 

Patient demographics 

Weight (in lbs) 

Height (in cms) 

Smoking status: 
Current Former Non 

Smoker 
Missing 

Foot and Eve Examination 

No. Date of visit 
MM/DD/YY 

Foot/Eye Visual Acuity 
(if recorded) 

1 
2 
3 
4 
5 
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Appendix B. Comorbid classification, based on outpatient ICD-9 diagnoses codes 

No. ICD-9-code Description 
1. 001-139 Infectious and parasitic disease 
2. 140-239 Neoplasm 
3. 240-279 Endocrine, nutritional & metabolic diseases, and immunity disorders 
4. 280-289 Diseases of the blood and blood forming organs 
5. 290-319 Mental disorders 
6. 320-389 Diseases of the nervous system and sense organs 
7. 390-459 Diseases of the circulating system 
8. 460-519 Diseases of the respiratory system 
9. 520-579 Diseases of the digestive system 
10. 580-629 Diseases of the genitor-urinary system 
11. 630-679 Complications of pregnancy, childbirth and the puerperium 
12. 680-709 Diseases of skin and subcutaneous tissue 
13. 710-739 Diseases of musculoskeletal system and connective tissue 
14. 740-759 Congenital anomalies 
15. 760-779 Certain conditions originating in the perinatal period 
16. 780-799 Symptoms, signs, and ill-defined conditions 
17. 800-999 Injury and poisoning 
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Appendix C. Results for the Wilcoxon matched-pairs signed-rank test to test the 
difference between the median squared residual scores obtained using the DRCI model 
and the CDS model for predicting risk of hospitalization. 

Sign test 

sign I observed expected 
+ 

positive I 195 179.5 
negative ] 164 17 9.5 

zero j 0 0 
+ 

all 1 359 359 

One-sided tests: 
Ho; median of hospdrcisq - hospcdssq = 0 vs. 
Ha: median of hospdrcisq ~ hospcdssq > 0 

Pr(#positive >= 195) = 
Binomial(n = 359, x >= 195, p =0.5) = 0.0566 

Ho: median of hospdrcisq - hospcdssq = 0 vs. 
Ha: median of hospdrcisq - hospcdssq <0 

Pr(#negative >= 164) = 
Binomial(n = 359, x >= 164, p = 0.5) = 0.9544 

Two-sided test: 
Ho: median of hospdrcisq - hospcdssq = 0 vs. 
Ha: median of hospdrcisq - hospcdssq ~= 0 

Pr(#positive >= 195 or #negative >= 195) = 
min(1, 2*Binomial(n = 359, x >= 195, p = 0.5)) = 0.1132 
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Appendix D. Results for the Wilcoxon matched-pairs signed-rank test to test the 
difference between the median squared residual scores obtained using the DRCl model 
and the CDS model for predicting total cost. 

Sign test 

sign I observed expected 

positive I 189. 179.5 
negative ( 170 17 9.5 

zero j 0 0 
+ 

all 1 359 359 

One-sided tests: 
Ho; median of tcostdrc~q - tcostcdssq = 0 vs. 
Ha; median of tcostdrc~q - tcostcdssq >0 

Pr(#positive >= 189) = 
Binomial(n = 359, x >= 189, p = 0.5) = 0,1711 

Ho; median of tcostdrc~q - tcostcdssq = 0 vs. 
Ha; median of tcostdrc~q - tcostcdssq < 0 

Pr{#negative >= 170) = 
Binomial(n = 359, x >= 170, p = 0.5) = 0.8544 

Two-sided test: 
Ho: median of tcostdrc~q - tcostcdssq = 0 vs. 
Ha: median of tcostdrc~q - tcostcdssq ~= 0 

Pr(#positive >= 189 or #negative >= 189) = 
mind, 2 *Binomial (n = 359, x >= 189, p = 0.5)) = 0.3421 
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Appendix E. Results for the Wilcoxon matched-pairs signed-rank test to test the 
difference between the median squared residual scores obtained using the DRCI model 
and the CDS model for predicting ambulatory cost. 

Sign test 

sign 

positive 
negative 

zero 

observed 

207 
152 

0 

expected 

179 .5 
179.5 

0 

all 359 359 

One-sided tests: 
Ho; median of tocost2d~q - tocost2cdssq = 0 vs. 
Ha: median of tocost2d~q - tocost2cdssq > 0 

Pr(#positive >= 207) = 
Binomial(n = 359, x >= 207, p = 0.5) = 0.0022 

Ho: median of tocost2d~q - tocost2cdssq = 0 vs. 
Ha: median of tocost2d~q - tocost2cdssq < 0 

Pr(#negative >= 152) = 
Binomial(n = 359, x >= 152, p = 0.5), = 0.9985 

Two-sided test; 
Ho: median of tocost2d~q - tocost2cdssq = 0 vs. 

1 ! TTipd-i an r>f fnr'nc:t-5d~(T - t-_nr!ost2r!dssq ~= 0 
207) = 

p = 0.5)) 

median or tocost2a~q - tocost^cassq 
Ha: median of tocost2d~q - tocost2cdssq 

Pr(#positive >= 2 07 or #negative >= 
mind, 2*Binomial (n = 359, x >= 207, = 0.0043 



204 

Appendix F: Letter of approval from the Human Subject Committee 

7 November 2002 

Daniel C. Malone, Ph.D. 
William N. Jones, M.S. 
Vijay N. Joish, Ph.D. Candidate 
Department of Pharmaceutical Scienccs/Practice 
College of Pharmacy, Room 330 
PC BOX 210207 

RE: PROFILING QUALITY OF TYPE H DIABETES CARE IN THE VETERAN 
AFFAIRS 

Dear Dr. Malone, Mr. Jones, and Mr. Joish: 

We received documents concerning your above cited project. This project involves retrospective 
review of existing medical records and prescription records (data to be recorded without identifiers). 
Therefore, regulations published by the U.S. Department of Health and Human Services [45 CFR 
Part 46.101 (b) (4)] exempt this type of research fi-om review by our Institutional Review Board. 

Review by the Chairman determined that the Privacy Rule requirements for waiver of 
research participants' authorization 145 CFR Pari 164] are met and approval for such waiver 
is granted effective 7 November 2002 (Involved Entity: Soiitbem Arizona "VA HealthCare 
System; site aMhoriiation to be submiMed far review prior to initiation). 

Exempt status is granted with the understanding that no fiarther changes or additions will be made 
to the procedures followed (which we have on file) without the review and approval of the Human 
Subjects Committee and your College or Departmental Review Committee. 

Thank you for informing us of your work. If you have any questions concerning the above, please 
contact this office. 

The UNIVERStTYOF 

Human Subjecls Proieclion Prograin 
htip;//w^'w.irb.arizona.etiu 

ARIZONA. 1350 N. Vine Avenue 
P.O. Box 245137 
Tucson. AZ 85724-5137 
(520) 626^721 

TUCSON ARIZONA 

Sincerely, 

Davi 
Chairman 
Human Subjects Committee 

DGJ/js 
cc; Departmental/Coliege Review Committee 
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