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ABSTRACT 

Unnecessary hospital readmissions indicate poor health care quality and lead to 

substantial waste of health care resources.  The recently introduced Medicare Hospital 

Readmission Reduction Program that penalizes hospitals with excessive hospital readmissions 

of Medicare beneficiaries has drawn greater attention to hospital readmissions from policy 

makers, health care payers and providers, and academics.  However, commercially insured 

patients under the age of 65 also represent a significant part of the U.S. healthcare market and 

little is known yet about this population.  Using a unique dataset that covers inpatient hospital 

admissions of a population of commercially insured patients under age 65 from California 

during 2003-2012, this dissertation makes contributions to the knowledge gap in the literature. 

Based on a series of empirical tests and sensitivity analyses comparing the readmission 

rates calculated using different risk adjustment methods currently in use and a new method 

proposed in this study, this dissertation provides evidence that adding patients’ primary 

diagnosis indicators as 30-day readmission risk predictors can improve the predictive power 

and provide stronger risk adjustments for the commercially insured younger population than 

the models currently in use.  A simulation of the penalty policy illustrated that more refined 

adjustment methods reduce penalties applied to teaching hospitals, hospitals in a system with 

more than three hospitals, and large hospitals.  Using an economic framework, this dissertation 

also explains the Health Management Organization (HMO) insurance effect on hospital length 

of stay and 30-day readmission rates.  Results from multivariate analyses indicate that on 

average HMO patients had shorter length of stay than Preferred Provider Organization (PPO) 

patients and that on average HMO patients had higher readmission rates.  The HMO insurance 
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effects show heterogeneity among various geographical regions, hospital types and patient age 

groups. This dissertation offers insights to policy makers on reforming healthcare payment 

systems while improving health care quality.  
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CHAPTER 1 INTRODUCTION 

1.1 OVERVIEW 

1.1.1 Policy Issues 

Despite the availability of advanced medical technology and the good intention of 

physicians, hospital readmissions do occur often.  Hospital readmission not only results in 

substantial waste of health care resources and significant costs to the health care system, but 

also affects patients’ quality of life.  Studies have found that both rates and costs associated 

with readmissions are high in the United States.  Nearly one out of five Medicare patients 

discharged from a hospital is readmitted within 30 days, which costs Medicare an approximate 

$15 to $18 billion per year (Jencks et al. 2009; MedPAC 2007).  The Center for Medicare and 

Medicaid Services (CMS) consider whatever kinds of hospital readmission a sign of poor quality 

of care.1  Therefore, reducing hospital readmissions has become a major focal point in health 

policy discussions at federal, state and local levels in order to improve quality care and to 

reduce unnecessary costs.  

Reducing hospital readmissions became a national priority when CMS, under the 

Medicare program, began penalizing hospitals with excess readmissions on October 1st, 2012 

under the provision of Section 3025 in the Affordable Care Act (ACA) (Public Law 2010).  CMS 

progressively2 reduces total Medicare payments to hospitals with excess readmissions.  

Through a Prospective Payment System (PPS) Medicare reimburses hospitals for inpatient 

                                                           
1
 “From the patient perspective readmission from any cause is an adverse event.” (CMS) 

2
   Maximum payment reductions of 1% of total Medicare payments in FY2013, 2% in FY2014 and 3% in FY2015 
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claims by using predetermined prices based on base payment rates, which are updated every 

fiscal year and adjusted by readmission risk adjustment factors3 in the Hospital Readmission 

Reduction Program (HRRP).  The HRRP indicates that the penalty reduces not only the 

reimbursement of readmissions per se, but the overall reimbursement of all inpatient stays in a 

hospital.  In FY2013, 2,225 U.S. hospitals were penalized for $224 million due to excessive 

readmissions.  Of these, 66% were hospitals in California. 

Initially, payment reductions were based on hospital readmission rates for Medicare 

patients in three common and costly conditions: Acute Myocardial Infraction (AMI), Heart 

Failure and Pneumonia.  But in FY 2015, the applicable conditions were expanded to: acute 

exacerbation of Chronic Obstructive Pulmonary Disease (COPD) and Hip/Knee Surgery, and 

more conditions will be added in future years. In order to implement the HRRP program, CMS 

also employs 30-day risk-adjusted all-cause readmission rates, which was endorsed by the 

National Quality Forum. The CMS developed 30-day risk-adjusted all-cause readmission rate 

measure is currently used in the Hospital Compare Program, a public reporting system that 

compares hospitals’ readmission outcomes to support patients’ in making choices of their 

healthcare giver. 

In addition, CMS also sponsored Accountable Care Organizations (ACOs) and the 

Medicare Shared Savings Programs (MSSP) to operate under incentives in order to reduce 

preventable hospital readmissions. Under ACO models, providers operate under fixed budgets 

with shared savings and shared losses, which controls various costs and reduces unnecessary 

3
 Penalty Amount=Base Payment Amount * Readmission Risk factor. Readmission Risk Factor equals: Max (1%, 1-

Readmission Risk Ratio) in FY2013, Max (2%, 1-Readmission Risk Ratio) in FY2014, Max (3%, 1-Readmission Risk 
Ratio) in FY2015.  
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healthcare utilization, such as unnecessary preventable readmissions.   CMS also provides 

explicit incentives to reduce readmissions within Medicare ACOs and Medicare fee-for services 

Medicare Share Savings Programs (MSSP).   Organizations operating under the model of shared 

savings have to monitor and reduce potentially preventable hospital readmissions in order to 

meet standards for reimbursements. 

Among CMS and private health plans there is a growing interest in using preventable 

hospital readmission rates as an important quality metric for healthcare provider comparison, 

public reporting and reimbursements determinations.  The National Quality Strategy and the 

Partnership for Patients Initiatives have included the reduction of hospital readmissions as a 

national goal and are tracking hospital readmissions nationwide.   Hospital readmission rates as 

outcome measures have also been used as metrics in healthcare provider pay-for-performance 

programs, which provide financial incentives to hospitals, physicians and other health care 

providers to improve quality, efficiency and overall value of health care and to achieve 

necessary improvements for patients (Julia at el 2012). 

1.1.2 Motivation and Contributions 

Increasingly hospital readmission rates are being considered a quality metric and a 

reimbursement factor recognized nationwide.   As a result, healthcare payers and providers are 

devoting significant effort to reduce preventable hospital readmission rates.   Methods to 

properly measure hospital readmissions rates and to better understand factors that drive 

readmission rates are in greater demand now than ever before. 
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However, the issue of hospital readmissions is complex and complicated.  Concerns and 

questions have arisen along with the following complexities. 

1. Are hospitals being treated fairly when using readmission rates as measures to

conduct quality comparisons or reimbursements? 

2. Are there other factors beside the control of hospitals that affect readmission rates?

If so, how should they be accounted for? 

Hospital readmissions occur in patients who have quite varieties of diseases, and whose 

sicknesses vary significantly in severity.   With the same medical diagnosis sicker patients may 

have a higher risk of being readmitted than less sicker patients.   Hospitals that admit sicker 

patients whose diseases are more complicated may have higher readmission rates than others. 

In this case, raw readmission rates cannot be directly used as measures in health care providers’ 

quality comparisons or as standards for reimbursements. 

Indeed, risk adjustment methods are still in their developmental stage.   Simply there is 

no one standard up there; rather different organizations employ different methods and 

approaches according to their own circumstances.   However, it is possible that hospitals score 

differently with respect to their readmission patterns depending on the risk adjustment 

methods being used. 

The complexities of hospital readmissions are not only confined to patients’ sicknesses, 

but also to the structure of the U.S. health care market, which has three major players: patients, 
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health care providers, and health plans.  Other factors may come from the health care system, 

which also has strong influence on readmission. 

More studies have done on such factors that might influence hospital readmissions as 

non-medical patient characteristics (e.g., education, income) and local community;4 but little 

research on the impact of the type of insurance plan on preventable hospital readmission. 

Existing studies on hospital readmission rates have mainly used Medicare data, which limits 

itself only to the population of 65 and above.  Although some have studied Veteran Affairs 

Hospitals’ patient (VA) populations, few studies have investigated such non-Medicare 

populations as commercially insured patients or Medicaid patients.  A recent systematic review 

on risk prediction models for hospital readmissions found that the vast majority of the studies 

used the Medicare population (Kansagara 2011).  Despite very few focused on commercial 

insured adult population under age 65 which, in fact, is a large patient population, more and 

more health plans and organizations are implementing policies to reduce readmissions for this 

under 65 population. 

The above-mentioned ACO models are rapidly growing within the commercially insured 

segment of the US health care system.  ACO as a type of HMO requires a greater understanding 

of the variation of hospital readmissions and the factors that affect readmissions among the 

commercially insured population. 

The focus of this study is to contribute new knowledge in the research literature.  The 

following two points can be considered my contributions in the existing literature.   First, this 

4
 Related literature will be discussed in section 1.2 Literature Review. 
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study will provide a thorough understanding of hospital readmissions of the commercially 

insured adult population under 65, in contrast to existing studies on Medicare senior 

population by means of looking at all hospital admissions rather than only those with particular 

disease conditions.  Second, this study will pay special attention to an important factor in the 

health care system -- the health plan type:  Preferred Provider Organizations (PPOs) vs. Health 

Maintenance Organizations (HMOs).  These analyses are made possible by a unique cross-

sectional and longitudinal dataset which covers most California hospitals and primary care 

physicians under HMOs. 

The methodology of this study is to use relevant data to explore the pattern of hospitals 

readmissions within the commercially insured adult population (under age 65) and to explain 

the role of patient, hospital, and insurance type in this pattern.  The data used in this study 

covers over three million commercially insured health plan members from one of the largest 

health plans in California. 

1.1.3 Research Questions 

This study will focus on the characteristics and the pattern of hospital readmissions as 

well as the potential underlying factors which drive the readmission to another level.   It will 

attempt to provide an understanding of the root of variations in hospital readmissions and to 

help determine who should have the responsibility to reduce readmissions. It will explore how 

to adjust the penalty/bonus formulae associated with the reduction of readmissions. 

Specifically, it will try to answer the following questions: 
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1. What are the patterns and characteristics of acute care hospital readmissions for

commercially insured adult patients under age 65? 

2. Does the choice of risk adjustment model affect the conclusions concerning hospital

performance rankings? 

- What is the proper adjustment for readmissions in younger people? 

3. Are HMO inpatients discharged earlier and readmitted more often than PPO inpatients?

1.2 LITERATURE REVIEW 

The literature on hospital readmissions is small but growing.  In general, it can be 

classified into several groups based on the influencing factors studied: patient, social and 

community, clinician and health system—health institutions. 

The largest group of studies has focused on patient risk factors, namely, patient diseases, 

clinical status and demographics, which predict hospital readmissions.   Most of these studies 

were mainly on patients with specific conditions or diseases, especially surgery and heart failure, 

rather than general patient population.   For instance, Redzek et al. (2014), Tsai et al. (2014), 

Kassin et al. (2014), Schairer et al. (2014) and Dorman et al. (2012) looked at predictors for 

hospital readmissions after surgical hospitalizations. Gilstrap and Joynt (2014), DeVore et al. 

(2014), Islam et al. (2013), Kociol et al. (2013), and Krumholz et al. (2009) studied risk predictors 

of hospital readmissions after heart failure hospitalizations among Medicare beneficiaries. 

Another strand of the literature focused on such demographics and characteristics of 

patients as race, ethnicity, income, living status, social support, education level, employment 
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status, and risk behaviors.  Among elderly Medicare beneficiaries, African American Patients 

were found to have a higher readmission rate in hospitalizations of AMI, CHF, and pneumonia 

diagnosis (Joynt et al. 2011).  They also higher risks of readmissions than other races after 

hospitalization for surgical procedures (Tsai et al. 2014).  Hispanic Medicare beneficiaries with 

CHF and AMI were found to have a higher readmission rate than the whites (Rodriguez et al. 

2011).  

A group of studies suggested that low social-economic status be associated with high 

risk of readmissions of AMI, CHF or pneumonia hospitalizations (Gu et al. 2014, Noori et al. 

2014, Calvillo-King et al. 2013, Amarasingham et al. 2010, Arbaje et al. 2008, Rathore et al. 

2006). Arbaje et al. (2008) also suggested that postdischarge environmental factors such as 

being unmarried, living along, lacking self-management skills, or having no helpers with 

activities of daily living be associated with high readmission risks.   Calvillo-King et al. (2013) also 

found patients’ living instability, lack of social support, being unmarried and risk behaviors of 

smoking, cocaine use and medical/visit non-adherence were more likely to readmission risks, 

similar to  those of heart failure or pneumonia patients.  After studying a small sample of low-

income senior patients from an urban safety-net hospital, Iloabuchi et al. (2014) found that age, 

race, sex, education and chronic disease were not risk factors of 30-day readmission, whereas 

patients’ living alone, not having Medicaid, and poor satisfaction with primary care physicians 

were more associated with high risks of readmissions. 

Another study was on the relationship between readmission rates and patient 

community.  Herrin et al. (2015) said that a substantial amount of variations in hospital 
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readmission rates were explained by community factors such as county demographics, access 

to care and nursing home, using AMI, CHF and pneumonia hospitalizations.   In a retrospective 

cohort study on Medicare patients discharged with CHF, AMI or pneumonia, Kind et al. (2015) 

found that patients residing in the most disadvantaged neighborhoods had higher readmission 

risk than those who live in other types of neighborhoods. 

Several studies focused on the role and characteristics of hospitals in readmissions.  It 

examined how high readmission rates associated with hospital profit type, teaching status, 

bedsize, mergers and acquisitions and safety-net status (Jensen et al. 2009, Ho and Hamilton, 

2000).  Joynt et al. (2013) found that large hospitals, teaching hospitals, and safety net hospitals 

had higher readmission rates in Medicare patients’ hospitalizations of AMI, CHF and pneumonia, 

than those of small size, non-teaching, non-safety net counterparts, though the reasons were 

not known exactly. 

Among studies that looked at hospitals characteristics, some focused on the relationship 

between the length of hospital stay and readmission (Carey and Lin 2014, Carey 2014, Eapen et 

al. 2013).  Surprisingly, several random and controlled trial studies were conducted in order to 

help develop policies to target preventable readmissions.  Jack et al. (2009) found the increase 

of patient education on self-care may reduce readmission; Coleman et al. (2006) and Naylor et 

al. (1999) suggested that hospital interventions such as transition care reduce readmission. 

Although several studies looked at hospital effects, there are few if any that examined 

the relationship between readmission and primary care physicians, medical groups and 

patient’s insurance type (HMO vs PPO).   Using Medicare data Hyder et al. 2013 reported that 
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variations in readmissions could be attributed to hospital and physician factors less than 5% in 

total among pancreatoduodenectomy patients, while the largest share of variations was found 

at the general patient level.  Weinberger et al. (1996) studied readmissions of the patients from 

Veteran Affairs hospitals using a randomized control trial and found that primary care 

intervention had increased rather than decreased the readmission rates.  Some studies in a 

small-scale intervention found that low preventable readmission rates were associated with a 

relatively high local availability and the use of primary care physicians, private insurances, and 

physician practice patterns that might be related to availability of hospital beds and other 

resources (Bindman et al. 1995, Culler et al. 1998, Friedman et al. 2001). 

In sum, earlier studies mainly focused on specific conditions or diseases, single or small 

hospital samples or particular sub-populations.  They relied more on Medicare data which 

covers the senior population.   The hospital readmission literature regarding diverse patients 

and multiple hospitals, especially on the commercially insured, younger patient population, is 

quite few.  Although some studies examined medical groups and primary care physicians’ effect 

on hospital readmissions, however, they also relied mainly on Medicare data with patients who 

have homogeneous insurance coverage.  The link between insurance plan types (HMO vs. PPO), 

length of stay and hospital readmissions among a large commercial insured population of 

patient under age 65 has not been studied to date. 

1.3 CONCEPTUAL FRAMEWORK 

Based on the existing literature, the conceptual framework of this study intends to 

explain factors affecting hospital readmissions presented in Figure 1.  Health Policy, such as 
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regulating/influencing all participants’ payers, provider and patients, can have a significant 

impact on the outcome of hospital readmissions. The effect may be positive or negative. For 

instance, CMS HRRP may urge hospitals to make efforts to reduce excess hospital readmissions 

in the hope that this will result in measurable quality improvements and cost reduction. 

However, more evidences suggest that vulnerable populations be adversely affected by the 

readmission penalty, that hospitals with more dual-status patients tend to be penalized more, 

and that the results be the reduction of resources for safety net hospitals and overall lower 

quality care (Gu et al. (2014), Joynt et al. (2013)).  

In the conceptual model (Figure 1), readmission outcomes are influenced by patients 

and healthcare providers including not only hospital but also physicians.  The insurance factor 

HMO vs. PPO, as different payment methods, may provide different financial incentives to 

healthcare utilization and costs.  For example, HMOs have an incentive to reduce the length of 

hospital stay, how this may lead to premature patient discharges and higher readmission rates 

compared to PPO patients.  While PPO patients are paid for under a fee-for-service basis and 

the provider actually has an incentive to extend their length of hospital stay.  This could, 

indeed, result in fewer premature discharges, but also in the increase of hospital based 

infections, which may have discharged patients be readmitted again due to hospital acquired 

infections. 

This study attempts to conduct the conceptual framework through an empirical review 

of existing risk adjustment models, to examine the risk adjustment on patient factors for the 

commercially insured adult population under age 65, to explore what factors associated with 
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high readmission rates, to investigate the impact of insurance types in hospital readmission 

rates and to study where the variations of hospital readmission rates come from. 

Figure 1 Conceptual Framework ----Determinants of Hospital Readmissions 

1.4 DATA, SAMPLE AND STUDIED POPULATION 

1.4.1 Data, Linkage and Data sources 

Analysis in this study is applied to a large inpatient claims dataset from a large California 

insurance plan, Blue Shield of California (BSC), a not-for-profit health plan established in 1939. 

The dataset contains all inpatient admissions in non-federal California hospitals for 4 million 

BSC subscribers.  The sample includes over 1 million inpatient admissions from approximately 

400 hospitals and 300 physician groups for the period of fiscal year 2004 – fiscal year 2012. 

Importantly, the BSC dataset covers a very large under age 65 commercially insured population. 

It is noted that the dataset is subject to a limitation due to unavailability of patients’ enrollment 

data or membership data.  Therefore, the analysis is focused on the population of patients who 
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have been admitted during this time period.  Those who had never been hospitalized were left 

out of this study. 

This dataset covers a diverse population of patients, hospital types and physician 

specialties across the state.  BSC provider networks are some of the largest in California 

including an HMO network with more than 34,000 physicians and 290 hospitals and a PPO 

network with more than 351 hospitals and 60,000 physicians5.   

As one of the largest health plans in the country, BSC has significant experience with 

claim data input, processing and reporting that guarantees the high quality of the datasets and 

availability related variables in the dataset.  It contains patient demographic information, 

patient clinical information including primary diagnosis, secondary diagnosis, service 

procedures, discharge disposition, source of admission, type of insurance, and length of stay. 

Among other variables, the encrypted patient identifier and admission and discharge time 

allowed me to track patient readmissions. Hospital and physician information is also available, 

which enables me to conduct analysis on both. . 

In addition, I linked BSC data with hospital annual financial data collected by the 

California Office of Statewide Health Planning and Development (OSHPD) and Medicare’s 

Hospital Readmission Reduction Program data from CMS on the hospital-level, to obtain 

information on hospital characteristics including ownership, bed-size, safety net status, system 

status, teaching status, and rural/urban location.  

5
 Data source: Blue Shield of California Webpage:  https://www.blueshieldca.com/bsca/about-blue-shield/home.sp 

https://www.blueshieldca.com/bsca/about-blue-shield/home.sp
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1.4.1 Inclusion and Exclusion Criteria 

The sample covers inpatient admissions between October 2003 and September 2011. 

Hospitals and medical groups change over the study period.  As a first step in building an 

analytical dataset, I reconciled hospitals and medical groups by tracking the changes in 

organization names and IDs due to closures, mergers and acquisitions, new hospitals or medical 

groups, or purely names or ID changes in registry with the BSC.  I created a new hospital 

identifier for each hospital that is consistent across all 8 years.  Only non-federal short-stay 

acute care hospitals with this new hospital identifier with inpatient admission records for all 

years are included in the final dataset. The result was an exclusion of 2.5 % of the original 

population. 

Other exclusion criteria were as follows: (a) Patients younger than 18 years or older than 

64 years on the day of discharge were excluded; (b) admissions with missing patient identifier 

were excluded; (c) admission with an in-hospital death were excluded; (d) admissions 

transferred to another acute care facility were excluded; (e) admissions discharged against 

medical advice were excluded; (f) admissions for primary psychiatric diagnoses were excluded; 

(g) admissions for rehabilitation were excluded; and (h) admissions for maintenance 

chemotherapy were excluded.  The reason for the exclusion is that readmissions of these 

specific cases are not a quality signal.  After these exclusions, 738,872 inpatient admissions 

from 247 acute care short stay hospitals were deemed eligible for this analysis. (Table 1) 
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1.4.2 Health Service Condition Groups 

In order to develop risk adjustment measures, I applied the Clinical Classification 

Software (CCS) developed by the Agency for healthcare Research and Quality (AHRQ). 

Application of the single-level CCS collapsed more than 14,000 diagnosis code from the 

International Classification of Diseases, 9th Revision, Clinical Modification (ICD-9-CM) into 285 

mutually exclusive categories of illnesses and conditions.  Most of the categories have relatively 

homogeneous diseases.  (AHRQ HCUP, 2014) The list of frequency of the AHRQ CCS codes for 

the primary diagnoses of the study sample is presented in Appendix 2. 

Table 1 Exclusion Criteria and sample sizes 

Sample Description Percentage Left 

Blue Shield of California Insured California Patients's Inpatient Admissions  
10/1/2003 -  9/31/2011  

100.00% 

Reconcile hospital names and IDs (319 hospitals in the reconciled list); ambulatory 
surgical centers and federal hospitals are excluded.  

97.49% 

Exclude patients younger than 18 years or older than 64 years on the day of 
discharge.  

69.86% 

Exclude admissions with missing patient ID. 69.84% 

Exclude admissions with an in-hospital death. 69% 

Admissions transferred to another acute care facility 68.15% 

Admissions discharged against medical advice. 67.39% 

Admissions for primary psychiatric diagnoses 67.05% 

Admissions for rehabilitation (CCS=254) 67.27% 

Admissions for maintenance chemotherapy (CCS=45) 66.33% 

Exclude extremely small hospitals with less than 80 claims in the dataset , hospitals 
that don’t  have data for all  years from  2003-2011 

65% 

Final Studied Population 65% 

I stratified admissions into six mutually exclusive health service condition groups by 

patient diagnosis: surgery, maternity, medicine, cardiovascular, cardiorespiratory and 

neurology.  The classification of surgery, maternity and medicine patients was conducted 
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following the practice commonly used by commercial health plans in their claim data 

processing such as the BSC, using the MS-DRG of each inpatient admission.  Paralleling the CMS 

hospital-wide all-cause 30-day readmission calculation method, the other three groups, 

cardiovascular, cardiorespiratory and neurology were created using the primary Diagnosis CCS. 

Although presumably these three conditions were not expected to have as many patients in the 

commercially insured population as compared with the Medicare insured population, the 

information could be used to compare the differences between senior Medicare patients and 

younger patients. 

The procedure was as follows.  First, any inpatient admission with a MS-DRG surgical 

code was immediately grouped as surgical.  This means that any patient who required a surgery 

line service was included in this group, regardless of which other conditions they may have.  For 

example, a patient with a primary diagnosis of congestive heart failure (CCS code 108) who also 

required a surgical procedure was classified into the surgery group instead of the 

cardiorespiratory group.  Second, for non-surgical admissions, I used the MS-DRG in the dataset 

and created a CCS variable to group them into maternity, cardiovascular, cardiorespiratory and 

neurology.  Finally, any remaining admissions were assigned to the medicine group. (See 

Appendix 1) 

1.4.3 Population Characteristics Overview 

The studied population consisted of adults younger than age 65, with a mean age of 43 

(66% female with a mean age of 40, 34% male with a mean age of 49). After excluding 

maternity admissions, there are 55% women compared to 45% men, and the 9 year mean age 
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difference disappears.  Regarding the included admissions, 35% were surgical, 31% were 

maternity, and 23% belong to the medicine category.  A smaller number of patients belong to 

cardiovascular (5%), cardiorespiratory (3%) and neurology (2%).   Surgery is the largest group. 

The sample is a half-and-half mixture of HMO and PPO. (Appendix 1) 
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CHAPTER 2 30-DAY READMISSION RATES OF COMMERCIALLY INSURED 

UNDER 65 ADULT PATIENTS IN CALIFORNIA  

2.1 INTRODUCTION 

The problem of excessive hospital readmissions has gained widespread attention. 

Policymakers seek to understand the frequency and patterns behind 30-day hospital 

readmissions, in the hope that they can make some necessary changes in order to effectively 

direct their limited resources to a better solution.  Chapter 1 above pointed out that hospital 

readmissions for the population of commercially insured adult patients under age 65 did not 

receive sufficient coverage in the published literature.  However under 65 population consist of 

60% of total hospital admissions in the United States6.  In comparison with the ample studies on 

the characteristics of readmissions among senior patients (Medicare patients), the information 

on the frequency and patterns of 30-day hospital readmissions in a population of commercially 

insured young adult patients is rather limited. 

2.2 PURPOSE OF THIS CHAPTER 

This chapter will intend to provide descriptive analyses of the frequency and patters of 

hospital readmissions of the population with medical conditions associated with readmissions, 

of the cost associated with readmissions and of the distribution across diverse groups. 

2.3 DESCRIPTIVE ANALYSES OF 30-DAY HOSPITAL READMISSION RATES 

6
 Data sources: http://www.beckershospitalreview.com/hospital-management-administration/50-things-to-know-

about-the-hospital-industry.html 

http://www.beckershospitalreview.com/hospital-management-administration/50-things-to-know-about-the-hospital-industry.html
http://www.beckershospitalreview.com/hospital-management-administration/50-things-to-know-about-the-hospital-industry.html
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2.3.1 Definitions 

There are various definitions of hospital readmission rates in practice.   Here, the 

concept of “Hospital wide all-cause unplanned 30-day readmission” is used by the CMS Hospital 

Readmission Reduction Program7 . (Krumholz et al. 2011)   It means: 1) only unplanned 

readmissions were included8; planned readmissions were excluded.   2) The use of a 30-day 

framework, which was consistent with most common readmission rate calculation methods.   3) 

Only acute care hospital inpatient stays were included.  4) “Initial admission with readmission  

(IR)” was defined as an admission followed by at least one 30-day readmission after being 

discharged alive; while “initial admission without readmission” was defined as an admission 

that had no readmission within the following 30 day period.  5) Initial admissions that were 

transferred to other acute care facilities were excluded.   6) Initial admissions that had an in-

hospital death were excluded.  7) Initial admissions that were discharged against medical advice 

were excluded.  8) The second admission for any cause within 30-days of the discharge from the 

patient’s initial admission was defined as a “30-day readmission”9.  If the 30-day readmission 

itself had a 30-day readmission that followed, it was treated as an “initial admission with a 

readmission”.  If not, the readmission was considered an initial admission without a 

7
 This study applied the concept of 30-day hospital-wide all-cause readmission used by CMS and developed by a 

team of clinical and statistical experts from Yale New Haven Health Services Corporation – 

Center for Outcomes Research and Evaluation (YNHHSC/CORE). (Krumholz et al. 2011) 
8
 CMS Hospital-Wide All-Cause Unplanned Readmission Measure –Version 4.0 listed the following diagnoses that 

are always planned: Diagnosis CCS 45 Maintenance chemotherapy, Diagnosis CCS 194 Forceps delivery, Diagnosis 
CCS 196 Normal pregnancy and/or delivery, Diagnosis CCS 254 Rehabilitation.  
9
 These terms “initial admission with readmission”, “initial admission without readmission”, and “30-day 

readmission” will be repeatedly used in this dissertation.  

. 
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readmission.   Here the patient identifier and admission and discharge dates were used to track 

a patient’s readmissions within 30-days. 

Based on the above definitions, the unadjusted 30-day hospital readmission rate of a 

group was defined as the total number of initial admissions with a 30-day readmission divided 

by the total number of admissions:  
∑ 𝐼𝑅

𝑔
𝑖

∑ 𝐼
𝑔
𝑖

  × 100%, where ‘g’ represents such groups as 

hospitals, physicians, diagnosis conditions, ages or genders; i=0, 1,2…Ng, here ‘Ng’ equals to the 

total number of admissions in group ‘g’.  ‘IR’ indicates initial admissions with a 30-day 

readmission. 

2.3.2 Descriptive Analyses 

As described in Table 2, the average readmission rate for the entire study population 

was 6.43%, and 8.07% for all non-maternity admissions.  Readmission rates varied across 

medical condition groups from 3% to 12%.   Among the six condition groups, maternity was the 

least likely to be readmitted within 30-days of discharge; surgery, cardiovascular and neurology 

admission were less than medicine or cardiorespiratory patients.   The population average 

readmission rate was 6.43%, which held 9.4% of total hospital costs.   Although the number of 

total readmissions for surgery patients (5.57%) was lower than medicine, the cost incurred by 

this category accounted for 8.7% of all hospital costs.   The most readmissions group was the 

medicine, which accounted for 15% of total hospital cost.  Overall, readmissions are quite costly; 

the costs were different across conditions. 
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Table 3 presents the distribution of 30-day readmissions and costs among age groups. 

Readmission rates varied across not only disease condition groups but also patient age groups, 

which range from the lowest group of age 26-45 maternity patients at 2.67%, to the highest 

group of age 56-64 medicine patients at 13.50%.   Among all non-maternity patients, the age 

group 18-25 had the lowest readmission rate at 6.6%, while the readmission rates increase with 

age.   Non-maternity patients age 56-64 had a readmission rate at 9.1%, accounting for 11.04% 

of total hospital cost. In contrast to the admissions of Medicare patients nearly at 20%, the 

younger adult population’s readmission rates are much lower.   Age group 56-64 had the 

highest readmission rates and the most costly readmissions in all conditions.   This indicated 

that older patients within the commercial population were more likely to be readmitted within 

30-days after discharge than younger patients, and their readmissions were more complicated. 

This comparison reflected a higher average cost per admission of older patients than younger 

people. 

Table 2 30-Day Hospital Readmission Rates and the Proportion of Hospital Charges of 
Readmissions  (Fiscal Year 2004-2011) 

Condition 
Total No. 

of 
Admissions 

Proportion 
of All of 

Admissions 

Total No. of 
30-day 

Readmissions 

30-day 
Hospital 

Readmission 
Rates 

Percentage 
of Total 
Hospital 

Charges for 
Readmissions 

Average 
Hospital 
Charges 

Per 
Admission 

Surgery 261561 35.39% 14568 5.57% 8.67% $76,323 

Maternity 230858 31.23% 6502 2.82% 2.86% $20,376 

Medicine 170562 23.08% 20348 11.93% 14.99% $42,517 

Cardiovascular 36245 4.90% 2412 6.65% 10.43% $31,388 

Cardiorespiratory 22208 3.00% 2269 10.22% 12.30% $49,872 

Neurology 17727 2.40% 1411 7.96% 9.49% $52,001 

Non-Maternity 508303 68.77% 41008 8.07% 10.40% $59,771 

Total 739161 100.00% 47510 6.43% 9.39% $47,467 



32 

Table 3 Number and Hospital Charges of 30-day Readmissions By Age 

Age 
Group 

Total No. 
of 

Admissions 

Percentage 
of Total 

Admissions 

Total No. of 
30-day 

Readmissions 

30-day 
Hospital 

Readmission 
Rates 

Percentage 
of Total 
Hospital 
Costs by 

Readmissions 

Average 
Hospital 
Cost Per 

Admission 

All conditions 

18-25 66990 9.06% 3087 4.61% 8.23% $33,626 

26-35 196915 26.64% 7643 3.88% 5.89% $27,587 

36-45 154094 20.85% 9158 5.94% 8.45% $42,037 

46-55 161096 21.79% 13047 8.10% 10.31% $60,088 

56-64 160066 21.66% 14,571 9.10% 11.04% $70,243 

Non-Maternity 

18-25 30207 4.09% 1993 6.60% 10.50% $52,978 

26-35 53281 7.21% 3804 7.14% 9.43% $48,184 

36-45 104211 14.10% 7620 7.31% 9.59% $50,970 

46-55 160545 21.72% 13020 8.11% 10.35% $60,187 

56-64 160059 21.65% 14571 9.10% 11.04% $70,245 

Maternity 

18-25 36783 4.98% 1098 2.99% 2.76% $17,822 

26-35 143634 19.43% 3839 2.67% 2.71% $19,947 

36-45 49883 6.75% 1538 3.08% 3.29% $23,374 

46-55 551 0.07% 27 4.90% 3.08% $31,256 

56-64 7 0.00% 0 0.00% 0.00% $21,380 

Surgical 

18-25 13086 1.77% 608 4.65% 9.41% $71,671 

26-35 27108 3.67% 1383 5.10% 7.66% $60,169 

36-45 56129 7.59% 2672 4.76% 7.65% $61,925 

46-55 83229 11.26% 4643 5.58% 8.64% $77,035 

56-64 82009 11.09% 5262 6.42% 9.31% $91,536 

Medical 

18-25 14126 1.91% 1213 8.59% 13.45% $36,957 

26-35 21329 2.89% 2134 10.01% 13.25% $34,955 

36-45 35362 4.78% 4066 11.50% 13.92% $38,076 

46-55 51284 6.94% 6394 12.47% 15.44% $43,468 

56-64 48461 6.56% 6541 13.50% 16.03% $49,701 
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Table 3 Number and Hospital Charges of 30-day Readmissions By Age (Cont.) 

Age 
Group 

Total No. 
of 

Admissions 

Percentage 
of Total 

Admissions 

Total No. of 
30-day 

Readmissions 

30-day 
Hospital 

Readmission 
Rates 

Percentage 
of Total 
Hospital 
Costs by 

Readmissions 

Average 
Hospital 
Cost Per 

Admission 

Cardiovascular 

18-25 513 0.07% 29 5.65% 5.47% $31,907 

26-35 1519 0.21% 75 4.94% 13.35% $31,054 

36-45 6336 0.86% 312 4.92% 11.50% $26,434 

46-55 13877 1.88% 842 6.07% 9.09% $29,517 

56-64 14000 1.89% 1154 8.24% 11.07% $35,502 

 Cardiorespiratory 

18-25 877 0.12% 70 7.98% 10.39% $42,951 

26-35 1643 0.22% 111 6.76% 7.54% $39,803 

36-45 3408 0.46% 310 9.10% 11.55% $47,249 

46-55 6828 0.92% 682 9.99% 12.06% $49,953 

56-64 9452 1.28% 1096 11.60% 13.46% $53,151 

Neurology 

18-25 1605 0.22% 73 4.55% 4.91% $51,753 

26-35 1682 0.23% 101 6.00% 9.32% $46,445 

36-45 2976 0.40% 260 8.74% 11.29% $54,053 

46-55 5327 0.72% 459 8.62% 8.87% $50,908 

56-64 6137 0.83% 518 8.44% 10.32% $53,541 

Table 4 Number and Hospital Charges of 30-Day Hospital Readmissions By Length of 
Stay10 

Length of 
Stay 

(Hospital 
Nights) 

Total No. of 
Admissions 

Percentage of 
Total 

Admissions 

Total No. of 30-
day 

Readmissions 

30-day Hospital 
Readmission 

Rates 

Percentage of 
Total Hospital 

Charges by 
Readmissions 

Los 0 35075 4.75% 2870 8.18% 6.43% 

Los 1-2 371818 50.31% 17329 4.66% 4.56% 

Los 3-5 245786 33.25% 14838 6.04% 6.52% 

Los 6-10 57320 7.76% 7569 13.20% 12.98% 

Los 11-15 13935 1.89% 2325 16.68% 15.98% 

Los 16-20 5801 0.78% 1006 17.34% 17.18% 

Los >=21 9382 1.27% 1572 16.76% 17.36% 

10
 Length of stay equals to the discharge date minus the admission date of a patient. It equals the number of 

hospital nights an inpatient admission has. 
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Table 4 presents the frequency and patterns of 30-day readmissions across different 

length of stays of an inpatient admission.  The average readmission rate was the lowest among 

patients who stayed 1-2 days in hospital.  It was interesting to note that among patients who 

were admitted and discharged on the same day (the patient has not stayed in the hospital 

overnight), the average readmission rate was 8.18%.  It is higher than the rate for patients that 

had 1-2 or 3-5 days of hospital stay and it was almost double the rate for patients that stayed in 

the hospital for 1-2 days.  This finding might be a signal that these short stay patients were 

discharged prematurely. 

 It was also interesting to note that for patients who stayed longer than 6 days, the 

readmission rates were more than double compared to those who stayed less than 6 days.  As 

the length of stay group went up, the readmission rate and the proportion of hospital cost by 

readmissions also went up.  It suggests sicker patients may need longer hospital stays and are 

more likely to be readmitted.  Overall, the young adult commercially insured population is 

generally healthier and only about 10% of all of their admissions had a length of stay more than 

6 days. 

Table 5 compares the distribution of admissions, distribution of readmissions, 

proportion of hospital costs by readmissions and lengths of stay between the HMO patients and 

PPO patients within the study population.  There was a half-and-half mixture of HMO and PPO 

insured, admitted patients.  This pattern appeared in all subgroups of disease conditions.  We 

observed that the average readmission rates of all HMO patients (6.65%) and PPO patients 

(6.23%) were close, and HMO patients had a slightly higher rate.  The average lengths of stays 
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for all admissions were slightly shorter for the HMO patients (3.35 days) than the PPO patients 

(3.59 days).   After excluding maternity patients, the differences in average readmission rates 

and average lengths of stay between HMO and PPO admissions became greater.   The observed 

readmission rates were similar with slightly higher rates for HMO across all medical condition 

groups.  The percentages of cost by readmissions to total admissions were virtually the same 

for all conditions for the unadjusted readmission rates.  This pattern may or may not change 

after risk adjustment to take into account other factors that may influence readmission rates. 

Table 5 Number and Costs of 30-Day Hospital Readmissions By Patients' Insurance (HMO vs. 
PPO) 

Insurance Plan 
Total No. 

of 
Admissions 

Percentage 
of HMO 

Total/ PPO 
Total 

Admissions 

Total No. of 
30-day 

Readmissions 

30-day 
Hospital 

Readmission 
Rates 

Percentage 
of Total 
Hospital 
Costs by 

Readmissions 

Average 
Length of 

Stay 
(Hospital 
Nights) 

HMO Total 353791 47.86% 23514 6.65% 9.59% 3.35 

PPO  Total 385370 52.14% 23996 6.23% 9.24% 3.59 

HMO Non-Maternity 237822 46.79% 20,007 8.41% 10.71% 3.69 

PPO Non-Maternity 270481 53.12% 21,001 7.75% 10.17% 3.94 

HMO Medicine 80203 10.85% 9819 12.24% 15.06% 3.78 

PPO Medicine 90359 12.22% 10529 11.65% 14.93% 4.28 

HMO Surgery 119792 16.21% 7059 5.89% 9.12% 3.83 

PPO Surgery 141769 19.18% 7509 5.30% 8.33% 3.83 

HMO Maternity 115969 15.69% 3507 3.02% 3.03% 2.65 

PPO Maternity 114889 15.54% 2995 2.61% 2.70% 2.76 

HMO Cardiovascular 18629 2.52% 1261 6.77% 9.79% 1.77 

PPO Cardiovascular 17616 2.38% 1151 6.53% 10.99% 2.07 

HMO 
Cardiorespiratory 

10863 1.47% 1146 10.55% 12.53% 4.17 

PPO Cardiorespiratory 11345 1.53% 1123 9.90% 12.11% 4.83 

HMO Neurology 8335 1.13% 722 8.66% 9.90% 3.99 

PPO Neurology 9392 1.27% 689 7.34% 9.19% 4.26 



36 

Table 6 describes frequency and patterns of 30-day readmissions across different types 

of hospitals.  It was interesting to note that teaching hospitals had the highest readmission rate 

(8.33%), very large hospitals (bed-size>500) had high readmission rates (7.02%) and safety net 

hospitals had high readmission rates (7.13%).  This dissertation analyzed 247 hospitals including 

20 teaching hospitals that had 16% of total admissions, 155 non-profit hospitals that had 81% 

of total admissions, 54 for profit hospitals that had 13.5% of total admissions and 35 

city/county or district hospitals that had 14.5% of total admissions.  About a half of the 

hospitals were in a hospital system with at least 3 hospitals.  Most hospitals (26%) were in the 

bed-size group 300-499.  Others were about evenly distributed across other bed-size groups as 

shown in Table 6.  Thirty-six were rural hospitals that admitted 14.75% of the total study 

admissions, and rural hospitals were found to have relatively low readmission rates comparing 

to other types of hospitals. 

A signification proportion of all hospital admissions for the commercially insured 

population (in contrast to Medicare population) are for maternity conditions.  Table 7 lists the 

top 10 most frequent maternity related conditions.   Admissions for these conditions accounted 

for 32% of total admissions.  The overall average readmission rate for all maternity conditions 

was low (1.95%) compared to non-maternity admissions.   Among these conditions, the 

diagnosis category of other complication of pregnancy had the highest readmission rates of 

6.51%.  The readmission rate for diagnosis condition “early or threatened labor” was 

surprisingly high at 20.31%.  It suggests that admissions and readmissions for maternity and 

non-maternity could be very different. 
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Table 6 Number and Costs of 30-Day Hospital Readmission by Hospital Type (Ownership, 
Teaching status, Bedsize, System, Rural/Urban, Disproportionate Share Hospitals) of Initial 

Admission Hospital 

Hospital Type 
Total No. of 
Admissions 

Percentage 
of Total 

Admissions 

Total No. of 
30-day 

Readmissions 

30-day 
Hospital 

Readmission 
Rates 

Average 
Length of 

Stay 
(Hospital 
Nights) 

Ownership 

City/County 5,522 0.75% 386 6.99% 4.16 

District 42,562 5.76% 2,519 5.92% 3.12 

Investor 99,598 13.47% 6,112 6.14% 3.14 

Non-Profit 591,479 80.02% 38,493 6.51% 3.49 

Teaching Status 

Not teaching 623,393 84.34% 37,870 6.07% 3.23 

Teaching 115,768 15.65% 9,640 8.33% 4.47 

Bedsize 

1-49 12,405 1.68% 565 4.55% 2.47 

50 - 99 26,552 3.59% 1,794 6.76% 3.04 

100 - 149 61,016 8.25% 3,420 5.61% 2.87 

150 - 199 54,530 7.38% 3,588 6.58% 3.06 

200 - 299 120,220 16.26% 7,230 6.01% 3.25 

300 - 499 266,724 36.08% 17,025 6.38% 3.46 

500 + 197,714 26.75% 13,888 7.02% 3.87 

System Status11 

<=3 299,781 40.56% 19,626 6.55% 3.46 

>3 439,380 59.44% 27,884 6.35% 3.40 

Urban/Rural 

Urban 706,223 95.54% 45,648 6.46% 3.46 

Rural 32,938 4.46% 1,862 5.65% 2.69 

DSH (Disproportionate Share Hospital) Status12 (Safety Net) 

DSH 158,177 21.40% 11,284 7.13% 3.73 

Non-DSH 580,984 78.60% 36,226 6.24% 3.40 

11
 System>3 indicates that a hospital is in a hospital system with more than 3 hospitals; system<=3 indicates that a 

hospital in a system with at most 3 hospitals or not in a system. 
12

 According to the U.S. Department of Health and Human Services,  Disproportionate Share Hospitals (DSH) serve 
a significantly disproportionate number of low-income patiens and receive payments from the Center for Medicaid 
and Medicare Services to cover the costs of providing care to uninsured patients. Disproportionate share hospitals 
are defined in Section 1886(d)(1)(B) of the Social Security Act.  Webpage link: 
http://www.hrsa.gov/opa/eligibilityandregistration/hospitals/disproportionatesharehospitals/ 

http://www.hrsa.gov/opa/eligibilityandregistration/hospitals/disproportionatesharehospitals/
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Table 7 30-Day Hospital Readmissions by Initial Admission Diagnosis---Top 10 Maternity 
Diagnosis Clinical Classification Codes 

AHRQ Diagnosis of Initial Admission CCS 
Total 

Admissions 

Percentage 
of Total 

Admissions 

Total 
Readmissions 

Readmission 
Rates 

OB-related trauma to perineum and vulva 43,387 5.88% 202 0.46% 

Other complications of birth; puerperium 
affecting management of mother 

41,079 5.57% 1,043 2.53% 

Previous C-section 26,956 3.65% 195 0.72% 

Other complications of pregnancy 18,124 2.46% 1,184 6.51% 

Prolonged pregnancy 14,114 1.92% 145 1.02% 

Normal pregnancy and/or delivery 13,498 1.88% 95 0.68% 

Fetal distress and abnormal forces 12,386 1.68% 0 0% 

Malposition; malpresentation 10,044 1.36% 117 1.16% 

Umbilical cord complication 9,800 1.33% 70 0.71% 

Early or threatened labor 8,179 1.11% 1,667 20.31% 

Total 197,567 26.84% 4718 1.95% 

Note: Sorted by “Percentage of Total Admissions” in a descending order. 

By excluding maternity admissions, I could check the patterns of admission and 

readmissions among other disease conditions, including conditions that also generally 

presented among the Medicare population (Table 8).  Thus, the readmission rate patterns for 

these conditions could be used to compare with those of Medicare patients.   I found the top 20 

most common disease conditions not only had the most inpatient admissions but also had 

relatively high readmission rates, with an average across these 20 condition groups of 7.02%. 

The most frequent non-maternity condition was spondylosis, intervertebal disc disorders and 

other back problem accounting for 4.37% of total admissions.  Pneumonia and acute 

myocardial infarction were among the top 20 most frequent conditions.  CMS uses risk adjusted 
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readmission rates of pneumonia and acute myocardial infarction as primary measures for 

hospital comparison and 

Table 8 30-Day Hospital Readmissions By Initial Admission Diagnosis--- top 20 Non-Maternity 
Diagnosis Clinical Classification Codes  

AHRQ Diagnosis of Initial Admission 
CCS 

Total 
Admissions 

Percentage 
of Total 

Admissions 

Total 
Readmissions 

Readmission 
Rates 

Secondary malignancies 6,456 1.27% 1,221 18.91% 

Complication of device; implant 
or graft 

11,574 2.28% 1,513 13.07% 

Pancreatic disorders (not diabetes) 7,477 1.47% 940 12.57% 

Intestinal obstruction without hernia 6,807 1.34% 855 12.56% 

Septicemia (except in labor) 7,140 1.40% 891 12.48% 

Complications of surgical procedure 12,352 2.43% 1,502 12.16% 

Acute myocardial infarction 8,292 1.63% 788 9.50% 

Pneumonia (except that caused by 
tuberculosis or sexually transmitted 
disease) 

8,432 1.66% 767 9.10% 

Coronary atherosclerosis and other 15,538 3.06% 1,306 8.41% 

Diverticulosis and diverticulitis 7,257 1.43% 544 7.50% 

Skin and subcutaneous tissue 
infection 

8,654 1.70% 582 6.73% 

Cardiac dysrhythmias 10,144 2.00% 681 6.71% 

Biliary tract disease 15,726 3.09% 1,036 6.59% 

Other nutritional; endocrine; and 
metabolic disorders 

13,214 2.60% 768 5.81% 

Other and unspecified benign 
neoplasm 

7,953 1.56% 427 5.37% 

Spondylosis; intervertebral disc 
disorders; other back problems 

22,230 4.37% 990 4.45% 

Nonspecific chest pain 18,325 3.61% 670 3.66% 

Appendicitis and other appendiceal 
conditions 

14,875 2.93% 448 3.01% 

Osteoarthritis 19,067 3.75% 480 2.52% 

Benign neoplasm of uterus 18,003 3.54% 396 2.20% 

Total 239,516 47.12% 16,805 7.02% 

     Note: Sorted by readmission rates in a descending order. 

reimbursement because the readmissions rates for these two conditions are considered 

preventable and excessive by CMS.  In the younger commercially insured study population, we 
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also observe high readmission rates for these two groups at above 9%, which was higher than 

the overall population average.  The highest readmission rate (19%) was found in secondary 

malignancies.  Readmissions due to complications of device implants are also high among the 

non-maternity conditions. 

2.4 CONCLUSIONS 

In sum, the descriptive analysis on 30-day readmission rates within the study population 

of commercially insured adult under 65 patients revealed the following important information. 

1) On average maternity and surgery patients had lower readmission rates; while medicine

condition patients had the highest readmission rate.  2) The increase of readmission rates went 

along with age; the older, the more.  3) Patients who stayed longer in hospitals were likely to 

have higher readmission rates on average.  4) Among patients who were discharged and 

admitted the same day, the readmission rates were much higher than those who had short 

length of stay (1-6 days).  5) HMOs patients had relatively higher readmission rates and shorter 

lengths of stays than PPOs patients.  6) Rural hospitals had lower readmission rate.  7) Teaching 

hospitals, safety net hospitals and hospitals with bed-size greater than 500 tended to have high 

readmission rates.  8) Maternity admissions were quite different from non-maternity patients. 

The former had relatively shorter length of stays and lower readmission rates than the latter. 

Some maternity readmissions might be related to the health status of babies rather than 

mothers.  9) Top frequent diagnosis conditions were found to have high readmission rates 

(higher than 10%).  10) CMS readmission penalties for excessive readmission rates among 

Medicare patients (CMS HRRP 2012), acute myocardial infraction and pneumonia, had high 

readmission rates within the commercial insured younger population. 
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CHAPTER 3 RISK ADJUSTMENT METHODS 

3.1 INTRODUCTION 

Risk adjustment is a key mechanism in the calculation of hospital outcomes, such as 

hospital readmission rates, mortality rates, hospital length of stay and other hospital 

characteristics.   The comparison of unadjusted hospital outcomes across hospitals (or other 

groups of interest such as physicians, medical groups, insurance plans) does not convey 

information about the truth health care quality comparison of hospitals.  Patient characteristics 

differ across hospitals and therefore different patients may have a different patient mix in 

terms of risk factors, which can affect the hospital outcomes.  Hospitals that take care of sicker 

patients may present higher readmission rates than others.  Thus, it is necessary to consider 

risk factors in comparisons and evaluations across groups of interest. 

Risk adjustment is used in calculating risk adjusted readmission rates for financial 

purposes, such as Pay-for-Performance (P4P), that rewards hospitals and doctors for better 

readmission outcomes, or the CMS HRRP penalty for excessive readmissions.   In these 

programs, risk adjusted readmission rate measure is desired to avoid cherry picking by hospitals 

(or other groups of interest) to ensure the programs are fair to hospitals that admit sicker 

patients and this should be hard to influence. 

However, risk adjustment methods are still being developed.  There is not one standard; 

rather different organizations employ different methods and approaches.  Hence, hospital 

scores differ with respect to their readmission patterns depending on the risk adjustment 

method being used. 
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A substantial number of studies have focused on the Medicare population and risk 

adjustment methods are fairly well developed using Medicare senior patient data as will be 

discussed later in this literature review.   Whether, or how well, these risk adjustment methods 

could be applied to the commercial insured population of younger patients under the age of 65 

is unknown. 

3.2 PURPOSE OF THIS CHAPTER 

This chapter is structured to serve several purposes: 

1) To identify and review current risk adjustment methods reported in the literature

and used in existing public reporting and payment schemes that focus on hospital readmissions; 

2) To develop a preferred risk adjustment method for calculation of hospital wide

readmission rates that can be applied to a commercially insured adult population of under age 

65 patients; and 

3) To evaluate the existing risk adjustment methods and select a preferred approach

based on objective statistical criteria. 

3.3 LITERATURE REVIEW 

3.3.1 Existing Risk Adjustment Models 

Overview: The literature on risk adjustment in health care is well established and but 

mainly focused on health care cost (Carter et al. 2000) and mortality outcomes (Iezzoni, 1997). 

The risk adjustment literature for hospital readmissions is relatively new but has been growing 
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rapidly.  In general, there are two methods of risk adjustment within this strand of the 

literature: direct adjustment and indirect adjustment.  The direct adjustment identifies and uses 

specific risk factors as part of a statistical model to predict expected readmissions based on the 

specific risk factors.  The indirect adjustment approach is illustrated by the well-known study of 

Jencks et al. (2009), which evaluates re-hospitalizations based on the Medicare claims data. This 

approach calculates an expected national readmission rate for each diagnosis related group 

(DRG) by using all national discharges, and assumes that the expected readmission risk of a 

hospital discharge equals the expected national average readmission rate of the same DRG of 

that discharge. 

These two approaches are equally important.  However, this study will focus on the 

direct adjustment, which constitutes the largest and most robust segment of the literature. 

Based on the existing literature this study will use the direct approach currently in use in the 

field of policy and regulatory purposes to develop a preferred model that can be applied to the 

commercially insured population under age 65. 

Risk Adjustments in Major Readmission Measures and Methods: The vast majority of 

existing risk adjustment studies covers: 1) patient demographic characteristics -- age and 

gender --, 2) patient clinical characteristics -- patient diagnosis and severity --, and 3) provider 

characteristics -- hospital type or location.  A recent review (Barrett et al. 2012) on the major 

readmission measures and methods to date was conducted as part of method series of The 

Healthcare Cost and Utilization Project (HCUP) within the US Federal government agency, such 
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Table 9 Overview of Risk Adjustments in Major Readmissions Measures and Methods 

Measures and models Risk Adjustment 
Disease/condition 

Specific 

1 
AHRQ HCUP 30-day readmission 
measure None No 

2 

National Cancer Institute 
readmission for end-of-life 
cancer patients None Yes 

3 
Virtual PICU  Systems pediatric 
intensive care unit readmissions None Yes 

4 
CMS all-cause readmissions for 
AMI 

Age, CMS developed comorbidities and 
frailty variables Yes 

5 
CMS all-cause readmissions for 
HF 

Age, CMS developed comorbidities and 
frailty variables Yes 

6 
CMS all-cause readmissions for 
Pneumonia 

Age, CMS developed comorbidities and 
frailty variables Yes 

7 
CMS all-cause readmissions for 
hip/knee surgery 

Age, CMS developed comorbidities and 
frailty variables Yes 

8 

CMS readmissions for 
percutaneous coronary 
intervention Yes, but details are not available. Yes 

9 
Jencks articles on Medicare 
readmissions 

 Risk stratified within a DRG; indirect risk 
adjustment method 

Top 5 medical and 
5 surgical DRGs 
with most 
frequent 
readmissions 

10 

National Committee on Quality 
Assurance (NCQA) plan-level 
readmission method  

the presence of surgery, discharge 
condition, comorbidity, age and gender Hospital wide 

11 
3MTM potential preventable 
readmission measure  

All Patient Refined DRGs (APR-DRG) and 
severity of illness, age, and comorbidity 
substance use indicator and mental health 
condition, controlled as covariates in a 
logistic regression model.  Hospital wide 

12 The UnitedHealth group model 
DRG relative weight  is controlled as a 
covariate in a logistic regression model Hospital wide 

13 
CMS all-cause hospital wide 
readmissions 

Age, CMS developed comorbidity 
variables, primary diagnosis; service mix 
(disease conditions), controlled as 
covariates in a logistic regression model. Hospital wide 

Note: 1) Measures and methods 1-12 are summarized based upon the HCUP Methods Series-Overview of Key Readmission 
Measures and Methods Report #2012-04 by Barrett et al. 2012; method 13 is summarized based on Hospital-Wide All-Cause 
Unplanned Readmission Measure: Final Technical Report by Horwitz et al. 2011.  
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as the Agency for Healthcare Research and Quality (AHRQ).  Twelve different measures and 

methods for calculating adjusted hospital readmissions rates were reported, including both key 

approaches used in the academic literature as well as methods currently applied in the field of 

commercial insurance companies. 

Table 9 presents risk adjustments included in these major models.  Three methods do 

not include any explicit risk adjustment factors (AHRQ HCUP 30-day readmission measure, 

National Cancer Institute readmissions for end-of-life cancer patients and Virtual PICU13 

Systems pediatric intensive care unit readmissions).  Five methods adjust for risks by focusing 

readmission within the same specific disease categories: CMS all-cause readmission rates for 

AMI, CMS all-cause readmission rates for heart failure, CMS all-cause readmission rates for 

pneumonia, CMS readmissions for hip and/or knee surgery, CMS readmissions for 

percutaneous coronary intervention.  The first four CMS readmission models are part of the 

CMS Hospital Readmission Reduction Program, and adjust for age and CMS developed 

comorbidity variables.  The aforementioned indirect risk adjustment method used by Jencks et 

al. (2009) is also reported as one of the 12 methods. 

Overall, HCUP reported on only three approaches that are designed to be applied to 

admissions for all medical conditions – all cause readmissions rather than disease/condition 

specific readmissions: (1) National Committee on Quality Assurance (NCQA) plan-level 

readmission method; adjusts for risk factors of the presence of surgery, discharge condition, 

comorbidity, age and gender.  (2) The UnitedHealth group model is one of the 12 reported 

13
 PICU stands for pediatric intensive care unit. 
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methods, representing the readmission calculation approaches commonly used by commercial 

health plans.  It only controls for DRG relative weight but no other risk factors.  DRG relative 

weight is developed by CMS to estimate the average amount of resources it takes to treat a 

patient in that DRG. (3) The 3MTM potential preventable readmission measure adjusts for All 

Patient Refined DRGs (APR-DRG) and severity of illness, age, comorbid substance use indicator, 

and mental health condition.  

Table 9 (No. 13) presents the CMS hospital-wide all-cause 30-day readmission method. 

This readmission risk adjustment approach includes risk adjustment factors: case-mix as 

measured by age and CMS developed comorbidity variables, and service mix measures to 

account for differences in types of conditions (such as medicine, surgery, cardiovascular, 

cardiorespiratory and neurology) (Horwitz et al. 2011).  It should be noted that CMS developed 

this approach based on risk data from Medicare and VA populations which may limit its 

applicability to commercially insured populations. 

Application of Risk Prediction Models: Risk prediction models help us understand the 

elements of risks of readmission, by including potential factors that might be associated with 

readmission rates.  This approach is helpful in determining factors that can be studied to inform 

quality improvement and hospital outcomes but not all factors are necessary elements of risk 

adjustment.  A recent comprehensive review of the academic literature by Kansagara et al. 

(2011) reported that 13 out of 26 readmission risk prediction models of medical patients were 

designed to facilitate calculation of risk-standardized readmission rates for hospital 

“comparison purposes” while others were designed for clinical purposes.  The risk prediction 
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models developed for clinical predictive purposes may not be used as risk adjustments, as the 

data on risk variables such as patient laboratory results or functional status are often not 

included in administrative data or insurance claims data.  For example, Stewart et al. (2000) in 

their study on predictors of 30-day hospital readmission after coronary artery bypass found 

patients’ high level of creatinine or decreased left ventricular ejection fraction are associated 

with higher risks of readmission; however these variables are usually lacking in administrative 

or insurance claims data. 

Coverage of Data: It is also important when evaluating the existing literature to take 

into account the coverage of the data used for study, including the population covered and 

breadth of admissions covered.  Kansagara et al. (2011) in their systematic review of 

readmission risk prediction models reported that the majority of studies to date were limited to 

either the Medicare population and/or the VA covered population and found none that used 

data for commercially insured populations. Some studies focused on a single specific disease 

condition (Ohman et al. (2000) ,Almagro  et al. (2006), Carneiro  et al.  (2010) ,Ferraris et al. 

(2001) Garcia et al. (2003), Koehler et al. (2009) and Bottle et al. (2006), while other studies 

used data covering only a single site and/or hospital sample (Iloabuchi et al. 2014). In general, 

these studies contribute to our understanding of a range of risk factors, but their lack of 

generalizability to a broad range of conditions may render them inapplicable to assessing 

performance in the commercially insured population under age 65. 
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3.3.2 Criteria for Judging Risk Adjustment 

Although risk adjustment is essential for the assessment of hospital readmission 

performance, developing a valid and operational risk adjustment approach is not 

straightforward.  The data, hospital administrative data or insurance claim data, to which the 

risk adjustment models are applied are full of complexities that need to be considered. The 

statistical modeling of a binary outcome measure --- whether or not a patient is readmitted ---

can be complex and requires comprehensive analyses of appropriate risk variables and model 

assessments.   Krumholz et al. (2006), in their study on standards for statistical models, used for 

public reporting of health outcomes offered a list of criteria: a good risk adjustment model 

should have good predictive validity, it can be generalized to a large population, should be 

developed using reliable data that can be easily obtained, and the risk factors used should be 

clinically meaningful.  Additional criteria apply if that models inform rankings that will affect 

payments: In their study on a clinically detailed risk information system for cost analysis and 

Medicare reimbursement Carter et al. (2000) listed four criteria developed by Newhouse (1986) 

to ensure the value of a risk adjustment system in the role of making payments fair to hospitals: 

strength of prediction of utilization, ease of collection, ease of audit and difficulty of gaming, 

and size of incentives for inefficient care.  These criteria were used in this dissertation. 
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3.4 METHODS 

3.4.1 Overview of Risk Adjustment Process 

To calculation risk adjusted hospital readmission rates, several steps are needed.  First, 

fit the logistic risk adjustment model that includes risk factors as covariates and the 

dichotomized outcome of either having a 30-day readmission or not as the outcome variable. 

The general form of this model is: 

Ln (
𝑝𝑖

1 − 𝑝𝑖
) = 𝛼 + 𝑥𝑖

′𝛽 + 𝜀𝑖

𝑖 = 1,2 … 𝑛 

where 𝑖 represents individual inpatient admission, 𝑝 denotes the probability that the 

dependent variable equals one, and 𝑥’ is the list of controlled/adjusted risk factors.  𝛼  denotes 

the constant and 𝛽 denotes the coefficients for risk factor 𝑥’.  

Using the fitted model, we can calculate individual risk for readmissions represented by 

the predicted probability of having a readmission after adjusting for an individual’s risk factors. 

The rationale of using the logistic regression model to do readmission risk adjustment is based 

on the following: p is the risk of a 30-day readmission.  Each x is a risk factor that contributes to 

the total risk of having a readmission risks.  Using logistic regression to control the risk factors, 

we identify and adjust for the variation in patient’s risk of readmissions that result from these 

risk factors.  The coefficient of each X indicates the direction and size of how a specific factor 

influences a patient’s readmission risks. By doing this, we statistically account for difference in a 
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group of patients (such as based on a hospital, a medical group, or an insurance plan) versus 

the comparison groups on the variables that are assessed and included in the model. 

Second, calculate a risk adjusted readmission risk ratio for specific groups of the whole 

study population (the groups of interest could be hospitals, medical groups, insurance plans, 

patient’s age/gender/race groups, disease groups etc.), using the sum of the predicted 

probability of readmission for individuals of a specified group divided by the total number of 

observed readmissions as shown in the formula below. 

𝑅𝑖𝑠𝑘 𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅𝑒𝑎𝑑𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝑅𝑖𝑠𝑘 𝑅𝑎𝑡𝑖𝑜 =  
∑ 𝑦𝑖

𝑁𝑔
𝑖

∑ 𝑝�̂�
𝑁𝑔
𝑖

where 𝑦𝑖=1 if initial admission 𝑖 has a 30-day readmission and 𝑦𝑖=0 if the initial admission 𝑖 has 

no 30-day readmission, and 𝑝�̂� denotes the predicted probability of 30-day readmission for 

initial admission 𝑖.  𝑁𝑔 denotes the total number of admissions in the study group of interest. 

Risk ratios smaller than 1 indicate better performance than expected, while values 

larger than 1 indicate poorer than average performance.   For example, the risk adjusted 

readmission risk ratio of a hospital is equal to the total number of observed readmissions 

divided by the sum of the predicted probability of readmission for each inpatient admission of a 

hospital. 

In the final step (summarized above) the risk adjusted readmission rate is calculated by 

multiplying the previously calculate risk ratio by the mean readmission rate of a population: 

𝑅𝑖𝑠𝑘 𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅𝑒𝑎𝑑𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝑅𝑎𝑡𝑒 =  
∑ 𝑦𝑖

𝑁𝑔
𝑖

∑ 𝑝�̂�
𝑁𝑔
𝑖

×  
∑ 𝑦𝑖𝑖

𝑁
 × 100% 
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where N denotes the total number of admissions of the study population. 

The calculated hospital level risk adjusted readmission risk ratios can be used to 

compare across hospitals as well as a variety of other settings such as health plans, medical 

groups, physicians, geographic regions, diseases groups. 

3.4.2 Empirical Strategies 

Model Overview 

To achieve the study goals, I evaluated three models: the IHA model, the proposed 

model 1, and the preferred model (the proposed model 2).  The models that are being 

compared and their coverage of different sets of risk factors are listed in Table 10.  Risk factors 

are categorized into four components.  I conducted an empirical review and evaluate model 

predictive performance. 

Table 10 Comparison of Risk Adjustment Models 

Risk Factors 
IHA 

Model 
CMS Model 

(Reference Only) Propose Model 1 
Preferred Model 

 (Proposed Model 2) 

Demographic 
characteristics 

Age, 
Gender Age Age, Gender 

Age, Gender, 
Age*Gender 

Primary Diagnosis 

DRG 
Relative 
Weight 

CMS Created Risk 
Indicators Using 
AHRQ CCS Code DRG Relative Weight 

Primary Disease 
Condition Indicator 

Using AHRQ CCS Code 

Severity -Secondary 
Diagnosis---

Comorbidities 

CMS Created 
Comorbidity 

Indicators 

Elixhauser 
Comorbidities; 

Number of Secondary 
Diagnosis 

Elixhauser 
Comorbidities; 

Number of Secondary 
Diagnosis 

Health Care Service 
Type 

Disease Condition 
Cohorts 

Disease Condition 
Cohorts 

Disease Condition 
Cohorts 

Note: See model functions in Appendix 3. 
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 I first identified two models in use in the field and in the literature: one used by 

commercial health plans and the other one used by CMS in evaluating readmissions of 

Medicare patients.  The first one is named as the IHA model that is similar to the previously 

discussed UnitedHealth group readmission model in the literature reviews (No.2 in Table 9).  Its 

risk adjustment only includes patient’s age, gender and DRG Relative Weight but no other risk 

factors.  This approach is of particular interest to this study for three reasons: 1) 

UnitedHealthcare is a private insurance company.  Similarly, the studied population is from a 

private health plan---Blue Shield of California.  2) The Integrated Health Association in California 

(IHA) also uses DRG Relative Weight in readmission risk adjustment and used the outcome as 

part of the measures in its Pay-for-Performance program (P4P Program) to financially 

incentivize physician organizations in California improving healthcare quality.  3) The studied 

population is part of the program as the Blue Shield of California starting 2003 began 

participating IHA’s P4P Program to reword provider groups with high performance.  Therefore, I 

will exam the IHA model in this study. 

The second one is named CMS model in Table 10.  It is the CMS all-cause hospital-wide 

readmission model (No. 13 in Table 9).  The CMS model includes four elements patient 

demographics, primary diagnoses, comorbidities and hospital service mix.  However, the risk 

variables adjusted in the CMS model were developed using a Medicare and VA population by 

CMS and the data were not available.  In addition, because patient characteristics between a 

younger population and senior population might be quite different, the CMS model could not 

be directly used in a younger population.  Therefore, using the CMS model as a reference to 

develop risk adjustment factors accordingly, I proposed two models: proposed model 1 and 
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preferred model.  The difference between the two was that, in the preferred model, the 

primary diagnosis condition indicators was substituted as a more refined and detailed covariate. 

Specification and Construction of Proposed Model 1 and Preferred Model 

The general form of the proposed models for readmission risk adjustment is specified as 

follows.  The proposed model 1 and preferred model are only different one risk adjustment 

component: the primary diagnosis condition. 

Ln (
𝑝𝑖

1 − 𝑝𝑖
) = 𝛼 + 𝑥𝑖

′𝛽 + 𝜀𝑖

𝑖 = 1,2 … 𝑛 

with 𝑥 including 1) patient demographics (age, gender, interaction term of age and gender); 2) 

29 comorbidity indicator variables using AHRQ Elixhauser Comorbidities (Elixhauser et al. 1998) 

and the number of secondary diagnosis; 3) indicator variables for patients’ health service 

conditions indicating patient condition of surgery, maternity, medicine, cardiorespiratory, 

cardiovascular and neurology; 4) for the proposed model 1: DRG relative weight; for the 

preferred model: primary diagnosis represented by dummy indicator variables of CCS diagnosis 

code as introduced in Chapter 1.  191 dummy indicators of CCS diagnosis codes are included in 

models for the sample of all patients;  161, 147, 13, 33, 12 and 10 dummy indicators of CCS 

diagnosis codes are included in models for the samples of patients with disease conditions of 

surgery, medicine, maternity, cardiorespiratory, cardiovascular and neurology respectively. 

(Model Formulae are presented in Appendix 3). 
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 The three models were applied to the samples of: all-condition, non-maternity, 

maternity, surgery, medicine, cardiovascular, cardiorespiratory and neurology patients 

respectively.  Maternity patients are separated from the model for all other non-maternity 

conditions because maternity admissions are quite different from other disease admissions. 

Variable Construction 

Patient demographic characteristics: Age and gender are correlated with clinical 

condition.  Older patients are often sicker, even when admitted for the same medical condition. 

Gender is in some cases disease specific and in general may relate to severity and complication 

of patient clinical status.  Gender is omitted in the CMS model, but was added in the proposed 

model 1 and an interaction term of age and gender is included in the preferred model. 

Primary diagnosis:  Primary diagnosis is omitted in models that focus on one specific 

disease or a certain type disease condition.  The IHA model that is used in P4P relies mainly on 

DRG relative weights developed by CMS.  In the preferred model, I substitute primary diagnosis 

as a group more refined indicators using the AHRQ CCS diagnosis codes. 

Secondary Diagnosis: I used the AHRQ Elixhauser Comorbiditiy algorithm (Elixhauser et 

al. 1998) to create 29 comorbidity variables using secondary diagnoses.  The comorbidity 

conditions include diagnoses that indicated patient comorbid illnesses in the following 

categories: health risk behavior such as drug and alcohol use, and mental health condition.  An 

overall measure of the total number of secondary diagnoses of a patient is calculated and 

included in the model. 
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Health service conditions: Readmission rates may apply across hospitals depending on 

the variation in the range of conditions that they treat.  If a hospital serves a higher density of 

cardio patients it may have lower readmission rates because of greater experience or it may 

have higher readmission rates since they receive more of the highest risk patients.  Health 

service conditions are controlled in analyses that include the whole non-maternity population 

and separate risk adjustment models are also run for each condition.14  

Risk Adjustment Model Assessment and Validation 

Before applying my preferred model, I conducted statistical assessment and validation 

steps to determine whether the preferred model performs better than the proposed model 1 

and the existing IHA models.  The proposed model 1 is tested using all patients, all conditions 

and sub-samples for six different disease condition groups (surgery, maternity, medicine, 

cardiorespiratory, cardiovascular, neurology).  The preferred model is tested using the all 

patient, all-condition sample and each disease condition group separately. 

Model assessments are based on the Akaike Information Criterion (AIC) (Akaike, 1974), 

Bayesian Information Criterion (BIC) (Schwarz, 1978) and the C-statistic (area under receiver 

operating curve (ROC) ), three measures of model fit for logistic regression.  The AIC statistic is 

calculated as  AIC = 2k − 2ln (L) .  𝑘 represents the number of regressors including the 

constant and L represents the likelihood function of the logistic regression model.  The BIC 

statistic is calculated as 𝐵𝐼𝐶 = −2ln �̂� + 𝑘ln (𝑛).   �̂� represents the maximized likelihood and 𝑛 

14
 Health service condition indicators (surgery, maternity, medicine, cardiorespiratory, cardiovascular and 

neurology) were included in the all-condition model and the non-maternity model. The indicators were not 
included in the condition specific models but were used to identify these condition groups.  
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represents the sample size.  Both AIC and BIC measure the quality of a statistical model by 

trading off between goodness-of-fit and complexity of the model. Smaller AIC and BIC is 

associated with better model fit. 

The c-statistic is the preferred measure of model discrimination on logistic models.  It is 

the proportion of times the model correctly discriminates a pair of high- and low-risk individuals. 

It ranges from 0 to 1, where 0.5 indicates the model is no better than chance and 1 indicates 

the model predicts perfectly. 

Model validations in subsamples, calibration tests and k-fold cross validation tests are 

performed in order to compare how well the IHA model, the proposed model 1 and the 

preferred model perform with respects to within sample and out-of-sample prediction.  The 

preferred model is validated using two subsamples drawn from two different years: 2008 and 

2004.  The c-statistic, AIC and BIC calculated from the models fitted using 2008 and 2004 data 

are compared with those derived from the models fitted using all data for 8 years (fiscal year 

2004- 2012). 

The idea behind the calibration test is to assess how well a fitted model predicts out-of-

sample. The sample is randomly split into two halves 100 different times.  Each time, the model 

is fitted to the first half of the sample, and the resulting fitted model coefficients are then used 

to perform forecasting on the other half of the sample.  Observed outcomes are regressed on 

the predicted probability of 30-day readmission for each initial admission from the forecasting 

half of the sample.  If the estimated coefficient is equal to 1, it indicates that the fitted model 

perform perfectly in out-of-sample prediction.  The mean of the 100 coefficients is calculated 
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with a 95% confidence interval.  The closer the mean coefficient is to 1, the better the model. 

Significant deviation from 1 detects overfitting of a model. 

10-fold cross validations that evaluate a model’s out-of-sample predictive ability are 

conducted next.  I randomly split the sample into 10 groups; fit the model using 9 group; use 

fitted the model to do forecasting in the 10th group.  This process yields a mean absolute error 

(MAE) as a goodness-of-fit for each attempt.  The smaller the MAE is the better the model. 

By comparing the IHA model and the proposed model 1, we could evaluate the 

improvement in predictive ability by adding patient comorbidities; by comparing the proposed 

model 1 and the preferred model, we would be able to evaluate the predictive power added by 

controlling primary diagnosis CCS codes if there are any. 

3.5 DATA EDITING 

Detailed characteristics of the study sample were provided in Chapter 1.  On such basis, 

risk adjustment analyses were conducted with the result of series of edits which excluded 

outliers and missing-data imputation.  First, the data excluded was primary diagnoses 

represented by CCS diagnosis codes with total admissions less than 80 in the 8 year (fiscal year 

2004 – 2012) setting, which account for 0.1% of the original study sample.  It was to eliminate 

the multicollinearity problem and to avoid biases from influential outliers of extreme 

uncommon diagnoses among commercial adult under 65 populations.  Second, observations of 

missing primary diagnosis and missing age or gender were excluded; this accounts for less than 

0.01% of the sample. 
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The outcome variable as defined earlier is a dichotomized outcome variable indicating a 

readmission outcome.   An independent variable of CCS diagnosis code regarding primary 

diagnosis was created by using AHRQ CCS Single level diagnosis codes as described in Chapter 1. 

MS-DRGs and AHRQ CCS were updated annually due to a large reform in DRG in 2008.  The CCS 

variables for each fiscal year were generated accordingly.  After removing diagnoses with few 

observations, there were 191 primary diagnoses CCS codes in the final analysis.   A linkage was 

made between the annual DRG Relative Weight by CMS for fiscal year 2004-2011 and the 

studied dataset by MS-DRG. 

3.6 RESULTS 

3.6.1 Summary Statistics 

Table 11 below provides summary statistics for the full sample used in the analysis.  The 

claims data records allow for coding of up to 12 primary and secondary diagnoses per 

admission.  Table 12 summarizes the descriptive results after applying AHRQ Exlihauser 

comorbidity methodology to the sample of claims.  The comorbidity measures are groupings of 

secondary diagnoses based on the up to 11 secondary diagnoses coded on each claim.  The 

methodology resulted in 29 risk categories (variables) to control for patient severity of illness as 

summarized in Table 12. The comorbidities mainly include patient chronic illnesses, such as 

mental health conditions and health related risk behaviors.  On average, patients have 0.89 

(sd=1.18) risk adjusted comorbidities, ranging from no risk adjusted comorbidities to 9.  

Descriptive analysis shows that hypertension is the most frequently observed risk comorbidity 

with 20.4% of inpatients; other top frequent comorbidities observed include: 8.2% suffered 
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weight loss; 7.4% had diabetes; 6.5% had chronic pulmonary disease; 6.3% had obesity; 6.0% 

had deficiency anemias and 4.8% patients had the comorbidity of depression.  Due to size, the 

list of primary diagnosis AHRQ CCS codes is presented in Appendix 2. 

Table 11 Summary Statistics 

Variable Mean Std Min Max 

Dependent Variables  

Readmit 0.064 0.245 0 1 

Predictor Variables 

Age 42.6 12.8 18 64 

Agecat 3.20 1.29 1 5 

18-25 0.09 0.29 0 1 

26-35 0.27 0.44 0 1 

36-45 0.21 0.41 0 1 

46-55 0.22 0.41 0 1 

56-64 0.22 0.41 0 1 

Gender 0.69 0.46 0 1 

Insurance Plan (HMO) 0.48 0.50 0 1 

Primary diagnosis  

Surgery 0.35 0.48 0 1 

Maternity 0.31 0.46 0 1 

Cardiorespiratory 0.03 0.17 0 1 

Cardiovascular 0.05 0.22 0 1 

Neurology 0.02 0.15 0 1 

Medicine 0.23 0.42 0 1 

Emergency admission 0.24 0.43 0 1 
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Table 12 Summary Statistics of Comorbidity Variables 

Comorbidities Mean 

Hypertension 20.42% 
Fluid and electrolyte disorders 8.19% 
Diabetes w/o chronic complications 7.40% 
Chronic pulmonary disease 6.47% 
Obesity 6.32% 
Deficiency Anemias 5.97% 
Depression 4.81% 
Hypothyroidism 4.62% 
Alcohol abuse 2.17% 
Chronic blood loss anemia 2.16% 
Renal failure 1.90% 
Liver disease 1.87% 
Coagulopthy 1.80% 
Metastatic cancer 1.70% 
Other neurological disorders 1.54% 
Psychoses 1.40% 
Rheumatoid arthritis/collagen vas 1.24% 
Diabetes w/ chronic complications 1.19% 
Drug abuse 1.17% 
Valvular disease 1.06% 
Congestive heart failure 1.02% 
Weight loss 0.99% 
Solid tumor w/out metastasis 0.95% 
Peripheral vascular disease 0.87% 
Paralysis 0.60% 
Lymphoma 0.45% 
Pulmonary circulation disease 0.36% 
Acquired immune deficiency syndrome 0.11% 
Peptic ulcer Disease x bleeding 0.02% 

3.6.2 Logistic Regression Results 

The model estimates for the preferred model are summarized in Table 13 (A full table of 

the results is in the Appendix 4 showing the estimated coefficients of the logistic regression 

models), using non-maternity, surgery, maternity, medicine, cardiovascular, cardiorespiratory 

and neurology condition groups.  Wald tests indicate that the coefficients are jointly 

significantly different from zero in all models.   All models had one primary diagnosis variable 
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automatically omitted and all model constants are found to be significant.  Using maternity as 

the comparison group, average readmission risks are significantly higher in medicine group and 

cardiorespiratory group. 

Table 13 Estimated Odds Ratios - Results of the Preferred Models (Partial, Full Results 
Appendix 4) 

Allcondition 
Non-

maternity Surgery Maternity Medicine Cardiovascular 
Cardio-

respiratory Neurology 

Patient Demographics 

age 1.004*** 1.003*** 0.999 1.018*** 1.002* 1.020*** 1.004 1.012** 

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)   

female 1.228*** 1.228*** 1.081 . 1.241*** 1.974* 1.203 1.599   

(0.06) (0.06) (0.09) . (0.08) (0.54) (0.28) (0.39)   

agefemale 0.995*** 0.995*** 0.997 . 0.996** 0.984** 0.995 0.993   

(0.00) (0.00) (0.00) . (0.00) (0.01) (0.00) (0.00)   

Comorbidities (partial) 

Number of secondary 
diagnoses 1.034*** 1.073*** 1.092*** 0.769*** 1.046*** 1.089*** 1.070*** 1.020   

(0.00) (0.00) (0.00) (0.01) (0.00) (0.01) (0.01) (0.01)   

Congestive heart 
failure 1.369*** 1.315*** 1.286*** 1.411 1.296*** 1.697* 1.496*** 1.390   

(0.05) (0.04) (0.09) (0.56) (0.06) (0.36) (0.12) (0.24)   

Diabetes w/o chronic 
complications 1.151*** 1.101*** 1.093** 3.241*** 1.085** 1.253*** 1.115 1.180   

(0.02) (0.02) (0.03) (0.34) (0.03) (0.07) (0.07) (0.10)   

Diabetes w/ chronic 
complications 1.430*** 1.330*** 1.154* 5.158*** 1.402*** 1.722*** 1.169 1.269   

(0.05) (0.04) (0.07) (1.35) (0.06) (0.20) (0.13) (0.22)   

Obesity 0.890*** 0.857*** 0.933* 1.479*** 0.848*** 0.779*** 0.712*** 0.846   

(0.02) (0.02) (0.03) (0.15) (0.03) (0.05) (0.05) (0.11)   

Weight loss 1.463*** 1.381*** 1.262*** 0.935 1.346*** 1.754** 1.512*** 1.621*  

(0.05) (0.04) (0.08) (0.41) (0.05) (0.37) (0.19) (0.30)   

Drug abuse 1.333*** 1.262*** 1.289** 2.983*** 1.308*** 1.174 1.197 1.232   

(0.05) (0.05) (0.10) (0.72) (0.06) (0.19) (0.16) (0.18)   

Depression 1.126*** 1.077*** 1.018 2.247*** 1.137*** 0.986 1.273** 0.971   

(0.02) (0.02) (0.04) (0.28) (0.03) (0.09) (0.10) (0.10)   

Hypertension 0.941*** 0.903*** 0.942** 1.987*** 0.911*** 0.913 0.895* 0.820** 

(0.01) (0.01) (0.02) (0.16) (0.02) (0.04) (0.05) (0.06)   

Health Service Conditions 
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Allcondition 
Non-

maternity Surgery Maternity Medicine Cardiovascular 
Cardio-

respiratory Neurology 

Medicine . . 

. . 

surgery 0.544*** 0.546*** 

(0.01) (0.01) 

Cardiorespiratory 0.524*** 0.541*** 

(0.04) (0.04) 

Cardiovascular 0.755*** 0.763*** 

(0.03) (0.03) 

Neurology 0.523*** 0.525*** 

(0.03) (0.03) 

Maternity 0.507*** 

(0.09) 

Primary Diagnoses (Partial) 

6.dxccs1 3.203** 3.155** 3.288 3.440** 

(1.15) (1.13) (2.58) (1.39) 

97.dxccs1 2.253* 2.214* 1.708 0.413*** 

(0.80) (0.79) (1.27) (0.07) 

108.dxccs1 3.564*** 3.364*** 2.007 1.906*** 

(1.27) (1.20) (1.48) (0.17) 

110.dxccs1 2.188* 2.224* 1.385 2.078* 

(0.80) (0.81) (1.03) (0.75) 

Constant 0.046*** 0.041*** 0.030*** 0.007*** 0.046*** 0.066*** 0.041*** 0.049*** 

(0.02) (0.01) (0.02) (0.00) (0.02) (0.02) (0.01) (0.02)   

N 738418 507444 260963 230761 169999 36245 22204 17725   

Note: * p<0.05, **p<0.01, *** p<0.001; In the parentheses are the standard errors of the estimated logistic regression model coefficients of 
rick factors of 30-day readmissions.  Table 13 presents the odd ratios of having a 30-day readmission.  The estimated coefficients are 
presented in the Appendix 4. 

In the non-maternity model, 25 out of 29 comorbidities are found to be significantly 

associated with the readmission risk; 143 out of 191 primary diagnosis conditions are 

significantly associated with readmission risk at significance level 0.05.  In surgery model, 20 out 

of 29 comorbidity variables are significant associated with readmission risk with 72 out of 161 

primary diagnosis conditions are significantly associated with readmission risk.  For medicine 

group, 18 out of 29 comorbidity variables and 88 out 147 primary diagnosis variables are found 

significant.  In the maternity model, only 13 primary diagnosis variables included with 10 are 
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found significant; 19 out of 29 comorbidity variables are significant.  Models for 

cardiorespiratory, cardiovascular and neurology are comparatively smaller with 33, 12 and 10 

primary diagnosis variables only. 

Patients with diabetes either with or without complications are found to have 

significantly higher readmission risks.  In particular, maternity patients who have comorbid 

diabetes with complications, holding other characteristics the same, are found to have the 

highest risk of being readmitted with log odds of 1.666 , (OR=5.16, p<0.001) .  In the sample, 6.5% 

of the population has deficiency anemias as a secondary diagnosis. This condition is significant 

in the condition specific models: surgery, medicine, cardiovascular and cardiorespiratory 

models.  Patients with solid tumor with/without metastasis or metastatic cancer are at higher 

risk of readmission. Patients diagnosed of weight loss during inpatient stay is a predictor of high 

readmission risk in particular for cardiorespiratory, cardiovascular and neurology patients. 

Patient’s health behaviors are also included. Alcohol abuse is not found significantly associated 

with readmissions in this younger population setting.  Drug abuse is found to be significantly 

associated with readmission in particular for maternity patients.  Patients with depression are 

at risk for readmission and the risk is particular high in maternity patients.  These findings are 

informative and helpful in helping design interventions upon discharge by identifying high risk 

population that needs comparatively more attention upon discharges to prevent being 

readmitted within 30 days. 
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3.6.3 Results for Model Assessment and Validation 

The logistic regression results show that the preferred model performs well and 

provides a richer set of information regarding the potential risk factors and hospital 

readmission status.  The results from the statistical comparison testing are summarized in Table 

14. A C-statistic of 0.75 is considered to have moderate to high predictive ability.  Comparing

AIC statistics across the IHA model, the proposed model 1 and the preferred model that used 

the whole sample dataset, I found the preferred model has the best quality.  Comparing AIC 

statistics from condition specific models by the preferred model and the proposed Model 1, I 

found that the proposed model is better for all condition groups.  In sum, the preferred model 

outperformed all other models using the all conditions sample and all the specific medical 

condition samples covering all years.  The preferred model is validated using different 

subsamples.  It is found to perform equally well for single year datasets (2004 and 2008). The 

results of 10 fold cross validation test on the models for all conditions indicate that the 

preferred model had the smallest mean absolute error (MAE) at 11.5, compared with the IHA 

model (12.5) and the proposed model (12.1).  The results indicate that the preferred model had 

the best out-of-sample predictive ability compared with the other two models. 
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Table 14 Model Assessment 

Preferred Model Proposed Model 1 IHA Model 

C-
statistics 

AIC BIC 
C-
statistics 

AIC BIC 
C-
statistics 

AIC BIC 

All condition 0.75 310961 313549 0.69 326478 326927 0.66 330910 331301 

Non-maternity 0.72 266393 269144 0.65 273555 273945 0.53 283853 283876 

Surgery 0.70 103946 105986 0.65 106114 106480 0.61 111035 111056 

Maternity 0.82 48079 48566 0.68 56330 56640 0.59 58328 58349 

Medicine 0.68 115306 117121 0.62 118423 118774 0.60 123339 123360 

Cardiovascular 0.70 16529 16920 0.67 16825 17123 0.60 17381 17398 

Cardiorespiratory 0.65 14153 14474 0.64 14262 14534 0.60 14637 14653 

Neurology 0.65 9268 9610 0.62 9384 9648 0.52 9844 9860 

Note: Smaller is better in AIC and BIC; larger is better in C-statistic 

Table 15 Model Validation – Subsample Validations 

All Sample (Year 2004-2012, 
N=731944) 

Subsample- Year 2008 
N=92619 

Subsample-Year 2004 
N=97538 

C-Statistics C-Statistics C-Statistics 

All condition 0.75 0.76 0.76 

Surgery 0.70 0.72 0.72 

Maternity 0.82 0.83 0.85 

Medicine 0.68 0.68 0.68 

Cardiovascular 0.70 0.72 0.73 

Cardiorespiratory 0.65 0.66 0.70 

Neurology 0.65 0.72 0.73 

3.7 SUMMARY AND CONCLUSIONS 

This Chapter developed and tested a preferred model for risk adjustment for application 

to the commercially insured population of under age 65 patients.  The preferred model 

performed well with regard to AIC and C-statistics, and had higher values for these statistics 

compared to all other models tested.  It had a C-Statistic value of 0.75 for all cause admissions 

and C-statistic values ranging from 0.62 to 0.80 for the different specific disease conditions. 
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The preferred model was also favorable with results from other tests reported in the 

literature.  CMS sponsored a study under the HRRP to test their hospital wide all cause 

readmission risk prediction model by using Medicare data.  Kansagara et al. (2011) reported C-

statistic for their models of: 0.64 for 2007-2008, and 0.663 for 2009.  In their systematic review 

of risk prediction models, nine models that were tested in large populations by using 

retrospective administrative claims data had lower discriminative ability, with C-statistics in the 

range of 0.55-0.65. The C-statistics as shown above (Table 5) for the preferred model are all 

higher than the ranges reported by CMS. 

The detailed results show the variation of model performances across medical 

conditions.  It has important implications.  For example, the IHA model is a commonly used 

approach for all cause readmissions, which does not include risk adjustment for medical 

conditions. The result shown here indicates that by including medical condition variables in the 

all causes, all sample models, the model has improved predictive ability. 

Another important result is that using CCS diagnosis code dummy variable to control 

primary diagnosis contributes to the model quality more than using the DRG Relative Weight. 

DRG relative weight is the estimated average amount of resources which is used to treat a 

patient in that DRG.  It is applied in provider payment schemes.  Risk adjustment methods used 

by commercial health plans and the IHA and UnitedHealthcare still contain DRG weight as the 

main covariate. 

Although it is relatively easy to use DRG relative weight and its concept due to the 

nature of its single covariate, the results shown here indicate that it may not be appropriate for 
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the purpose of risk adjustment.  DRG weights are designed to differentiate costs, but may not 

be good in explaining the risk of a 30-day readmission.  The preferred model replaces the DRG 

weight specific medical condition variable, while the proposed model 1 uses DRG Relative 

Weight.  The proposed model 1 has a lower C-statistic score compared to the preferred model 

(with a C-statistic of 0.66).  In the Preferred model, the CCS single level diagnosis code is used to 

form medically meaningful groups, which are mutually exclusive and result in groups’ illness 

and conditions that are homogenous.  This makes the preferred model approach more 

economical and feasible to use most claims data systems. 

In sum, the preferred model, using logistic regression and controlling patient age, 

gender, interaction of age and gender, primary diagnosis indicator represented by CCS single 

level diagnosis code and Elixhauser comorbidities, and controlling for condition group indicator 

of surgery, medicine, maternity, cardiorespiratory, cardiovascular and neurology, -- is 

recommended for the risk adjustment in a large commercial insured adult population under age 

65. It fits the data well among examined models, predicts well and is deployable to large

commercial insured under 65 populations.  It can be used for varieties of different applications 

in health services research and policy settings, including: 1) in calculating adjusted risk ratios of 

hospitals or any other interest groups in hospital comparison; 2) for financial purposes, such as 

P4P Programs that rewards providers with better performance in hospital readmission 

outcomes; and 3) as a fundamental element in empirical research on hospital readmission 

studies in academia.  Patients’ socio-economic status and other factors of interest could always 

be added to the preferred model. 
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Although this Chapter assessed the statistical properties of the preferred model, it did 

not address the practical implications of the model in a policy framework.  Many current and 

evolving policies focused on readmissions involve hospital ranking based on the readmission 

rate performance.  The next Chapter will explore the implication of risk adjustment methods in 

the assessment of hospital performance. 
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CHAPTER 4 RISK ADJUSTMENT METHODS IN HOSPITAL COMPARISION 

AND SENSITIVITY ANALYSES 

4.1 INTRODUCTION 

CMS, along with other payers, are implementing new payment schemes designed to 

provide incentives to improve hospital quality, outcomes, and efficiency.  Embedded in many of 

these programs are metrics which aim to compare and evaluate hospital performance with 

incentive payments tied to relative hospital performance.  For example, the CMS HRRP program 

penalizes hospitals with excessive readmissions by reducing their Medicare reimbursement.  

Implicit in many of these approaches is the assumption that hospitals are being penalized for 

poor performance based on factors within their control.  These approaches require statistical 

methods, which can adequately govern factors beyond the control of the hospital, to ensure 

that penalties are properly targeted and fair.  Risk adjustment models can be applied to 

calculate risk adjusted 30-day hospital readmission rates of hospitals or any other interest 

groups, such as physician groups, insurance plans.  In the previous Chapter it examined and 

compared the statistical performance of three risk adjustment models and selected a preferred 

model on the basis of its better statistical properties.  This chapter will apply this preferred 

model along with the other models to a large sample of hospitals in California 1) to assess the 

effects of risk adjustment in calculating adjusted hospital readmission rates (compared to 

unadjusted rates) and 2) to examine the potential importance of risk adjustment within the 

policy context. 
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How well the risk adjustment models work when applied to a hospital’s readmission 

rate calculation is of particular interest because inaccurate or inadequate risk adjustment can 

result in inaccurate readmission rate measures.  These inaccurate results could distort financial 

incentives or penalties to a hospital.  Hospitals taking care of sicker patients might be 

inappropriately penalized.  The readmission reduction policy interventions could be 

undermined.  Chapter 3 compared the statistical performance of three commonly applied risk 

adjustment models and a proposed risk adjustment model and found that the preferred model 

performed better than others from a statistical perspective.  This is important because one of 

the goals of this study is to develop a model that performs well when applied to the under 65 

commercially insured population.  This Chapter will explore how the different models perform 

when they are applied to a large sample of California hospitals and specifically whether the 

different models produce different assessments of a hospitals’ readmission performance. 

4.2 PURPOSE OF THIS CHAPTER 

The intent of this Chapter is to provide an increased understanding of the relationship 

between the choice of risk adjustment models and the outcomes of risk adjustment in 

evaluating hospital readmission performance.  This Chapter will conduct sensitivity analyses 

which compare the results of unadjusted 30-day hospital readmission rates with risk adjusted 

30-day hospital readmission rates by means of the different risk adjustment models.  The 

sensitivity tests are designed to address the following questions: 

1) Does the outcome of the assessment of hospital readmission performance 

vary depending on the choice of a specific risk adjustment model? 
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2) Does the incidence of readmission penalties vary depending on the choice of a 

specific risk adjustment model? 

3)  If there are differences in readmission performance across the models, are 

they correlated with specific hospital characteristics such as:  teaching status, 

safety net hospital status, location (rural vs. urban), ownership (nonprofit vs. 

for-profit) and bed-size? 

4.3 METHODS 

4.3.1 Overview 

The methods consist of a series of sensitivity tests designed to explore whether hospital 

readmission performance metrics change when different risk adjustment models are applied to 

different outcome measures.  First, a series of outcome measures will be defined and 

constructed.  Next, the correlation between the resulting outcomes measures based on the 

different risk adjustment models will be computed, hospitals will be ranked according to their 

relative performance by using the different outcome measures, and their rankings across the 

measures will be compared.  Finally, an example of a readmission penalty policy will be 

developed and applied to each hospital through the different risk adjustment models in order 

to demonstrate the benefits of the employment of risk readmission rate adjustment methods in 

a policy setting.  Hospital penalties will be summarized across the entire population of hospitals 

and separately in hospitals based on their characteristics.  Overall, this Chapter will attempt to 

demonstrate that the estimates of hospital readmission rates should be sensitive to the choice 
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of risk adjustment method and that the preferred model could perform better than other 

methods when applied with this policy context. 

4.3.2 Outcome Measures 

The dataset created and described in Chapter 3 will be used in this Chapter. 244 

hospitals will be included in this calculation with 739,144 inpatient admissions across California 

during fiscal years 2004-2012.  Hospital readmission performance will be compared and 

assessed by using the following outcome measures: 

1: Actual (unadjusted) hospital readmission rate:  It is the total number of readmissions 

divided by number of inpatient admissions. 

2. Expected readmission rate:  It equals the total number of predicted readmissions

based on the predicted probability of readmission for each inpatient admission through the risk 

adjustment logistic regression model, divided by total number of its inpatient admissions. The 

evaluation of the expected readmission rate is helpful in understanding how big the risk 

adjustments are. 

3. Hospital risk adjusted readmission rate:  it is calculated by multiplying the risk ratio

which times the population grand mean readmission rate.  This measure estimates a hospital’s 

readmission rate assuming that its’ patient profile is the same as the population average and is 

calculated as follows: 

𝑅𝑖𝑠𝑘 𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅𝑒𝑎𝑑𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝑅𝑎𝑡𝑒 𝑜𝑓 𝑎 ℎ𝑜𝑠𝑝𝑖𝑡𝑎𝑙 =
∑ 𝑦𝑖

𝑁ℎ
𝑖

∑ 𝑝�̂�
𝑁ℎ
𝑖

×  
∑ 𝑦𝑖𝑖

𝑁
× 100% 
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where 𝑦𝑖=1 if initial admission 𝑖 has a 30-day readmission and 𝑦𝑖=0 if the initial 

admission 𝑖 has no 30-day readmission, and 𝑝�̂� denotes the predicted probability of 30-day 

readmission for initial admission 𝑖. 𝑁ℎ denotes the total number of admissions in a hospital. 

The hospital’s readmission risk ratio, 
∑ 𝑦𝑖

𝑁ℎ
𝑖

∑ 𝑝�̂�
𝑁ℎ
𝑖

 , equals the total number of actual readmissions in a 

hospital divided by its expected total number of readmissions, where expected readmissions 

equal the sum of predicted probability of readmission for each inpatient admission using the 

risk adjustment logistic regression model.  Values below 1 indicate fewer readmissions than 

predicted given its patient profile, suggesting better readmission performance of a hospital. 

4. Spearman Correlations of adjusted and unadjusted readmission ranks and Pearson

correlations of adjusted and unadjusted readmission rates:  In order to check how big the risk 

adjustments are, it is also helpful to check the correlations between the adjusted and 

unadjusted results.  Spearman’s rank correlations are calculated and the results are compared 

across models.  The Spearman rank correlation coefficient is a non-parametric test that 

evaluates the strength and direction of the association of two ranked variables.  It is calculated 

as follows: 

𝜌 = 1 −
6 ∑ 𝑑𝑖

2

𝑛(𝑛2 − 1)

𝑑𝑖 = 𝑥𝑖 − 𝑦𝑖  ; 𝑥 𝑎𝑛𝑑 𝑦 𝑎𝑟𝑒 𝑡ℎ𝑒 𝑡𝑤𝑜 𝑡𝑒𝑠𝑡𝑒𝑑 𝑟𝑎𝑛𝑘𝑒𝑑 𝑣𝑎𝑟𝑎𝑖𝑏𝑙𝑒𝑠 

Spearman’s test is valid under two assumptions: 1) the two tested variables are measured on 

an ordinal or continuous scale; and (2) A monotonic relationship exists between the two tested 

variables.  Assumption 1 holds because the values representing the hospital’s ranking position 
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are ordinal.  Whether the second assumption holds in the study sample will be tested.  The 

Pearson correlation coefficient measures the degree of liner dependence of two variables. 

Both Spearman and Pearson correlation coefficient values vary from -1 to 1, where 1 is perfect 

positive correlation, 0 is no correlative and -1 is total negative correlation. 

4.3.3 Sensitivity Analyses 

Chapter 3 compared the statistical performance of three commonly applied risk 

adjustment models: the IHA model, the proposed model 1 and the proposed risk adjustment 

model.  It found that the preferred model performed better than other models from a 

statistical perspective.  In this Chapter it explores how the different models perform when they 

are applied to a large sample of California hospitals and specifically whether the different 

models produce different assessments of a hospital’s readmission performance – that is, 

whether the outcome performance is sensitive to the particular adjustment model used to 

calculate the outcome measures. 

4.4 RESULTS 

4.4.1 Hospital 30-Day Readmission Rates 

1) Summary Statistics of Estimated Expected 30-Day Readmission Rates

The estimated expected 30-day readmission rates for the 244 hospitals studied for all 

three risk adjustment models under all condition admissions are summarized in Table 16. The 

summary statistics illustrate the distributions of the expected readmission rates for 1) the IHA 
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model, 2) the proposed model 1, and 3) the preferred model.  The three distributions have 

some similarities: The means15/medians are similar for the three models and the medians are 

very close to the means.  The distributions are all approximately normally distributed. 

We also observe some important differences across the models. The preferred model 

result has the largest range16 of 10.89% compared to 7.58% for the preferred model 1 and 3.75% 

for the IHA model.  The IHA model results have greater central tendency, with the 1st and 3rd 

quartiles being closer to the mean than the results of the other two models.  In other words, 

the proposed model 1 and preferred model estimates are relatively flatter than the IHA model. 

The distribution of the preferred model estimates has bigger tails and is flatter than that of the 

IHA model estimates.  The preferred model results for the minimum, 1st tenth, 1st quartile, 

median, 3rd quartile and 9th tenth are smaller by 0.1%-0.2% than the proposed model 1’s.  The 

preferred model reflects greater variations among the expected readmission rates, which 

means it is more useful than the proposed model 1 in revealing greater variation in a hospital’s 

patient profile and adjusting patient risks for readmission. 

The results for non-maternity admissions are summarized in Table 17.  Patterns similar 

to those found in Table 16 are found here for non-maternity admissions.  The preferred model 

estimates have the largest range and greatest standard deviation and smaller point statistics 

than the proposed model 1, except for the maximum value.  The mean and median estimated 

expected readmission rates are approximately 8%, higher than the all condition admissions. 

15
 The mean equals to the average of the hospital level 30-day estimated expected re-admission rates of 244 

hospitals. 
16

 Range equals to the difference between the maximum and minimum estimated expected hospital re-admission 
rates. 
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Table 16 Summary Statistics of Expected 30-Day Readmission Rates of 244 Hospitals (All 
Condition Admissions) 

Model Min 10% 25% 50% 75% 90% Max Mean 
Std. 
Err Range 

IHA 4.42% 5.78% 6.03% 6.33% 6.75% 7.33% 8.17% 6.42% 0.63% 3.75% 

Proposed 1 3.35% 5.42% 5.96% 6.54% 7.36% 8.15% 10.93% 6.66% 1.13% 7.58% 

Proposed 3.06% 5.24% 5.78% 6.41% 7.18% 7.97% 13.76% 6.54% 1.27% 10.69% 

Table 17 Summary Statistics of Expected 30-Day Readmission Rates of 244 Hospitals 

 (Non-Maternity Admissions) 

Model Min 10% 25% 50% 75% 90% Max Mean 
Std. 
Err Range 

IHA 6.46% 7.66% 7.81% 7.94% 8.05% 8.18% 8.42% 7.92% 0.23% 1.96% 

Proposed 1 4.60% 7.19% 7.60% 8.03% 8.42% 8.91% 12.07% 8.04% 0.85% 7.48% 

Proposed 3.28% 6.82% 7.45% 7.85% 8.31% 8.83% 14.22% 7.87% 1.11% 10.94% 

2) Summary Statistics of Unadjusted vs. Adjusted 30-Day Readmission Rates

Tables 18 and 19 present summary statistics of the unadjusted and risk adjusted 

hospital readmission rates for the three models.  There are two key findings that can be found 

by comparing the four distributions.  First, the preferred model adjusted rates have the smallest 

range compared to the unadjusted rates and the adjusted rates for the other two models.  The 

range for the unadjusted rate is 17% for all condition admissions and 26% for non-maternity 

admissions.  The ranges are reduced to 15% and 18% in the proposed model 1 adjusted rates 

and 10 % and 13% in the preferred model adjusted rates; the ranges increased in the IHA model 

adjusted rates to 25% and 33%.  Second, compared to the other models, the preferred model’s 

adjusted rates have the smallest standard deviation, 1.24% for all condition admissions and 

1.71% for non-maternity admissions. 
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Table 18 Summary Statistics of Unadjusted and Adjusted 30-Day Readmission Rates of 244 
Hospitals (All Condition Admissions) 

Model Min 10% 25% 50% 75% 90% Max Mean 
Std. 
Err Range 

Unadjusted 2.02% 4.29% 5.30% 6.01% 7.06% 8.54% 18.89% 6.36% 2.11% 17% 

IHA 1.81% 4.57% 5.44% 6.05% 6.78% 8.20% 27.27% 6.31% 2.12% 25% 

Proposed 1 1.95% 4.53% 5.38% 5.94% 6.61% 7.62% 16.77% 6.05% 1.48% 15% 

Proposed 2.19% 4.93% 5.51% 6.06% 6.72% 7.67% 12.57% 6.15% 1.24% 10% 

Table 19 Summary Statistics of Unadjusted and Adjusted 30-Day Readmission Rates of 244 
Hospitals (Non Maternity Admissions) 

Model Min 10% 25% 50% 75% 90% Max Mean 
Std. 
Err Range 

Unadjusted 2.12% 5.49% 6.68% 7.51% 8.41% 9.46% 27.94% 7.65% 2.39% 25.82% 

IHA 2.09% 5.59% 6.72% 7.54% 8.43% 9.66% 34.68% 7.78% 2.73% 32.59% 

Proposed 1 2.73% 5.56% 6.63% 7.43% 8.40% 9.51% 20.66% 7.61% 1.98% 17.93% 

Proposed 3.00% 6.01% 6.96% 7.54% 8.66% 9.59% 16.44% 7.75% 1.71% 13.44% 

3) Correlations of Unadjusted vs. Adjusted 30-Day Readmission Rates

The following Pearson correlation coefficients are compared (Table 20): 1) the 

unadjusted readmission rates and the IHA model adjusted readmission rates, which is 0.92; 2) 

the unadjusted readmission rates and the proposed model 1 adjusted readmission rates, which 

is 0.85; and 3) the unadjusted readmission rates and the preferred model adjusted readmission 

rates, which is 0.78.  The correlation coefficients are less than 1, indicating that there is a 

proportion of the unadjusted readmission rates that are explained by the adjusted risk factors 

in the risk adjustment models and a proportion of the unadjusted readmission rates are 

explained by factors that are excluded from the risk adjustment models. 

The correlation coefficient between the unadjusted readmission rates and the preferred 

model adjusted readmission rates is the smallest (0.78).  This indicates that the preferred model 

has the largest risk adjustment effect when compared to the other models.  It further indicates 
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that readmissions are affected by factors excluded from these other risk adjustment models. 

The IHA model adjusted rates are highly correlated with the unadjusted rates indicating the risk 

adjustment in the IHA model is weak.  After excluding maternity admissions (Table 21), the 

Pearson correlation coefficients of unadjusted readmission rates and the IHA model adjusted 

readmission rates, unadjusted readmission rates and the proposed model 1 adjusted 

readmission rates, and unadjusted readmission rate and the preferred model adjusted rates 

increased to 0.99, 0.91 and 0.83 respectively.  The IHA model adjusted readmission rates are 

nearly the same as the unadjusted rates.  The preferred model also shows the biggest risk 

adjustment effects because it has the smallest correlation coefficient of unadjusted and 

adjusted rates for the non-maternity admissions. 

Table 20 Pearson Correlation Coefficients of Unadjusted and Adjusted Readmission Rates (All 
Conditions) 

Unadjusted 
Rate 

IHA Model 
Adjusted Rate 

Proposed model 1 
Adjusted Rate 

Preferred model 
Adjusted Rate 

Unadjusted Rate 1 

IHA Model Adjusted 
Rate  0.92 1 

Proposed model 1 
Adjusted Rate 0.85 0.91 1 

Preferred model 
Adjusted Rate 0.78 0.83 0.95 1 

Table 21 Correlations of Adjusted Readmission Rates and Unadjusted Readmission (Excluding 
Maternity) 

Unadjusted 
Rate 

IHA Model 
Adjusted Rate 

Proposed model 1 
Adjusted Rate 

Preferred model 
Adjusted Rate 

Unadjusted Rate 1 

IHA Model Adjusted 
Rate  0.99 1 

Proposed model 1 
Adjusted Rate 0.91 0.90 1 

Preferred model 
Adjusted Rate 0.83 0.83 0.95 1 
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The correlation of unadjusted and adjusted 30-day readmission rates can be seen by the 

scatter plots between the unadjusted and adjusted rates as shown Figure 2 for all condition 

admissions and Figure 2 for non-maternity admissions.  The IHA scatter plots are superimposed 

on the fitted lines reflecting the unadjusted and the IHA model adjusted readmission rates are 

highly correlated.  It indicates that the risk adjustment does not adequately control for a 

hospital’s patient risk mix.  The preferred model scatter departs from the fitted line more than 

the prior two, indicating hospitals differ much in their patient risk mixes.  In the proposed and 

preferred model scatter plots, the scatters tend to fall above the fitted line for hospitals with 

unadjusted rates smaller than the mean and the scatters tend to fall below the fitted line for 

hospitals with unadjusted rates greater than the mean. 
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Figure 2 Scatter Plots of Risk Adjusted vs. Unadjusted Readmission Rates (All conditions) 
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Figure 3 Scatter Plots of Adjusted vs. Unadjusted 30-Day Readmission Rates (Non-Maternity) 

4.4.2 Hospital Rankings 

Spearman ranking-correlation coefficients between unadjusted ranking and adjusted 

rankings are 0.91 for the IHA model, the 0.72 for proposed model 1 and 0.69 for the preferred 

model as shown in Table 22, indicating that the rankings using different adjusted rates can be 

very different. I compared the difference between the unadjusted ranking with each of the 
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three rankings: the IHA model, the proposed model 1 and the preferred model.  I found that the 

differences are 9%, 28% and 31% of the ranking positions.  The difference between the 

unadjusted and the preferred model rankings is the biggest among the three models. 

Table 23 summarizes the sizes of changes in the ranks across models.  Column 1 in Table 

23 indicates the difference in the ranking positions of a hospital, calculated by the largest rank 

position number minus the smallest rank position number of the unadjusted, IHA model 

adjusted, proposed model 1 adjusted and preferred model adjusted ranks for each hospital. 

The differences in ranking positions are greater than 30 for 50% of the hospitals indicating that 

the ranking changes much with different risk adjustments.  14 hospitals have differences in 4 

rankings greater than 100 and 20 hospitals have differences in 4 rankings between 71 and 100. 

Table 24 lists the rankings for 25 hospitals that have the largest differences in 4 rankings. 

The unadjusted ranking and the IHA ranking are close to each other.  The proposed and the 

preferred model rankings are closer to each other compared to the other two rankings; 

however there are also noticeable differences between the two model rankings.  For example, 

a hospital that ranks 59 in the proposed model 1 ranking becomes 91 in the preferred model 

rankings.  The No.3 hospital’s ranking position changes dramatically, from 20 to 139. Similar 

examples can be found in a third of the listed 25 examples in Table 9. 

Scatter plots of hospital rankings in 30-day readmission performance by unadjusted and 

adjusted rates in Figure 3 illustrate the deviations of adjusted rankings of the three models 

from the unadjusted ranking.  The blue lines represent the unadjusted ranking.  Each cross 

mark represents a hospital ranking position.  The cross marks in the IHA model tends to fall on 
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the blue lines.  In contrast, the cross marks in the proposed model 1 and preferred model tend 

to deviate more or less from the blue lines (many falling above or below it). 

Table 22 Spearman Correlation Coefficients of Unadjusted and Adjusted Readmission Rate 
Rankings 

Unadjusted 
Rank 

IHA Model 
Adjusted 

Rank 

Proposed 
model 1 

Adjusted Rank 

Preferred 
model 

Adjusted 
Rank 

Unadjusted 
Rank 1 0.91 0.72 0.69 

Table 23 Differences in Hospital Ranking Positions by Results of the IHA Model, Proposed 
Model 1 and the Preferred Model. 

Differences in Ranking Positions Number of Hospitals Percentage of Hospitals (%) 

"0-10" 52 21.31 

"11-20" 42 17.21 

"21-30" 44 18.03 

"31-40" 30 12.3 

"41-50" 18 7.38 

"51-70" 24 9.84 

"71-100" 20 8.2 

">100" 14 5.74 

Total 244 100 
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Table 24 Examples of Hospital Rankings in 30-Day Readmission Rates 

ID 
Number 

Unadjusted 
Rank 

IHA 
Model 
Rank 

Proposed 
model 1 

Rank 

Preferred 
model 
Rank 

Min 
Rank 

Max 
Rank Difference 

1 212 195 29 24 24 195 171 

2 14 60 208 228 60 228 168 

3 8 8 20 139 8 139 131 

4 179 190 59 91 59 190 131 

5 178 186 83 60 60 186 126 

6 99 72 166 184 72 184 112 

7 211 198 86 110 86 198 112 

8 42 53 143 162 53 162 109 

9 229 217 132 108 108 217 109 

10 168 138 33 52 33 138 105 

11 187 141 50 37 37 141 104 

12 91 99 202 201 99 202 103 

13 20 17 41 119 17 119 102 

14 156 150 55 48 48 150 102 

15 12 7 28 107 7 107 100 

16 86 106 206 187 106 206 100 

17 139 165 73 66 66 165 99 

18 206 189 93 95 93 189 96 

19 142 111 22 21 21 111 90 

20 143 121 31 33 31 121 90 

21 75 77 115 161 77 161 84 

22 158 183 104 99 99 183 84 

23 189 201 146 118 118 201 83 

24 177 146 65 75 65 146 81 

25 164 135 88 57 57 135 78 

Note: data sorted descending by “Difference”. Difference=Max Rank-Min Rank  
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Figure 4 Scatter plots of Hospital Rankings in 30-Day Readmission Performance by Unadjusted 
Results vs. Adjusted Results by IHA, Proposed model 1 and Preferred model (All Conditions) 
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Note: The straight line is the fitted line y=x; the values are the ranking positions of hospitals. 

4.4.3 Simulation of Hospital Readmission Penalty 

CMS and other payers are designing new payment policies that include incentives for 

hospitals to reduce readmissions.   The CMS policy applies a complex formula that penalizes 

hospitals based in part on the number of readmissions considered “excessive”.   Table 25 below 
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presents data illustrating the importance of applying appropriate risk adjustment when 

calculating readmission payment penalties.  In this simulation hospitals are penalized $15,000 

for each “excess readmission”, where excess readmissions are calculated in two ways: 

unadjusted rates compared to the grand mean and adjusted rates compared to the grand mean.  

The proposed risk adjustment model is used to estimate adjusted excess readmissions. 

Table 25 Simulation of 30-Day Hospital Readmission Penalty 

Numb
er of 

Hospit
als 

Excess 
Readmissions 
(Unadjusted) 

Excess 
Readmission
s (Adjusted) 

Differen
ce (Adj 

less 
Unadj) 

Penalty @ 
$15000 per 

Readmission 
Unadjusted 

Penalty @ 
$15000 per 

Readmission 
Unadjusted 

Difference 
(Unadj less 

Adj) 

Penalty 
% 

Differe
nce 

All 
Hospitals 244 4,314 2,128 2,186 $60,399,973 $31,919,175 $28,480,798 47.15% 

Teaching 20 2,283 906 1,377 $31,962,314 $13,590,000 $18,372,314 57.48% 

Rural 37 46 35 11 $645,167 $524,087 $121,081 18.77% 

System (>3) 142 2,227 994 1,233 $31,180,223 $14,909,676 $16,270,547 52.18% 

DSH 75 1,767 1,046 722 $24,742,489 $15,684,988 $9,057,501 36.61% 

Hospital Size (# admissions) 

0-99 46 3,675 1,928 1,747 $55,125,000 $28,920,000 $26,205,000 47.54% 

100-299 108 4,282 2,128 2,154 $64,230,000 $31,920,000 $32,310,000 50.30% 

300-499 64 3,831 1,975 1,856 $57,465,000 $29,625,000 $27,840,000 48.45% 

500+ 11 4,258 2,126 2,132 $63,870,000 $31,890,000 $31,980,000 50.07% 

Note: system>3 represents hospitals in a system with at least 3 hospitals. DSH represents hospitals with 
disproportionate share of low-income patients. 

The total sample includes all 244 hospitals.  Without risk adjustment, there would be 99 

hospitals penalized; with risk adjustment using the preferred model, there would be 80 

hospitals penalized.  The total penalty would more than $60m without risk adjustment and 

$28m after risk adjustment.  The largest effect of risk adjustment is for teaching hospitals and 

system hospitals, where the total penalty is reduced by 57.48% and 52.18% when risk 

adjustment is applied.  A larger than average effect was also found for large hospitals with more 

than 500 beds, at a penalty reduction of 50.07% when risk adjustment is applied.  It is 

interesting to note that even after risk adjustment teaching hospitals make up the largest share 
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of the total penalties, even though there are only 20 teaching hospitals in the sample.  It is also 

important to note that safety net hospitals measured performance improves after applying risk 

adjustment. 

4.5 DISCUSSION AND CONCLUSIONS 

After comparing the results of expected readmission rates, the unadjusted and the 

adjusted readmission rates, and the correlation coefficients of unadjusted and adjusted 

readmission rates in the three models under study, it found that the preferred model has the 

largest risk adjustment effect comparing with the IHA model and the proposed model 1. 

Without risk adjustments, the readmission rates would have been underestimated by 

hospitals which had smaller unadjusted readmission rates than the mean, and overestimated 

by those which had greater unadjusted readmission rates than the mean.  It suggested that 

hospitals with higher readmission rates would tend to have patients with higher risks of being 

re-admitted within 30 days after discharge.  On the other hand, hospitals with lower 

readmission rates would tend to have patients with lower risks.  Thus, in order to evaluate a 

hospital’s performance in readmission rates, a proper risk adjustment is required. 

The IHA model has the smallest risk adjustment effects.  In the IHA model only patient’s 

age, gender and primary diagnosis DRG Relative Weight is included, but comorbidities excluded. 

This study found that the proposed model 1 has larger risk adjustment effects than the IHA 

model, which indicates that the control of comorbidities and patient’s health service condition 

is important. 
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In sum, sensitivity analyses on the risk adjustment methods show that the results from 

the three models of the hospital risk adjusted 30-day readmission rates to control different risk 

variables are very different.  Through assessing these models’ statistical performance, 

comparing the distributions of outcomes, and comparing hospital ranking results, the findings 

in this study demonstrated that the preferred model is appropriate for a population of 

commercial insured under 65 patients.  Patients’ primary diagnoses and comorbidities should 

be included in risk adjustments because they contribute to the effects of the risk adjustments. 

DRG Relative Weight is inferior to CCS Diagnosis code indicators in predicting readmission risks. 
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CHAPTER 5 READMISSION RATES AND HOSPITAL LENGTH OF STAY: 

HMO VS. PPO 

5.1 INTRODUCTION 

Health Maintenance Organization (HMO) and Preferred Provider Organization (PPO) are 

the two major types of provider network under commercial health insurance.  Commercial 

health insurance members enroll in either HMO plans or PPO.  The fundamental difference 

between the two plans is their payment schemes:  PPOs use Fee-for-Service (FFS) -- pay for 

each service a patient receives, while HMOs use Capitation -- a fixed budget per patient.  These 

two types of payment schemes have different financial incentives for health providers.  Under 

HMO Capitation, providers have incentives to control healthcare costs mainly through reducing 

health care utilization so as to generate savings from the capitated payments; while PPO FFS 

providers have incentives to provide more services for more revenues.  Staying in hospitals is 

very expensive.  A direct way to reduce health care utilization and costs for each admission is to 

reduce patients’ length of stay in hospitals.  Concerns arise regarding the shortened length of 

stay.  If patients have not received sufficient care upon discharge due to the shortened length 

of stay, they may have a higher chance of being readmitted within 30 days. 

Since HMOs were developed in the 1970s it has been long debates over whether HMOs 

can contain health care costs while maintaining or improving health care quality.  There is 

substantial evidence provided by the existing literature to compare HMOs with PPOs so as to 

support the policy debates 
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A large body of research compared hospital utilization between HMOs and PPOs and 

found that the HMOs were less hospital intensive.  One of the most cited studies in this 

comparison was Manning et al. (1984) which found, by using a controlled trial in the HMOs, 

that HMOs had fewer rates of hospital admissions and shorter lengths of stay than PPOs. This 

suggested that HMOs be “less hospital-intensive”.   Similar findings in managed care enrollees 

indicated that there had fewer hospital uses. Other studies that used patients in specific 

conditions, such as Nelson et al. (1998), found that HMOs capitated patients with chronic 

medical conditions had fewer hospitalizations than their FFSs counterparts.  Fonkych et al. 

(2008) compared the end-of-life care between managed care enrollees and FFSs enrollees 

among Medicare beneficiaries and found that Medicare HMOs enrollees had fewer hospital 

days in the 2 years before death than Medicare FFSs enrollees.  Sturm et al. (1995) found that 

the average number of mental health visits was much lower in the prepaid system. 

 Another group of studies focused on comparing the health care outcomes or quality 

between HMOs and PPOs.  Consistent findings indicated that HMOs had greater use of 

preventative care, less use of expensive resources, and lower satisfaction with services but 

higher satisfaction with costs as compared with PPOs (Miller and Luft 1994, Miller and Luft 

2002). 

Some studies compared hospital uses between HMOs and PPOs and stressed on the 

hospitalization rates in the condition that what if the patients were admitted.  There were a few 

studies that looked at inpatient length of stay and expenditure.  In their systematic review on 

managed care plan performance from the 1980s to the early 1990’s, Miller and Luft (1994) 
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reported that HMOs had 1% - 20% shorter hospital length of stay than PPOs.  In their update 

analysis mainly from 1997 to 2001 (Miller and Luft, 2002), they argued that HMOs had 4.4% - 

13.9% shorter hospital length of stay than PPOs.  

Quite limited studies focused on comparison of readmission outcomes between HMOs 

and PPOs.  Lemieux et al. (2012) claimed that the Medicare HMOs had 13-20% lower risk 

adjusted readmission rates than Medicare FFS plans by using the indirect risk adjustment 

method (as described in Chapter 3). 

In fact, most of the studies discussed data of senior patients or patients with specific 

health conditions.  Little is known about the difference of length of stay and readmission rate in 

HMOs patients with the PPOs patients among commercially insured under age 65 populations. 

5.2 PURPOSE OF THIS CHAPTER 

This study intends to fill the gap in exiting literature by addressing the following 

questions:  1) Do patients in HMOs, after adjusting for patient level risk factors, have shorter 

lengths of stay than PPOs patients with similar medical conditions?   2)  If the patients in the 

HMOs have shorter lengths of stay than patients in the PPOs, do they have higher readmission 

rates, after adjusting for patient level risk factors and potential salient HMO selection effects? 

3) What model approach is more preferable in evaluating risk adjusted hospital length of stay?
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5.3 METHODS 

5.3.1 Empirical Conceptual Framework 

The hospital is viewed a firm.  Neoclassical economic theory says that a rational firm will 

behave to maximize its profit.  In this study, this model is extended to non-profit hospitals by 

assuming that they will seek to maximize savings to use on other objectives. 

This simple economic framework explains the relationship between financial incentives 

length of stay, and readmission outcomes of a hospital. It helps us understand a hospital’s 

decision process on the length of inpatient stays with respect to the risk of readmissions. 

For PPO patients, a hospital’s profit function is given by the following equation: 

𝜋 = 𝑅(𝐷, 𝑆, 𝑂 |𝑋) − 𝐶(𝐷, 𝑆, 𝑂 |𝑋) + 𝑝(𝐷, 𝑆, 𝑋, 𝑂) ∗ [𝑅𝑟 − 𝐶𝑟] 

In contrast, the profit function for HMO patients is: 

𝜋 = 𝐹 − 𝐶(𝐷, 𝑆, 𝑂 |𝑋) + 𝑝(𝐷, 𝑆, 𝑋, 𝑂) ∗ 𝐶𝑟 

In these equations, 𝜋  is the profit a hospital earns from an inpatient admission, 𝑅 is the 

reimbursement a hospital receives for a PPO patient’s hospitalization,  𝐷 is the hospital length 

of stay,  𝑆 is the health services provided to an inpatient admission, and  𝑂 is all other factors.  

𝑋 represents the patient’s characteristics,  𝑝 is the probability of having a 30-day readmission, 

 𝑅𝑟 is the reimbursement of the PPO plan to for the readmission,  𝐶𝑟 is the cost occurs at 

readmission,  and 𝐹 is a fixed prepaid capitated amount of payment-----an average of all 

members. 
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The PPO FFS reimbursement 𝑅(𝐷, 𝑆, 𝑂 |𝑃) is based on the length of stay, health services 

received and all other factors 𝑂 conditioning on the patient’s characteristics.  In contrast, the 

HMO’s revenue on an inpatient stay is a fixed prepaid amount equal to the average capitation 

of all members under managed care regardless of what services the patient receives or how 

long the patient stays in a hospital.  𝐶(𝐷, 𝑆, 𝑂 |𝑃) is the cost associated with an inpatient 

admission determined  by the total length of stay and service and other costs conditioning on a 

patient’s characteristics.  The probability 𝑝(𝐷, 𝑆, 𝑃, 𝑂, … ) depends on patient characteristics 

and factors related to the initial admission including length of stay. 

Taking derivative of profit 𝜋 with respect to length of stay 𝐷, maximum profit occurs 

when the first order condition (F.O.C) is met: 

For PPO patient: 

𝜕𝐶

𝜕𝐷
+

𝜕𝜌

𝜕𝐷
× 𝐶𝑟 =

 𝜕𝑅

𝜕𝐷
+

𝜕𝜌

𝜕𝐷
× 𝑅𝑟 

For HMO patient: 

𝜕𝐶

𝜕𝐷
+

𝜕𝜌

𝜕𝐷
× 𝐶𝑟 = 0 

Taking the derivative of profit 𝜋 with respect to length of stay 𝐷, maximum profit occurs 

when the first order condition (F.O.C) is met: 

For a PPO patient: 

𝜕𝐶

𝜕𝐷
+

𝜕𝜌

𝜕𝐷
× 𝐶𝑟 =

 𝜕𝑅

𝜕𝐷
+

𝜕𝜌

𝜕𝐷
× 𝑅𝑟 
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For an HMO patient: 

𝜕𝐶

𝜕𝐷
+

𝜕𝜌

𝜕𝐷
× 𝐶𝑟 = 0 

𝜕𝐶

𝜕𝐷
≥ 0 is the marginal cost incurred by an increase in length of stay. 

 𝜕𝑝

 𝜕𝐷
 is the 

derivative of the probability of having a 30-day readmission of an initial admission with 

respective to length of stay.  Some argue that with longer length of stay, patients can get more 

care and it helps recovery after discharge, which may reduce the risk of returning back within 

30-days ( 
𝜕𝑝

𝜕𝐷
< 0).  Others argue that staying longer in hospitals may increase the risks of 

patients getting infection in the hospital and may increase the risk of a 30-day readmission 

( 
𝜕𝑝

𝜕𝐷
> 0).  The direction of  

𝜕𝑝

𝜕𝐷
 is what we will measure empirically in this study.  It is 

confounded by patients’ characteristics 𝑋.  

The F.O.C clearly demonstrates a hospital’s decision making on reducing or extending a 

patient’s length of stay from the optimal length of stay.  A PPOs readmission adds to hospital 

cost but also adds to expected revenue.  The F.O.C for the PPOs indicates that a hospital 

maximizes its profit when the marginal revenue of a hospital inpatient stay is equal to the 

marginal cost.  Under the PPO model, hospitals have neither incentives to reduce length of stay 

to reduce cost, nor incentives to control readmissions if they get paid for the services provided. 

Instead, they have incentives to provide more services such as longer hospital days to generate 

more revenues. 



96

In contrast, the F.O.C for the HMOs indicates that, to achieve their economic optimum 

the hospitals under HMO have incentives to reduce costs through reducing patients’ length of 

stay and achieve a balance between reduced length of stay and increased risk of readmissions. 

In reality, a doctor will not discharge an inpatient prematurely regardless of 

consideration about high risks of having a 30-day re-admission.  It is possible that patients may 

leave against medical advice.  Insufficient stays may occur by small margins and it can happen 

to both PPO and HMO patients.  Reducing length of stay is the most effective method to reduce 

costs given the exorbitant price of hospital care in the United States.  Therefore, a marginally 

insufficient stay is more likely to occur for HMO patients than for PPO patients.  

5.3.2 Hypotheses and methods overview 

Hypotheses on HMO effects are developed based upon the discussed economic 

conceptual framework.  Hypothesis I: On average, HMOs have shorter lengths of stay than PPOs, 

controlling for patient characteristics.  Hypothesis II: On average, HMOs have higher 

readmission rates than PPOs, controlling for patient characteristics.  In addition, we 

hypothesize that the overall average health care cost of the full episode of a patient including 

the initial admission and the possible readmission is less for an HMO than a PPO.  The analysis 

consists of three steps.  First, I use the Two-Part model for the length of stay analysis and 

logistic regression models for the 30-day readmission analysis to estimate the relationships 

between the HMO and the outcomes of length of stay and readmission rate controlling for 

patient characteristics.  Next, using the fitted models, I project the changes of lengths of stay 

and readmission rates of the HMO patients in the study sample if their insurance coverage were 
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switched to PPOs.  Finally, I summarize the net effects and net savings attribute to HMO status 

combining the estimates from the above analysis for the length of stays and readmission rates. 

5.3.3 Analysis Empirical Strategies for Hospital Length of Stay Analyses 

5.3.3.1 Empirical Models 

The Two-Part model with a generalized linear model in the second part (GLM Two-Part 

model) is used to estimate the HMO effects on inpatient length of stay in the study sample for 

each condition groups: non-maternity, maternity, surgery, medicine, cardiovascular, 

cardiorespiratory and neurology.  Maternity and non-maternity cases are separated because 

they are quite different.   Maternity admissions account for 23% of the total admissions in the 

study sample and have short unadjusted average length of stay, at 2.7. 

A common characteristic in the hospital length of stay data of acute care 

hospitalizations is that a proportion of patients are discharged and admitted the same day, or in 

other words, these patients have zero hospital nights. It makes the Two-Part model a natural 

choice for the modeling approach.  The first part models the probability of a patient staying in 

the hospital overnight. The second part models the expected days a patient stay in the hospital 

if the patient stays in the hospital overnight.  Other common characteristics in hospital length 

of stay data for acute care hospitalizations are that the data are non-negative, highly skewed, 

concentrate on several positive integers and have a heavy tail on the right.  It suggests that a 

generalized linear model is a candidate for the second part.  The GLM model is a general 

approach for modeling health care outcomes that only takes positive values (Manning and 



98

Mullahy 2001). It accommodates skewness by modeling the conditional variance of the 

dependent variable as a function of its mean (Blough, Madden and Hornbrook 1999).  

In this analysis, the first part is a binary outcome equation that models probability of a 

patient staying hospital overnight Pr (𝐷 > 0) using the Probit model (Equation (1)), where 

𝜱(∙) is a normal cumulative distribution function.  The variable  𝐷 represents the dependent 

variables, length of stay (days) and  xi
′ represents the covariates including adjusted risk

variables, some salient selection variables and hospital indicator variables which be discussed in 

the independent variable section. 

Pr(𝐷𝑖 > 0|𝑥𝑖
′) = 𝜱 (𝜃1𝐻𝑀𝑂𝑖 + 𝑋𝑖

′𝛽2 + 𝜀𝑖1)   (1) 

The second part adopts GLM models (Blough, Madden, and Hornbrook 1999; Manning 

and Mullahy 2001), which approximates the empirical distribution of the data by specifying the 

empirical distribution of the dependent variable as a function of its mean.  The exponential 

function is used as the link function (Equation (2)).  It is the general form for all models.  As will 

be discussed in more details in model assessment and validation section, the Gamma 

formulation of the dependent variable is used for the non-maternity, medicine and surgery 

models while the Inverse Gaussian formulation of the dependent variable is used for the 

maternity, cardiovascular, and cardiorespiratory and neurology models (Table 29). 

E[𝐷𝑖|𝐷𝑖 > 0, 𝑥𝑖] = exp (xi
′ 𝜷 )   (2) 
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5.3.3.2 Model Estimation 

The expected length of stay represented by the number of hospital nights is the product 

of the expected probability that an individual admission results in an overnight hospital stay 

and the expected length of stay given that individual stays overnight.  It is estimated using 

equation (3) and (4). 

𝐸(𝐷𝑖|𝑥𝑖
′) = 𝑝 × E(𝐷𝑖|𝐷𝑖 > 0, 𝑥𝑖)  (3) 

where 𝑝𝑖 = Pr(𝐷𝑖 > 0|𝑥𝑖)  (4) 

5.3.3.3 Model Specification and Validation 

One -Part models vs. Two-Part models 

Values of the length of stays are non-negative integers.  This makes count models a 

natural choice.  I first conducted Box-Cox tests to determine the relationship between the linear 

prediction function xb and the expected length of stay E(y|x),  and check models without 

concerning the excess zeros.  I estimate Poisson, and Negative Binomial models.  There were a 

significant number of inpatient admissions that are discharged in the same day.  I therefore 

further checked two-part models including the Hurdled Negative Binomial model, the Zero-

inflated Poisson model, the Two-Part model OLS with log transformation on the dependent 

variable and the Two- Part model with Generalized Linearized Mean function in the second part. 

The Park test (Park 1966) was conducted as a diagnosis test to determine the relationship 

between the mean and variance and specify the GLM family to be used in the second part of 

the Two-Part GLM model. 
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I first compare the performance of the Poisson, Negative Binomial models, the Hurdled 

Negative Binomial model, and the Zero-inflated Poisson model using: (1) Akaike information 

criteria (AIC) (Akaike, 1974) and (2) Bayesian information criteria (BIC) (Schwarz, 1978) (which 

have been introduced in Chapter 3) and (3) the value of log likelihood.  Smaller values in AIC, 

BIC and log likelihood indicate better goodness of fit and are preferred.  I picked one that has 

the smallest values in AIC, BIC and log likelihood as a candidate model.  Next, I compare the 

candidate model (the Hurdled Model) to the Two-Part OLS and Two-Part GLM models.  The 

model specification and estimation for the Hurdled Model and the Two-Part OLS model with log 

transformation on the dependent variable are described in the Appendix 5 and Appendix 6 

respectively. 

Cross-Validations 

These three criteria discussed  above (AIC, BIC and log likelihood) do not apply to the 

Two-Part OLS and Two-Part GLM model due to the multi parts nature.  Cross-validation checks 

are conducted to compare the three models’ out of sample predictive ability.  Complexity of a 

model often comes at the expense of out of sample prediction.  The Copas test for cross 

validation was conducted for overfitting concerns because overfitting is a very real danger 

when there is skewness and heavy-tailedness (Manning and Mullahy 2001).  The Copas test is 

applied in the following way.  First, randomly split the studied sample into two halves.   Fit the 

model using one half of the sample and use the estimated coefficients to forecast the other half. 

Next, regress the observed outcome value on the predicted value in the forecasting sample.  If 

the estimated coefficient is equal to 1, it indicates the fitted model predicted the data perfectly. 
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Then repeat the same process 100 times.  The mean coefficient is calculated with a 95% 

confidence interval to test whether the difference between the predicted and observed 

outcomes is significantly different.  Using the cross-validation test results, I conclude the Two-

Part GLM model is the preferred model. 

Model Diagnoses 

The following model diagnosis tests are conducted on the Two-Part GLM models for 

each condition group.  (1) Pearson’s chi-square goodness of fit test indicates how well a model 

fits observed distributions.  It tells how well a model predicts within a sample. Smaller values of 

the test statistic imply better fit and are preferred.  (2) Modified Hosmer-Lemeshow Diagnosis 

Test is used to check for systematic bias.   It groups all observations into 10 equal sized groups 

according to their predicted values and test if the mean residuals of these ten groups are 

statistically different.  If there is statistically significance in the mean residuals, the model does 

not fit the data well. 

5.3.4 Empirical Strategies for 30-Day Readmission Rates 

5.3.4.1 Empirical Model and Estimation 

In the readmission analysis, I used the previously studied preferred 30-day risk 

adjustment logistic regression model as the base, adding the HMO insurance status indicator 

variable, salient selection variables, and hospital fixed effect dummies (Equation (5)).  Details of 

the independent variables (x) will be discussed in the data section below.   Seven logistic 

regression models are fitted for each condition groups: non-maternity, maternity, surgery, 
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medicine, cardiorespiratory, cardiovascular and neurology.  The estimates of interest are θ̂s, 

the HMO treatment effects. 

𝑙𝑜𝑔𝑖𝑡 (𝑝𝑟(𝑦𝑖 = 1)) = 𝛼 + 𝜃𝐻𝑀𝑂 + 𝑥𝑖
′𝛽 + 𝜀  (5) 

𝑦 = 0, 1; 𝑖 = 1,2 … 𝑛 

5.3.5 Conditional Prediction 

The changes in the expected length of stay and readmission rates of the HMO patients if 

switched to PPO insurance plans are calculated using equation (6).  Holding all other repressors 

constant, the net effect of insurance coverage on expected length of stay or readmission can be 

derived by comparing the expected use conditional on being insured under HMO with the 

expected use conditional on being insured under PPO. 

𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝑒𝑓𝑓𝑒𝑐𝑡 𝑜𝑓 𝐻𝑀𝑂  𝑦𝑖 = 𝐸(𝑦𝑖|𝐻𝑀𝑂 = 1, 𝑥𝑖) − 𝐸(𝑦𝑖|𝐻𝑀𝑂 = 0, 𝑥𝑖)  (6) 

where 𝑖 indexes an individual admission insured by HMO, but covered with PPO in project and 

𝑦 indicates the length of stay or probability of having a 30-day readmission. 

The estimation process is as follows.  Parameters were estimated using the fitted model 

for each study sample.  The estimated model then was applied to the PPO admission subsample 

and to estimate the expected length of stay or probability of readmissions by switching the 

dummy variable of public insurance from 0 to 1. 
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5.4 DATA 

5.4.1 Data 

The same dataset used in Chapter 3 and Chapter 4 is used here.  I dropped all multiple 

admissions after the first 30-day readmissions.  The scenarios of single 30-day readmission and 

multiple readmissions may be quite different.  To explicitly evaluate the HMO effects on health 

utilization outcomes, this analysis only studied the initial admissions of a single 30-day 

readmission.   If the 30-day readmission of an initial admission has another 30-day readmission, 

it is not included in this analysis and only the initial admission is included.  The total number of 

observations is 461,762 for non-maternity admissions and 223,829 for maternity admission. 

5.4.2 Dependent Variables 

Length of stay (𝑫) 

Dependent variable is the length of stay for each acute care inpatient admission. The 

length of stay is calculated by the discharge date minus the admission date17.   For patients who 

were discharged and admitted in the same day, the value of length of stay is zero. 

30-day readmission indicator (Y) 

As it was introduced in Chapter 3, a dependent dummy variable indicating 30-day 

readmission outcome is created by assigning a value of one (1) to original admissions that have 

17
 Exact time of admission and discharge is not available in the data. 
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a 30-day readmission and value of zero (0) to original admission that have no 30-day 

readmissions. 

5.4.3 Independent variables 

𝐻𝑀𝑂 is a dummy variable with a value of one (1) for HMO admission and a value of zero 

(0)  for PPO admission. 

Patient’s risk factors developed in Chapter 3 including patient age, gender, CCS 

diagnosis code dummies for primary diagnosis, number of secondary diagnosis, and co-

morbidities; and patients health service conditions (surgery, medicine, maternity, 

cardiovascular, cardiorespiratory and neurology) are included. 

The ICU variable indicates if a patient was in the intensive care unit during an inpatient 

admission. 

Hospital indicator dummy variables are included to control for hospital fixed effects. The 

fixed effect method is often used when there are unmeasurable factors.  The hospital fixed 

effect is included for 244 hospitals.  There might be factors that are associated with hospitals’ 

characteristics, either observable or unobservable, that are also correlated with the insurance 

type selection of HMO versus PPO.  By controlling for hospital fixed effects, we can control a lot 

of such observed and unobserved factors to eliminate omitted variable biases caused by leaving 

these factors out of the estimation model.   Some hospital characteristics are measured in the 

data including safety-net status, ownership, teaching status, system status, bedsize, and 

rural/urban location.  Descriptive analysis in Chapter 2 shows that the admissions in the study 

sample covered all of these types of hospitals.   It is noted that the data shows there is a big 
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variation in the share of HMO patients across all hospitals.  Meanwhile, data on a lot of hospital 

factors that may possibly affect readmission outcomes are not available in the data, such as 

clinician’s profile, doctor’s availability, nurse to patient ratios, hospital’s occupancies, medical 

equipment and technologies, and hospitals interventions on reducing readmissions.   By 

controlling for hospital specific effect, all affecting factors that influence readmission outcomes 

are under control. Moreover, when controlling hospital specific effects, some of the 

unmeasured patient’s characteristics are also controlled.  Safety-net hospitals are most likely to 

be located in socioeconomically disadvantaged neighborhoods. Thus some of the influential 

factors from social disadvantages are under control. Additionally, hospitals interact with 

medical groups, and some of the influences from these medical groups are also absorbed in the 

hospital specific effects. 

5.5 RESULTS 

5.5.1 Patient Characteristics HMOs vs. PPOs 

Table 26 compares the baseline characteristics of HMO and PPO patients based on key 

variables used in the analysis.  There were very few differences between HMO and PPO 

patients across these measures.  The mean ages, the proportions of female patients, the 

proportions of ICU patients, and the number of secondary diagnoses for HMO and PPO patients 

were virtually identical.  It was interesting to note that the proportion of female patients was 

high in both groups (71%) because maternity admissions account for the second largest share 

of all admissions.  Excluding maternity admissions, the proportion of female patients fell to 56% 

and the mean age increased by 5 years to 47 years. 
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We observed some important differences in patient illness severity between HMO and 

PPO patients.  HMO patients had a greater proportion of maternity admissions with diagnoses 

among the top 10 maternity diagnoses, which were all from the top 25 most frequent primary 

diagnoses.  For instance, 7% of the HMO admissions were admitted because of OB-related 

trauma to the perineum and vulva, compared to 6.4% of the PPO admissions.  This difference 

was also observed in another 7 diagnosis categories.  Third, PPOs had higher proportion of 

patients with the top 2 most frequent non-maternity diagnoses than HMOs.  The difference 

between HMOs and PPOs was 1% for each of these two conditions: (1) spondylosis, 

intervertebral disc disorders or other back and (2) osteoarthritis.  HMOs had 0.7% higher 

proportion of patients with nonspecific chest pain and 0.7% higher proportion of patients with 

other nutritional, endocrine, and metabolic disorders.  Fourth, HMOs had slightly higher 

proportion of patients with any of the most frequent comorbidities than PPOs: hypertension, 

diabetes without complications, diabetes with complications and obesity.  The descriptive 

analysis results indicated that HMOs had relatively sicker maternity patients than PPOs. 

Table 26 also shows the summary statistics for the two key health care utilization 

measures for this study: length of stay and 30-day readmission rate.   Across all patients, the 

unadjusted average length of stay is 3.1 days.  The unadjusted average length of stay of HMO 

patients was 0.15 days shorter than PPO patients.  The difference was statistically significant at 

the 0.05 level. 



107

Table 26 Characteristics of the Commercially Insured Under Age 65 Patients:  HMO vs. PPO 

Total HMO PPO 

Outcome Mean S.D Mean S.D Mean S.D 

Observed Length of Stay 3.10 3.89 3.02 3.72 3.17 4.03 

Patient  Characteristics 

Age 41.75 12.69 41.22 12.62 42.2 12.74 

Female 0.71 0.45 0.72 0.44 0.70 0.46 

ICU 0.14 0.35 0.14 0.35 0.14 0.35 

Number of Secondary Diagnosis 5.23 2.70 5.20 2.66 5.24 2.72 

Region-North/Bay Area 0.23 0.42 0.20 0.40 0.25 0.40 

Region-Central/Valley 0.25 0.43 0.25 0.43 0.25 0.50 

Region-South 0.52 0.50 0.55
18 0.50 0.50 0.44 

Primary Diagnosis ---Top 10 CCS (Maternity) 

     193. OB-related trauma to perineum and vulva 0.066 0.249 0.07
19

 0.255 0.064 0.245

195. Other complications of birth; puerperium affecting 
management of mother 

0.061 0.240 0.062 0.241 0.061 0.240 

189. Previous C-section 0.041 0.199 0.043 0.204 0.04 0.195 

181. Other complications of pregnancy 0.027 0.161 0.029 0.167 0.025 0.156 

185. Prolonged pregnancy 0.022 0.145 0.021 0.145 0.022 0.146 

196. Normal pregnancy and/or delivery 0.021 0.143 0.023 0.15 0.019 0.137 

190. Fetal distress and abnormal forces of labor 0.019 0.136 0.02 0.139 0.018 0.134 

187. Malposition; malpresentation 0.015 0.122 0.015 0.122 0.015 0.123 

192. Umbilical cord complication 0.015 0.122 0.016 0.126 0.014 0.118 

184. Early or threatened labor 0.012 0.107 0.012 0.111 0.011 0.105 

Primary Diagnosis ---Top 10 CCS (Non- Maternity) 

205. Spondylosis; intervertebral disc disorders; other back 
problems 

0.033 0.179 0.029 0.168 0.038 0.190 

203. Osteoarthritis 0.029 0.168 0.024 0.155 0.034 0.180 

46. Benign neoplasm of uterus 0.028 0.164 0.03 0.169 0.026 0.159 

102. Nonspecific chest pain 0.027 0.163 0.031 0.173 0.023 0.151

149. Biliary tract disease 0.023 0.150 0.024 0.152 0.022 0.148 

101. Coronary atherosclerosis and other heart disease 0.023 0.149 0.021 0.144 0.024 0.154 

142. Appendicitis and other appendiceal conditions 0.022 0.146 0.021 0.145 0.022 0.148 

58. Other nutritional; endocrine; and metabolic disorders 0.020 0.140 0.024 0.152 0.017 0.128

106. Cardiac dysrhythmias 0.015 0.120 0.014 0.116 0.015 0.123 

Comorbidities ---Top 5 

Hypertension 0.198 0.399 0.205 0.404 0.191 0.393 
Diabetes w/o chronic complications 0.071 0.257 0.080 0.271 0.063 0.243 
Diabetes with chronic complications 0.011 0.105 0.012 0.111 0.010 0.099 

Obesity 0.064 0.244 0.069 0.253 0.059 0.235 
Deficiency Anemias 0.054 0.227 0.053 0.224 0.056 0.229 

18
 It means 55% of HMO patients were from the South. Similarly, 20% and 25% of the HMO patients were from the 

North/Bay and the Central/Valley area respectively. 
19

 It means 7% of HMO patients had primary diagnosis of OB-related trauma to perineum; similar interpretation 
applies to results of the means of variables in the groups of primary diagnosis---Top 10 CCS of maternity and non- 
maternity conditions. 
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Table 27 Unadjusted and Risk Adjusted 30-day Readmission Rates (HMO vs. PPO) 

Conditions Insurance 
Unadjusted Readmission 

Rate 
Risk Adjusted Readmission Rate 

(SE) 

Non-maternity HMO 7.15% 6.78% 

(68.8%) PPO 6.59% 6.90% 

HMO-PPO 0.0056*** (0.00157) -0.0013*** (0.00026) 

Maternity HMO 2.44% 2.64% 

(31.2%) PPO 2.80% 2.60% 

HMO-PPO -0.0036*(0.0002) 0.0004*(0.0002) 

Medicine HMO 10.17% 9.69% 

(23.1%) PPO 9.53% 9.95% 

HMO-PPO 0.0064***(0.00075) -0.0026***(0.00031) 

Surgery HMO 5.36% 5.08% 

(35.4%) PPO 4.85% 5.10% 

HMO-PPO  0.0051***(0.0009) 0 (0.0002) 

Cardiovascular HMO 6.02% 5.69% 

(4.9%) PPO 5.87% 6.22% 

HMO-PPO 0.0015***(0.0026) -0.0053***(0.00051) 

Cardiorespiratory HMO 8.82% 8.62% 

(3%) PPO 8.40% 8.60% 

HMO-PPO 0.0042(0.0039) 0.00016(0.0006) 

Neurology HMO 7.34% 6.83% 

(2.4%) PPO 6.51% 6.96% 

HMO-PPO 0.0083*(0.0041) -0.00141*(0.0006) 

Note: (1) “HMO-PPO” indicates HMOs’ average unadjusted/risk adjusted readmission rate minus PPOs’ 
average unadjusted/risk adjusted readmission rate, respectively.  (2) *p<0.05, **p<0.01, ***p<0.001, P-values 
were calculated from two sample t-tests on the means of readmission rates between HMO and PPO patients. (3) In 
the parentheses are the standard errors of the mean differences of the mean readmission rates between HMOs 
and PPOs.  

Table 27 presents the unadjusted and risk adjusted readmission rates between the HMO 

and PPO patients.  The risk predicted or expected readmissions were calculated using the 

preferred risk adjustment models developed in Chapter 3.   We uses the risk predicted 

readmission rates as proxies for the level of sickness of a patient because sicker patients are 

more likely to be readmitted.   We found that the average risk predicted readmission rates 

were smaller for the HMO non-maternity patients by 0.0013 (p<0.001) and greater for the HMO 

maternity patients by 0.0004 (p<0.001), compared with the PPOs patients respectively.  The 
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results indicated that HMOs had on average relatively healthier non-maternity patients and 

sicker maternity patients than PPOs.  

Table 28 describes the distribution of the length of stay for all patients in the entire 

sample.   The distribution was highly skewed, concentrated within a few values (1, 2, 3 and 4) 

and had a long right tail because of a few sicker patients who stayed longer in hospital.  This 

distribution had important statistical implications on the selection of the appropriate statistical 

model for analyses. 

Table 28 Distribution of Hospital Length of Stays 

Hospital Nights Percent (%) Cumulative Percentage (%) 

0 4.84 4.84 

1 23.16 28.00 

2 29.12 57.12 

3 18.90 76.02 

4 10.04 86.06 

5 4.52 90.58 

6 2.49 93.07 

7 1.68 94.75 

8 1.10 95.85 

9 0.75 96.60 

10 0.57 97.17 

11 0.43 97.60 

12 0.32 97.92 

13 0.25 98.17 

14 0.24 98.41 

15 0.19 98.60 

16 0.15 98.75 

17 0.13 98.88 

18 0.10 98.99 

19 0.09 99.08 

20 0.08 99.16 

21+ 0.84 100.00 
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5.5.2  Model Specification and Validation --- Length of Stay Analyses 

Model Specification Results 

Several alternative statistical models were developed and tested to analyze the length 

of stay data.  Table 29 presented the results of model specification tests and of model diagnosis 

tests.  It should be noted that the test results were applied only to the second part of the Two 

Part models.   The Box-Cox coefficients for all 7 models (non-maternity, maternity, surgery, 

medicine, cardiovascular, cardiorespiratory, and neurology) shown in Table 29 were close to 

zero, which suggested a log link function.  The first row in Table 29 specified the models used in 

the second part of the Two-Part GLM models.  The decisions were made based on the Park Test 

statistics and the GLM Family test statistics.  The coefficients of Park Tests for the non-

maternity, surgery, and medicine models were 2.29, 2.26 and 2.38 respectively.  The values 

which were close to 2 indicated the variance of length of stay exceeding the preferred mean 

and Gamma family.  In contrast, the coefficients of the Park Tests for the maternity, 

cardiovascular, cardiorespiratory and neurology models were 2.84, 3.23, 2.76 and 3.46 

respectively.  The values which were close to 3 suggested that Inverse Gaussian family be 

preferred.  The results of GLM family tests of each of the four families: Gamma, Inverse 

Gaussian or Wald, Poisson and Gaussian NLLS, were consistent with the Park Test.  The GLM 

Family Tests of Gamma for the non-maternity, surgery and medicine models had the smallest 

chi Square values, while the tests of Inverse Gaussian or Wald for the maternity, cardiovascular, 

cardiorespiratory and neurology had the smallest statistics. 
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 Cross Validation Test Results 

The results of cross validation using Copas test suggested that the GLM-based Two Part 

model fit the data the best in comparison with Log-LOS Two Part model, Hurdled Model and 

Negative Binomial model, because this model had the lowest prediction error.  The mean of 

Copas test statistics for the Two Part GLM model from 50 random splits was 1.00.  The 95% 

confidence interval was [0.95, 1.03].  All of these indicated that there was no overfitting 

concern in the application of Two Part GLM models in the study dataset.  The mean Copas test 

statistics for the Log-OLS Two Part Model was 1.22 (95% CI 1.2, 1.25), while the Hurdle Model 

1.96 (95% CI 1.79, 2.02), which suggested an underestimate of the true length of stays in the 

study sample of young patients. In contrast, the mean Copas test statistics for the Negative 

Binomial Model was 0.69 (95% CI 0.47, 0.78), which suggested an overestimate of the true 

hospital length of stay. 

5.5.3  Findings 

5.5.3.1 Findings in Length of Stay Analyses 

The regression results from the Two Part models for the length of stay analysis are 

presented in Table 30.   On average HMO non-maternity patients had 4.5% (p<0.001) higher 

odds of zero length of stay (being readmitted and discharged on the same day of admission) 

than those of PPO.   For patients who stayed in hospital overnight, HMOs had 0.078 (p<0.001) 

days shorter in length of stay than PPOs on average.  Combined results showed that HMOs had 

on average 2.49% less hospital days than PPOs for all non-maternity patients.  For maternity 
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patients, HMOs had 3.9% (P<0.05) higher odds of being readmitted and discharged on the same 

day, but no significant difference in length of stay for those who had stayed in the hospital 

overnight.  The combined results showed that for maternity patients, HMOs had 0.69% (P<0.05) 

shorter length of stay than PPOs.  

In terms of individual conditions of the non-maternity group, surgery (35.4% of study 

population) and medicine groups, the difference in the medicine patients’ length of stay 

between HMOs and PPOs was (7.07%); while the difference in length of stay between HMOs 

and PPOs for all non-maternity population was (2.49%).   HMO medicine patients had 5.9% 

(p<.001) higher odds of being discharged and admitted on the same day.  In contrast, in the 

surgery group, HMOs had 1.77% more hospital days than PPOs on average.   Comparing HMOs 

with PPOs, the shortness in length of stay was found in cardiovascular (6.25%), 

cardiorespiratory (11.01%) and neurology group (7.70%), all of these three conditions only held 

about 10% of total study population. 

5.5.3.2 Findings in 30-Day Readmission Analyses 

The regression results of the logistic regression models for the 30-day readmission 

analysis are presented in Table 31.  The odds ratios of HMO was 1.051 (p<0.001), 1.119 

(p<0.001), and 1.067 (p<0.001) for non-maternity, maternity and medicine condition groups 

respectively.  The odds ratios were greater than 1 and statistically significant at level 0.001, 

which indicated that, on average, the probability of having a 30-day readmission was higher for 

HMO patients than those of PPO.  The odds ratio for maternity condition was the biggest, at 
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1.119, indicating that on average HMO maternity patients had 11.9% higher odds of being 

readmitted within 30-days than those of PPO. 

In sum, comparing the average readmission rate between HMOs and PPOs, the former 

was always higher than the latter.  For instance, in terms of non-maternity patients, HMOs was 

4.63% (p<0.001) higher than PPOs; for maternity patients, 14.46% (p<0.001) higher; and for 

medicine patients, 5.74% (p<0.01) higher.  However, there were no statistically significant 

differences at significance level 0.05,  in readmission rates between HMOs and PPOs among 

other individual conditions such as surgery, cardiovascular, cardiorespiratory and neurology. 

5.5.3.2 Findings in 30-Day Readmission Analyses 

Table 32 summarizes the net effects and net savings attributed to HMO status which 

combined the estimates from the above analyses of the hospital length of stays and 30-day 

readmission rates.  On average, HMOs spent $1324 less for the reduced length of stays and 

costed $40 more due to the higher risk of having a readmission per non-maternity admission, 

and $132 less from the reduced length of stay and costed $28 more in expected higher rates of 

readmission per maternity patients.  Overall the HMO effect had net savings because among all 

admissions the average length of stay was reduced and the increased readmission was quite a 

few. 
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Table 29 GLM Model Specification and Diagnoses 

Non-Maternity Maternity Surgery Medicine Cardiovascular Cardiorespiratory Neurology 

GLM Family Gamma  Inverse Gaussian Gamma Gamma  Inverse Gaussian  Inverse Gaussian  Inverse Gaussian 

Box-Cox Test /theta -.30 (0.004) -0.2(0.000) -0.26 (0.002) -0.26 (0.003) -0.035 (0.000) -0.12(0.008) -0.37 (0.009) 

Coefficient of Modified Park Test 2.29 2.84 2.26 2.38 3.23 2.76 3.46 

Pregibon Link Test 0.06 0.07 0.01 0.47 0.00 0.0496 0.00 

Modified Hosmer and Lemeshow 0.21 0.33 0.29 0.41 0.00 0.118 0.00 

GLM Family Chi2 P-Value Chi2 P-Value Chi2 P-Value Chi2 P-Value Chi2 P-Value Chi2 P-Value Chi2 P-Value 

Gamma 32.08 0.000 39.48 0.048 13.35 0.0003 32.24 0.000 54.75 0.00 68.24 0.01 5.17 0.02 

Inverse Gaussian or Wald 183.27 0.000 3.91 0.000 107.36 0.000 86.51 0.000 2.44 0.11 6.52 0.00 136.50 0.00 

Poisson 618.31 0.000 112.13 0.000 312.24 0.000 426.78 0.000 175.21 0.00 363.93 0.00 657.51 0.00 

Gaussian NLLS 1941.97 0.000 221.87 0.000 1004.04 0.000 1270.14 0.000 363.82 0.00 893.59 0.00 1568.19 0.00 



115

Table 30 Two-Part with GLM Models Estimation Results on the Hospital Length of Stay 

Odds 
Ratios/ 
exp(b) 

(se) 
HMO 

predict 
PPO 

predict 

E[y|HMO]    
-    

E[y|PPO] 
% of PPO 

days 

Dependent Variable 

Non-maternity 
Part1:  Prob (D>0)

0.955*** -0.0045 

(68.8%) (0.01) (0.00) 

Part2:  Length of Stays (D)
0.979*** -0.078 

(0.00) (0.01) 

Combined: Total Length of Stays (D) 3.406 3.492 -0.087 -2.49% 

Maternity 
Part1:  Prob (D>0) 

0.961*  -.0024 

(31.2%) (0.02) (0.00) 

Part2:  Length of Stays (D) 
0.995 -0.013 

(0.00) (0.01) 

Combined: Total Length of Stays (D) 2.585 2.604 -0.018 -0.69% 

Medicine 
Part1:  Prob (D>0) 

0.941*** -0.71% 

(23.1%) (0.01) (0.00) 

Part2:  Length of Stays (D) 
0.935*** -0.261 

(0.01) (0.03) 

Combined: Total Length of Stays (D) 3.496 3.763 -0.266 -7.07% 

Surgery 
Part1:  Prob (D>0) 

0.977 -0.017% 

(35.4%) (0.01) (0.00) 

Part2:  Length of Stays (D) 
1.019*** 0.069*** 

(0.00) (0.02) 

Combined: Total Length of Stays (D) 3.508 3.448 0.061 1.77% 

Cardiovascular 
Part1:  Prob (D>0) 

0.943*** -1.18% 

(4.9%) (0.02) (0.02) 

Part2:  Length of Stays (D) 
0.949*** -0.108 

(0.01) (0.03) 

Combined: Total Length of Stays (D) 1.724 1.839 -0.115 -6.25% 

Cardiorespiratory 
Part1:  Prob (D>0) 

0.948 -0.42% 

(3%) (0.05) (0.00) 

Part2:  Length of Stays (D) 
0.894*** -0.492 

(0.01) (0.07) 

Combined: Total Length of Stays (D) 3.936 4.423 -0.487 -11.01% 

Neurology 
Part1:  Prob (D>0) 

0.949 -0.59% 

(2.4%) (0.01) (0.01) 

Part2:  Length of Stays (D) 
0.926*** -0.304 

(0.01) (0.09) 

Combined: Total Length of Stays (D) 3.632 3.934 -0.303 -7.70% 

Note: 1: In the parentheses under the odds ratios and the exp(b) in column 3 are the robust standard errors of the 

estimation coefficients on the insurance indicator variable HMO. *p<0.05, **p<0.01, ***p<0.001 
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Table 31 Logistic Regression Estimation Results on the Probability of 30-day Readmission 
Rates 

ALL Sample 

Conditions 
Dependent 

Variable 

Odds Ratio 
(Robust SE) 

HMO 
predicted 

PPO 
predicted 

E[y|HMO]  
-   

E[y|PPO] 

% of 
PPO 
rates 

Non-maternity 
Prob 
(readmit=1) 1.051*** 7.01% 6.70% 0.0031 4.63% 

(68.8%) (0.02) (0.001) 

Maternity 
Prob 
(readmit=1) 1.119*** 2.75% 2.49% 0.26%*** 14.46% 

(31.2%) (0.04) (0.001) 

Medicine 
Prob 
(readmit=1) 1.067* 10.13% 9.58% 0.0055 5.74% 

(23.1%) (0.03) (0.002) 

Surgery 
Prob 
(readmit=1) 1.04 5.18% 5.01% 0.0018 3.59% 

(35.4%) (0.03) (0.001) 

Cardiovascular 
Prob 
(readmit=1) 1.04 6.12% 5.91% 0.0021 3.55% 

(4.9%) (0.07) (0.004) 

Cardiorespiratory 
Prob 
(readmit=1) 0.94 8.65% 9.13% -0.0048 -5.26% 

(3%) (0.07) (0.006) 

Neurology 
Prob 
(readmit=1) 

1.18 
(p=0.078) 7.67% 6.61% 0.0105 15.89% 

(2.4%) (0.11) (0.006) 

Note: In the parentheses under the odds ratios and the exp(b) in column 3 are the robust standard errors of the 

estimation coefficients on the insurance indicator variable HMO. *p<0.05, **p<0.01, ***p<0.001 
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Table 32 Overall Cost Savings of A Patient’s Episode of Hospital Care (Admission + Readmission): Switch From PPO to HMO 

1 2 3 4 5 6 7 8 9 10 

 Condition 

Changes in 
average 
length of 
stay (Per 

1000 
admissions) 

Changes in 
average 

readmissions 
(Per 1000 

admissions) 

Average LOS 
of 

Readmission 

Changes in 
days by 

readmissions 
(Per 1000 

admissions) 

Changes in 
total days 
(per 1000 

admissions) 

Cost per 
Day of 
Initial 

Admissions 

Cost per Day 
of 

Readmissions 

Changes in 
average 
cost by 

shortened 
length of 
stay (per 

admission) 

Cost 
incurred by 

excess 
readmissions 

per 
Admission 

Total cost 
changes 

(per 
admission) 

Non-Maternity -87 3 5.57 17.27 -69.73 15219 12824 -1324 40 -1284 

Maternity -18.00 3 3.87 10.07 -7.93 $7,356 $10,620 -132 28 -105 

Note: Column 4 = Column 2 × Column 3; Column 5 = Column 1 + Column 4; Column 8 = Column 1 × Column 6; Column 9= Column 2 × Column7; 
Column 10 = Column 8 + Column 9 
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5.5.4 Robustness Check and Sensitivity Analyses 

This study also conducted robustness checks and sensitivity analyses. 

(1) It examined whether the results were subject to the influence of outliers by ways of 

dropping out the patients who had stayed in hospital longer than a month.  The results are 

presented in Table 33 and Table 34 for the length of stay and 30-day readmission rates analyses 

respectively.  The length of stays and in 30-day readmission rates between HMOs and PPOs did 

not have dramatic differences in numbers. This indicated that the outliers did not influence the 

model estimates. 

(2) Two subgroups were studied: large hospitals (more than 500 beds) and older 

patients (age 45 to 64).  The HMO effects did not change much for the patients age 45 to 64 as 

well as for the large hospitals with more than 500 beds. (Appendix 7 Table 1 and Table 2) 

(3) This study also conducted separate analyses according to hospital types: teaching vs. 

non-teaching, DSH vs. non-DSH (hospitals with disproportionate share of low-income patients) 

and hospitals in a system with at least 3 hospitals vs. hospitals not in a system or in a system 

with less than 2 hospitals (system3 vs non-system3).  It found that the HMO patients had on 

average shorter length of stay than those of PPO, and on average higher readmission rates for 

non-maternity patients in all groups.  The HMO effects were found relatively greater 

respectively in teaching hospitals, non-DSH hospitals and hospitals in a system with at least 3 

hospitals than their counterpart groups. (Appendix 7 Table 3 –Table 8 ) 
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Table 33 Two-Part with GLM Models Estimation Results on the Hospital Length of Stay – 
Patients stayed in Hospital within 30 Days 

Conditions Dependent Variables 

Hospital Stays Less than 30 Days  (99.4%) 

Odds 
Ratios/ 
exp(b) 

HMO 
predict 

PPO 
predict 

E[y|HMO] 
- 

E[y|PPO] 

% of 
PPO 

days) 

Non-maternity Part1:  Porb (D>0) 0.955*** -0.0045 

(68.8%) Part2:  Length of Stays (D) 0.981*** -0.065 

Combined: Total Length of Stays 
(D) 3.185 3.26 -0.074 -2.32% 

Maternity Part1:  Porb (D>0) 0.961* -0.0024 

(31.2%) Part2:  Length of Stays (D) 1.002 -0.004 

Combined: Total Length of Stays 
(D) 2.513 2.515 -0.002 -0.08% 

Medicine Part1:  Porb (D>0) 0.941*** 0.0070 

(23.1%) Part2:  Length of Stays (D) 0.937*** -0.237 

Combined: Total Length of Stays 
(D) 3.27 3.52 -0.243 -6.90% 

Surgery Part1:  Porb (D>0) 0.977 -0.0017 

(35.4%) Part2:  Length of Stays (D) 1.022*** 0.072 

Combined: Total Length of Stays 
(D) 3.40 3.33 0.065 1.95% 

Cardiovascular Part1:  Porb (D>0) 0.943* -0.118 

(4.9%) Part2:  Length of Stays (D) 0.955*** -0.092 

Combined: Total Length of Stays 
(D) 1.67 1.78 -0.100 -5.62% 

Cardiorespiratory Part1:  Porb (D>0) 0.948 -0.0042 

(3%) Part2:  Length of Stays (D) 0.897*** -0.457 

Combined: Total Length of Stays 
(D) 3.802 4.255 -0.453 -10.65% 

Neurology Part1:  Porb (D>0) 0.949 -0.0061 

(2.4%) Part2:  Length of Stays (D) 0.929*** -0.273 

Combined: Total Length of Stays 
(D) 3.31 3.58 -0.274 -7.65% 
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Table 34 Logistic Regression Estimation Results on the Probability of 30-day Readmission 
Rates 

Hospital Stays Less than 30 Days 

Conditions Dependent Variable 

Odds Ratio 
(Robust SE) 

HMO 
predicted 

PPO 
predicted 

E[y|HMO] 
-   

E[y|PPO] 

% of 
PPO 
rates 

Non-maternity Prob (readmit=1) 1.053*** 6.96% 6.64% 0.0031 4.67% 

(68.8%) (0.02) (0.001) 

Maternity Prob (readmit=1) 1.098*** 2.71% 2.49% 0.0023 8.49% 

(31.2%) (0.04) (0.0009) 

Medicine Prob (readmit=1) 1.07*** 10.11% 9.50% 0.0057 6.00% 

(23.1%) (0.03) (0.002) 

Surgery Prob (readmit=1) 1.04 5.12% 4.93% 0.002 4.06% 

(35.4%) (0.03) (0.001) 

Cardiovascular Prob (readmit=1) 1.08% 6.14% 5.71% 0.0044 7.71% 

(4.9%) (0.07) (0.003) 

Cardiorespiratory Prob (readmit=1) 0.937 8.59% 9.09% -0.005 -5.50% 

(3%) (0.04) (0.006) 

Neurology Prob (readmit=1) 1.148 7.52% 6.66% 0.0086 12.91% 

(2.4%) (0.109) (0.006) 
Note: In the parentheses under the odds ratios are the robust standard errors of the estimation coefficients on the 

insurance indicator variable HMO.  

5.6 DISCUSSION AND CONCLUSIONS 

Through an economic framework, this study explained the effect of HMO insurance on 

the patient length of stay and 30-day readmission rates.  The research results based on 

multivariate analyses of inpatient length of stay, fortunately, supported the hypotheses 

developed from this economic framework.  Through a thorough statistical assessment this 

study found that the Two-part with GLM in the second part model fitted the data quite well in 

terms of the length of stay analyses in comparison with all other alternative models.  The 

preferred risk adjustment methods developed and assessed in earlier chapters was applied in 

the empirical analyses for the probability of 30-day readmissions.  By using the empirical 

models which had the best statistical properties comparing with other alternative models this 

study was able to provide more accurate results. 
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First, in terms of the multivariate analyses of length of stays, this study found that on 

average, after controlling patients’ characteristics and hospital and time fixed effects, the non-

maternity HMOs patients had shorter length of stays (2.49%) than those of PPOs patients; that 

on average the maternity HMOs patients had 0.69% shorter length of stay than those of PPOs. 

The research results were consistent and telling.  According to the study of Muller and Luft in 

1994, HMOs had 1% - 20% shorter hospital length of stay than PPOs.  In their 2002 study, they 

reported that HMOs had 4.4% - 13.9% shorter hospital length of stays than PPOs.  What Muller 

and Luft used in their study were samples of various characteristics, but mainly senior patients 

or patients with specific disease conditions.   However, it was interesting that when this study 

examined the HMO insurance effect within specific individual condition group, it did not find 

the expected HMO insurance effect for surgery patients; instead, HMOs surgery patients had 

1.77% more length of stays than that of PPOs. 

To my knowledge, this study was the first one which compared the probability of being 

admitted to hospital and discharged on the same day for an average patient between HMOs 

and PPOs.  As expected, the study found that on average, after controlling patients’ 

characteristics and hospital and time fixed effects, the non-maternity HMOs’ patients had 4.5% 

higher in the odds of being discharged and admitted on the same day, and that on average the 

maternity HMOs patients had 5.9% higher in the odds of being discharged and admitted on the 

same day. 

Second, in terms of the 30-day readmission rate analyses, the results indicated that on 

average, after controlling patients’ characteristics and hospital and time fixed effects, non-
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maternity HMOs patients’ 30-day readmission rates was 4.63% higher than the PPOs and on 

average maternity HMOs patients’ 30-day readmission rates was 14.5% higher than the PPOs. 

As we know the existing literature mainly either used Medicare senior patient data or 

focused on specific disease conditions (as discussed in literature review section).  In contrast, 

this study focused on a broad range of younger population of all disease conditions.  In this 

sense, it made some significant contributions to the existing literature on the studied theme; 

while undeniably it also had limitations which will be discussed in Chapter 6. 

In sum, the research results in this Chapter found that on average the HMOs had shorter 

length of stays and higher readmission rates for both non-maternity and maternity groups than 

that of PPOs.  The differences between HMOs and PPOs were statistically significant but small 

in magnitude.  On average, HMOs had a net savings after the combination of saved costs from 

the reduced length of stays and increased costs from higher readmission rates. 
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CHAPTER 6 DISCUSSION, CONCLUSIONS AND POLICY IMPLICATIONS 

6.1 BACKGROUND 

Policy makers have been increasingly concerned with the inefficient incentive structure 

built into the US health care system.  Fee-for-service payment schemes have been the 

predominant approach under which providers are paid.  What concerns is that this approach 

may lead to the increase of health care spending through more rewards to providers for their 

more volume and more services.  More services and higher intensity of care may not result in 

higher-quality care and better outcomes, rather could be harmful to patients. 

One major approach to change payment incentives took place in the 1990s when health 

plans and Medicare developed HMOs, and managed to reduce excessive or unnecessary care 

through care arrangements.  This approach paid providers for a given set of services by 

capitation, or a lump sum per patient.  However, this approach also created the possibility of 

reduced quality.  For example, with an incentive to reduce total days of hospital care in HMOs, 

hospitals might discharge patients prematurely, which could cause reduced quality as well as 

such poor outcomes as an increase in preventable readmissions. 

More recently, Medicare and commercial health plans began to develop pay for 

performance programs to change payment incentives. These changes can be seen from various 

sources.  One was the increase in published studies showing quality problems in the US health 

care system.  Two major reports by the Institute of Medicine noted deficiencies in the quality of 
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US health care.  These concerns made it possible to have new pay-for-performance models for 

payers to focus more on quality, and expectations to reduce unnecessary costs. 

Most pay-for-performance programs provide bonus payments to health care providers if 

they meet or exceed agreed-upon quality or performance measures.  Pay-for-performance 

programs can also impose financial penalties on providers who fail to achieve specified goals or 

cost savings.  For example, the Medicare HRRP program penalizes hospitals for excessive 

preventable readmissions.  Commercial health plans have also developed pay for performance 

programs by using different payment incentives and quality and outcome metrics.  One of the 

largest, oldest and most famous private sector pay-for-performance programs is the California 

Pay for Performance Program managed by the Integrated Health Association (IHA).  IHA is a 

nonprofit provider and payer group that promotes quality improvement, accountability, and 

affordability in health care.  It has focused on developing measures and methods related to 

improving quality performance of providers. 

6.2 OVERVIEW AND SUMMARY 

A major challenge facing all of the pay for performance programs is to develop effective 

methods and metrics to measure and reward healthcare providers’ performance.  The pay for 

performance literature is still limited in a number of important areas, such as hospital 

readmission outcomes. 

The contribution of this study in the pay for performance and hospital readmission 

literature has the following ways.  First, the study data covers a large and commercially insured 
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younger population; whereas most studies in the existing literature use data for the older and 

Medicare population.  The effort to reduce preventable hospital readmissions has become an 

important area of growing policy focus.  This study provides new findings related to 30-day 

readmission rates in the commercially insured younger population.  It includes all diagnoses, 

rather than merely a few selected major diagnoses.  As such it gives a more complete picture of 

characteristics and patterns of 30-day readmissions among commercially insured patients. 

A major focus of this research was to test and analyze alternative approaches in order to 

choose a preferred model for proper adjustment of differences in the mix of patients treated by 

different hospitals.  This study included the application of the AHRQ’s Clinical Classification 

Software (CCS) on 30-day readmission risk adjustments in the commercially insured population 

younger than age 65.  Thusfar AHRQ CCS has not been applied to the commercially insured 

young patients in the existing literature, or used in public reporting of provider performance. 

The study results provided useful findings for the model selection process to researchers who 

use acute care hospital administrative data or inpatient claims data to study readmissions 

within commercially insured populations. 

The application of the AHRQ based risk adjustment model was used within a 

multivariate analysis framework in order to study differences in length of stay and 30-day 

readmissions rates between HMOs and PPOs.  The model resulted from this study aimed at 

controlling the fixed effects of hospitals, unlike a recent well-cited study by Joynt et al. (2011), 

which only covered some major hospital characteristics.  By using fixed effect methods, this 
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study was able to focus on the reduction of substantial omitted variable problems and to 

provide valid estimates of HMOs effects on length of stays and readmission rates.  

6.3 KEY FINDINGS 

This study provided important descriptive data about a large sample of commercially 

insured under age 65 patients.  Jencks et al (2009) indicated that nearly one out of five 

Medicare patients discharged from a hospital was readmitted within 30 days.  Our data 

indicated that nearly one out of twelve commercially insured under age 65 non-maternity 

patients discharged from a hospital was readmitted within 30-days.  By using descriptive 

analyses, this study examined the patterns of 30-day hospital readmission rates and the root 

variation of 30-day readmissions of this younger population.  It suggested that the average 30-

day readmission rates could be found in the following groups: 1) older patients; 2) the top most 

frequent diagnoses conditions; 3) patients discharged and admitted on the same day; 4) 

teaching hospitals and disproportionate share hospitals; 5) patients who stayed in hospital 

more than a week; 6) the most CMS HRRP penalty target conditions: acute myocardial 

infraction, heart failure and pneumonia. (These conditions were not the most frequent 

conditions among young population.)  

Based on a series of empirical tests and sensitivity analyses of the readmission rates 

resulted calculated through different risk adjustment methods used now, this study showed the 

evidence that adding patient’s primary diagnosis indicators as 30-day readmission risk predictor 

could improve predictive power and provide stronger risk adjustments than the models 

currently in use.  Existing methods did not control patients’ primary diagnoses; instead they 
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used other elements to present patient’s primary diagnosis such as DRG relative weight.  A 

simulation of penalty policy indicated that more refined adjustment methods did reduce 

penalties applied to teaching hospitals and other large hospitals, which apparently had sicker 

patients. 

With an economic framework, this study explained the effect of HMO insurance on 

patient length of stays and 30-day readmission rates.  Results from multivariate analyses on 

inpatient length of stays indicated that on average the non-maternity HMOs patients had 

shorter length of stays (2.49%) than the non-maternity PPOs patients, and that on average the 

maternity HMOs patients had 0.69% shorter length of stays than the maternity PPOs patients, 

after controlling patients’ and hospital and time fixed effects.  In similar circumstances on 

average the non-maternity HMOs’ patients had 4.5% higher in the odds of being discharged and 

admitted on the same day, while on average the maternity HMOs patients had 5.9% higher in 

the odds of being discharged and admitted on the same day.  Similarly, on 30-day readmission 

rates indicated that on average non-maternity HMOs patients’ 30-day readmission rates was 

4.63% higher than the PPOs, and on average maternity HMOs patients’ 30-day readmission 

rates was 14.5% higher than the PPOs. 

Regarding the HMO insurance effects within specific subgroups, it was found that the 

HMO insurance effects were heterogeneous among various groups of different disease 

conditions (surgery, maternity, medicine, cardiovascular, cardiorespiratory and neurology) and 

different hospital types (teaching vs. non-teaching, DSH vs. non-DSH, in a system vs. non-

system).  These effects were relatively greater in medicine and maternity condition groups, in 
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teaching hospitals, in non-DSH hospitals and in hospitals which consisted of more than 3 

hospitals. 

6.4 STUDY LIMITATIONS 

First, the study population only covered members from a single health plan.  While the 

Blue Shield of California is one of the largest commercial health plans in California. This 

limitation may decrease the generalizability of other plans, settings or states. 

Second, because of the lack of comprehensive member enrollment data, the analyses 

were limited to patients who were admitted to hospitals. It was not able to evaluate differences 

in a member being admitted to a hospital between HMOs and PPOs as well as the comparison 

between HMOs and PPOs, but only focused on readmission rates of inpatient admissions.  In 

addition, people might self-select HMO or PPO insurances plans.  This could result in selection 

bias for the estimated coefficients of the HMOs insurance variable.  This study indicated that 

more than 90% of patients purchased their insurance through employer groups.  In the case of 

group insurance, self-selection may be less of a concern; there are always some unobservable 

or unmeasured factors that might be correlated with a patient’s insurance choice between 

HMOs and PPOs. 

Third, data on patient socio-economic status were not available.  Although it is still 

debated in the literature whether it is appropriate to account for socio-economic status 

variables into readmission risk adjustments (CMS does agree to include such measures in its risk 

adjusted readmission rate calculation), it would be interesting to explore the variation in 
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readmission rates explained through such patient socio-economic status as race, ethnicity, 

education level, or income level within the commercially insured younger population. 

Fourth, another caveat with the models used in the HMOs insurance effect analysis is 

the omitted variable bias for the estimated coefficients of the HMO insurance variable.  There 

were no outpatient visit data or transition care information or post-discharge data available. 

Although the analyses were adjusted for case mix and used hospital fixed effects to eliminate 

omitted variable bias, there might be factors from outpatient visits, transition care or post-

discharge care, which could affect readmission outcomes and also be correlated with HMO/PPO 

insurance status.  Unfortunately, it was not able to evaluate these factors in this study. 

6.5 FUTURE STUDIES 

It is certain that this study does not exhaust all the findings, but only lay some basis for 

further studies on 30-day readmissions.  One of many concerns is to evaluate how patients’ 

social economic status could affect their readmission outcomes by adding the social economic 

status variables onto the study.  For example, it could be possible to evaluate disparities in 

readmission outcomes among commercially insured young patients by adding race indicator 

variables. 

While exploring variations of 30-day readmissions explained by adjusted risk factors, this 

study finds that some variations, such as insurance effects, were left out of control by hospitals. 

It might be interesting to have further exploration on other influential factors in the health care 
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system, such as physicians or physician groups if patients’ enrollment data and physicians’ data 

are available. 

Other issues also emerge from this research. For instance, in the HMOs insurance effect 

analyses, although HMOs had the incentive to reduce patients’ length of stays to save cost, 

there was no shortened length of stays on average in the HMOs patients in comparison with 

the PPOs patients.  Rather, what HMOs had was that surgery patients, on average, had longer 

length of stays and higher readmission rates. There might be some indirect effects, other than 

cost saving incentives. The difference in care capabilities between HMOs and PPOs has not 

been explored sufficiently within the literature. 

6.6 POLICY IMPLICATIONS 

This study points to several policy implications. 

1) Most of the current policy debate and research focus on Medicare.  CMS, as the

federal authority and payer to Medicare and Medicaid patients, initiated the hospital 

readmission reduction program and developed risk adjusted 30-day readmission measures by 

ways of using senior patients.  Substantial literature also provided ample findings in the aid 

policy intervention in reducing 30-day readmission rates among Medicare patients.  However, 

the Medicare patients do not hold the entire health care market.  A significant portion of the 

hospital admissions is commercially insured younger population.  The Medicare senior 

population and the commercially insured younger population have very different diagnoses and 

different patient characteristics, such as age, employment status and chronical disease 
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conditions. In this sense, this study sheds light on the 30-day readmissions patterns within the 

commercially insured younger population. 

2) This study suggested that policy makers should treat the commercially insured

younger population as a distinct population, and that readmission rates policies developed 

through Medicare patients be not directly applicable to them.  The cost containment policy 

could be quite different between the two target populations due to their different 

characteristics, conditions and major primary diagnoses.  Commercially insured young patients 

were mostly employed and less likely to be socio-economically vulnerable.  A large portion 

(about 30%) of commercially insured inpatient admissions was maternal.  Comparatively 

speaking, CMS penalty focused on excess readmissions from AMI, HF and Pneumonia. 

3) Risk adjusted readmission rate measures have not been developed as well in the

commercially insured young population as in Medicare patients.  It is not appropriate to apply 

the measures used in Medicare patients directly to the commercially insured young population. 

The risk adjustment methods require additional elements and further development. 

This study made some clarifications on the problem of using the DRG relative weight as 

the risk adjustor in calculating risk adjustment rates, which are currently used by commercial 

health plans in evaluating provider performance or influential health care organizations such as 

Integrated Health Association in their pay-for-performance practice.  DRG relative weight was 

developed through the use of the Medicare population by CMS. Although it predicts the cost 

burden of an admission, it does not predict readmission risks. 
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4) This study found that in order to reduce costs through shortened length of stays HMO

was at higher risks of readmissions among maternity and general medical patients.  Findings 

from this study could be used to guide the emerging ACO models as well as a reference to the 

Medical Home Models.  These models contained shared savings among physicians, hospitals 

and insurance plans.  Under such a payment system, providers could have incentives similar to 

HMOs to control costs by limiting patients’ health utilization, such as the reduction of the 

length of stays.  Findings in this research suggested that policy makers should be cautious in 

designing types of cost-saving care coordination models, and that potential risk of readmissions 

should be considered and prevented in advance. 
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APPENDICES 

Appendix 1 Population Characteristics and Primary Diagnosed Condition Group 

Classification 

Variable Description Mean Std Min Max 

Dependent Variable:  30-day readmission and length of stay 

Readmit 1= if the discharge has a readmission followed within 30-days 
0= if the discharge has no readmission followed within 30-days 

 0.0643  0.2452 0  1 

Length of Stay  Discharged date minus admission date  3.43  7.05  0 1465 

Independent Variables: Patients characteristics 

Age Patients' age at the time of discharge 42.60 12.79 18 64 

Gender Gender (female=1, male=0) 0.69 0.46 0 1 

Insurance Plan If the patient is covered under a HMO or PPO plan (HMO=1, PPO=0) 0.48 0.50 0 1 

Primary 
diagnosed 
disease condition 

Primary diagnosed disease condition group: 1 "medicine" 2 "surgery" 3 "cardiorespiratory" 4"cardiovascular" 5 
"neurology" 6 "maternity"; Mutually exclusive.  

Surgery Surgery admission indicator. A surgical admission is defined as an inpatient 
admission with the following MS-DRG

20
:

FY2004 - FY2001   1-13, 20-42, 113-117, 129-139, 163-168, 215-265, 326-358, 
405-425, 453-517, 573-585, 614-630, 652-675, 707-718, 734-750, 769, 770, 
799-804, 820-830, 853-858, 901-909, 927-929, 939-941, 955-959, 969, 970, 
981-989 
FY2008 –FY2012    001 - 008, 036 - 042, 049 - 063, 075 - 077, 103 - 120, 146 - 
171, 191 - 201, 209 - 234, 257 - 270, 285 - 293, 302 - 315, 334 - 345, 353 - 365, 
392 - 394, 400 - 402, 406 - 408,   439 - 443, 476 - 486, 493 - 504, 512 - 520, 415, 
461, 468, 471, 488, 491, 506, 507.    

0.35 0.48 0 1 

Maternity Maternity admission indicator. A maternity admission is defined as an inpatient 
admission that is not assigned to "Surgery" cohort and with a CMS DRG code 
between 370 and 384.  

0.31 0.46 0 1 

Cardiorespiratory Cardiorespiratory admission indicator. A Cardiorespiratory admission is defiend 
as an inpatient admission that is not assigned to "Surgery" or "Maternity" 
cohort and with the following AHRQ Diagnosis Clinical Classification Codes 
(CCS): 108, 122, 127, 131, 128, 103, 125 

0.03 0.17 0 1 

Cardiovascular Cardiovascular admission indicator. A Cardiovascular admission is defined as an 
inpatient admission that is not assigned to "Surgery" or "Maternity" cohort and 
with the following AHRQ Diagnosis Clinical Classification Codes: 106, 102, 100, 
101, 117, 105, 114, 97, 96, 115, 116, 107, 104, 213 

0.05 0.22 0 1 

Neurology Neurology admission indicator. A Neurology admission is defined as an 
inpatient admission that is not assigned to "Surgery" or "Maternity" cohort and 
with the following AHRQ Diagnosis Clinical Classification Codes: 
109,112,95,83,233,81,110,79,113,85,111,80,82,227,78,216 

0.02 0.15 0 1 

Medicine  Medicine admission indicator. Any inpatient admission that has not been 
assigned into "Surgery", "Cardiovascular", "Maternity", "Cardiorespiratory" or 
"Neurology" cohort,  is assigned to "Medicine" cohort.  

0.23 0.42 0 1 

20
 There was a reform in MS-DRG codes in FY2008.  Therefore, the classification MS-DRG codes for surgery group 

were different before and after FY2008. 
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Appendix 2 List and Frequency of Primary Diagnoses by AHRQ Single Level Diagnosis 

CCS Code 

Primary Diagnosis Coded By Single Level Diagnosis CCS Frequency Proportion 

193. OB-related trauma to perineum and vulva 43457 5.94% 

195. Other complications of birth; puerperium affecting management of mother 41185 5.63% 

189. Previous C-section 26988 3.69% 

205. Spondylosis; intervertebral disc disorders; other back problems 22201 3.03% 

203. Osteoarthritis 19025 2.60% 

102. Nonspecific chest pain 18314 2.50% 

181. Other complications of pregnancy 18170 2.48% 

46. Benign neoplasm of uterus 18000 2.46% 

149. Biliary tract disease 15708 2.15% 

101. Coronary atherosclerosis and other heart disease 15513 2.12% 

142. Appendicitis and other appendiceal conditions 14867 2.03% 

185. Prolonged pregnancy 14150 1.93% 

196. Normal pregnancy and/or delivery 13871 1.90% 

58. Other nutritional; endocrine; and metabolic disorders 13211 1.81% 

190. Fetal distress and abnormal forces of labor 12406 1.70% 

238. Complications of surgical procedures or medical care 12337 1.69% 

237. Complication of device; implant or graft 11538 1.58% 

106. Cardiac dysrhythmias 10131 1.38% 

187. Malposition; malpresentation 10059 1.38% 

192. Umbilical cord complication 9813 1.34% 

197. Skin and subcutaneous tissue infections 8636 1.18% 

122. Pneumonia (except that caused by tuberculosis or sexually transmitted disease) 8412 1.15% 

100. Acute myocardial infarction 8278 1.13% 

184. Early or threatened labor 8199 1.12% 

47. Other and unspecified benign neoplasm 7948 1.09% 

183. Hypertension complicating pregnancy; childbirth and the puerperium 7909 1.08% 

191. Polyhydramnios and other problems of amniotic cavity 7757 1.06% 

152. Pancreatic disorders (not diabetes) 7464 1.02% 

146. Diverticulosis and diverticulitis 7249 0.99% 

2. Septicemia (except in labor) 7107 0.97% 

145. Intestinal obstruction without hernia 6787 0.93% 

42. Secondary malignancies 6438 0.88% 

660. Alcohol-related disorders 6349 0.87% 

170. Prolapse of female genital organs 6254 0.85% 

230. Fracture of lower limb 6135 0.84% 

188. Fetopelvic disproportion; obstruction 6043 0.83% 

109. Acute cerebrovascular disease 5813 0.79% 

50. Diabetes mellitus with complications 5759 0.79% 

171. Menstrual disorders 5598 0.77% 

24. Cancer of breast 5155 0.70% 

160. Calculus of urinary tract 4890 0.67% 

186. Diabetes or abnormal glucose tolerance complicating pregnancy; childbirth; or the 
puerperium 4806 0.66% 

143. Abdominal hernia 4742 0.65% 



135

251. Abdominal pain 4737 0.65% 

153. Gastrointestinal hemorrhage 4727 0.65% 

55. Fluid and electrolyte disorders 4663 0.64% 

169. Endometriosis 4400 0.60% 

159. Urinary tract infections 4390 0.60% 

108. Congestive heart failure; nonhypertensive 4288 0.59% 

175. Other female genital disorders 4245 0.58% 

95. Other nervous system disorders 4237 0.58% 

155. Other gastrointestinal disorders 4090 0.56% 

29. Cancer of prostate 3806 0.52% 

128. Asthma 3395 0.46% 

233. Intracranial injury 3313 0.45% 

229. Fracture of upper limb 3312 0.45% 

138. Esophageal disorders 3160 0.43% 

83. Epilepsy; convulsions 3127 0.43% 

103. Pulmonary heart disease 3012 0.41% 

231. Other fractures 2977 0.41% 

661. Substance-related disorders 2974 0.41% 

182. Hemorrhage during pregnancy; abruptio placenta; placenta previa 2945 0.40% 

144. Regional enteritis and ulcerative colitis 2914 0.40% 

211. Other connective tissue disease 2894 0.40% 

245. Syncope 2863 0.39% 

59. Deficiency and other anemia 2737 0.37% 

157. Acute and unspecified renal failure 2705 0.37% 

135. Intestinal infection 2670 0.36% 

259. Residual codes; unclassified 2647 0.36% 

172. Ovarian cyst 2577 0.35% 

212. Other bone disease and musculoskeletal deformities 2560 0.35% 

234. Crushing injury or internal injury 2447 0.33% 

151. Other liver diseases 2444 0.33% 

118. Phlebitis; thrombophlebitis and thromboembolism 2387 0.33% 

48. Thyroid disorders 2373 0.32% 

154. Noninfectious gastroenteritis 2369 0.32% 

127. Chronic obstructive pulmonary disease and bronchiectasis 2320 0.32% 

36. Cancer of thyroid 2255 0.31% 

112. Transient cerebral ischemia 2171 0.30% 

84. Headache; including migraine 2154 0.29% 

131. Respiratory failure; insufficiency; arrest (adult) 2136 0.29% 

242. Poisoning by other medications and drugs 2132 0.29% 

133. Other lower respiratory disease 2003 0.27% 

99. Hypertension with complications and secondary hypertension 1993 0.27% 

14. Cancer of colon 1966 0.27% 

130. Pleurisy; pneumothorax; pulmonary collapse 1923 0.26% 

114. Peripheral and visceral atherosclerosis 1910 0.26% 

97. Peri-; endo-; and myocarditis; cardiomyopathy (except that caused by tuberculosis or
sexually transmitted disease) 1845 0.25% 

140. Gastritis and duodenitis 1718 0.23% 

19. Cancer of bronchus; lung 1717 0.23% 

168. Inflammatory diseases of female pelvic organs 1649 0.23% 

96. Heart valve disorders 1646 0.23% 
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209. Other acquired deformities 1630 0.22% 

25. Cancer of uterus 1582 0.22% 

35. Cancer of brain and nervous system 1562 0.21% 

76. Meningitis (except that caused by tuberculosis or sexually transmitted disease) 1544 0.21% 

167. Nonmalignant breast conditions 1516 0.21% 

241. Poisoning by psychotropic agents 1483 0.20% 

180. Ectopic pregnancy 1451 0.20% 

147. Anal and rectal conditions 1405 0.19% 

44. Neoplasms of unspecified nature or uncertain behavior 1390 0.19% 

225. Joint disorders and dislocations; trauma-related 1342 0.18% 

194. Forceps delivery 1327 0.18% 

63. Diseases of white blood cells 1311 0.18% 

33. Cancer of kidney and renal pelvis 1292 0.18% 

218. Liveborn 1278 0.17% 

226. Fracture of neck of femur (hip) 1277 0.17% 

136. Disorders of teeth and jaw 1261 0.17% 

141. Other disorders of stomach and duodenum 1238 0.17% 

201. Infective arthritis and osteomyelitis (except that caused by tuberculosis or sexually 
transmitted disease) 1212 0.17% 

244. Other injuries and conditions due to external causes 1197 0.16% 

38. Non-Hodgkins lymphoma 1182 0.16% 

117. Other circulatory disease 1158 0.16% 

15. Cancer of rectum and anus 1151 0.16% 

164. Hyperplasia of prostate 1149 0.16% 

93. Conditions associated with dizziness or vertigo 1122 0.15% 

110. Occlusion or stenosis of precerebral arteries 1106 0.15% 

204. Other non-traumatic joint disorders 1064 0.15% 

51. Other endocrine disorders 1059 0.14% 

228. Skull and face fractures 1053 0.14% 

232. Sprains and strains 1048 0.14% 

7. Viral infection 1035 0.14% 

134. Other upper respiratory disease 1012 0.14% 

161. Other diseases of kidney and ureters 1008 0.14% 

27. Cancer of ovary 976 0.13% 

39. Leukemias 972 0.13% 

115. Aortic; peripheral; and visceral artery aneurysms 969 0.13% 

26. Cancer of cervix 957 0.13% 

213. Cardiac and circulatory congenital anomalies 952 0.13% 

236. Open wounds of extremities 925 0.13% 

126. Other upper respiratory infections 901 0.12% 

246. Fever of unknown origin 898 0.12% 

139. Gastroduodenal ulcer (except hemorrhage) 868 0.12% 

250. Nausea and vomiting 856 0.12% 

62. Coagulation and hemorrhagic disorders 827 0.11% 

111. Other and ill-defined cerebrovascular disease 778 0.11% 

6. Hepatitis 759 0.10% 

11. Cancer of head and neck 756 0.10% 

98. Essential hypertension 744 0.10% 

177. Spontaneous abortion 744 0.10% 

217. Other congenital anomalies 739 0.10% 



137

148. Peritonitis and intestinal abscess 725 0.10% 

5. HIV infection 718 0.10% 

17. Cancer of pancreas 707 0.10% 

120. Hemorrhoids 672 0.09% 

129. Aspiration pneumonitis; food/vomitus 659 0.09% 

105. Conduction disorders 646 0.09% 

239. Superficial injury; contusion 636 0.09% 

235. Open wounds of head; neck; and trunk 633 0.09% 

81. Other hereditary and degenerative nervous system conditions 617 0.08% 

162. Other diseases of bladder and urethra 617 0.08% 

124. Acute and chronic tonsillitis 603 0.08% 

210. Systemic lupus erythematosus and connective tissue disorders 577 0.08% 

253. Allergic reactions 571 0.08% 

80. Multiple sclerosis 567 0.08% 

125. Acute bronchitis 554 0.08% 

13. Cancer of stomach 532 0.07% 

207. Pathological fracture 532 0.07% 

21. Cancer of bone and connective tissue 530 0.07% 

173. Menopausal disorders 522 0.07% 

18. Cancer of other GI organs; peritoneum 502 0.07% 

257. Other aftercare 488 0.07% 

165. Inflammatory conditions of male genital organs 483 0.07% 

16. Cancer of liver and intrahepatic bile duct 455 0.06% 

40. Multiple myeloma 455 0.06% 

199. Chronic ulcer of skin 450 0.06% 

137. Diseases of mouth; excluding dental 444 0.06% 

240. Burns 441 0.06% 

163. Genitourinary symptoms and ill-defined conditions 416 0.06% 

202. Rheumatoid arthritis and related disease 408 0.06% 

116. Aortic and peripheral arterial embolism or thrombosis 400 0.05% 

4. Mycoses 387 0.05% 

85. Coma; stupor; and brain damage 374 0.05% 

32. Cancer of bladder 370 0.05% 

200. Other skin disorders 361 0.05% 

123. Influenza 348 0.05% 

227. Spinal cord injury 343 0.05% 

243. Poisoning by nonmedicinal substances 316 0.04% 

8. Other infections; including parasitic 309 0.04% 

61. Sickle cell anemia 309 0.04% 

90. Inflammation; infection of eye (except that caused by tuberculosis or sexually
transmitteddisease) 307 0.04% 

166. Other male genital disorders 300 0.04% 

247. Lymphadenitis 295 0.04% 

77. Encephalitis (except that caused by tuberculosis or sexually transmitted disease) 291 0.04% 

37. Hodgkins disease 256 0.03% 

215. Genitourinary congenital anomalies 253 0.03% 

107. Cardiac arrest and ventricular fibrillation 251 0.03% 

158. Chronic renal failure 251 0.03% 
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Appendix 3 30-Day Risk Adjustment Model Formulae 

(1) Risk adjustment models for all conditions: 

 Ln (
𝑝𝑖

1 − 𝑝𝑖
)

= 𝛼 + _𝐵1[𝐷𝑒𝑚𝑜𝑔𝑟𝑎𝑝ℎ𝑖𝑐 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠] + _𝐵2[𝑃𝑟𝑖𝑚𝑎𝑟𝑦 𝑑𝑖𝑎𝑔𝑛𝑜𝑠𝑒𝑠 𝐶𝐶𝑆 𝑐𝑜𝑑𝑒]

+ _𝐵3[𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦 𝐷𝑖𝑎𝑔𝑛𝑜𝑠𝑒𝑠,  𝑐𝑜𝑚𝑜𝑟𝑏𝑖𝑑𝑖𝑡𝑖𝑒𝑠] +  _𝐵4[𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 𝑔𝑟𝑜𝑢𝑝 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟𝑠]

+ 𝜀𝑖 

𝑖 = 1,2 … 𝑛 

𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 𝑔𝑟𝑜𝑢𝑝 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟𝑠: 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡𝑖𝑛𝑔 ℎ𝑒𝑎𝑙𝑡ℎ 𝑠𝑒𝑟𝑣𝑖𝑐𝑒 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑠 𝑖𝑛𝑐𝑙𝑢𝑑𝑖𝑛𝑔 

𝑠𝑢𝑟𝑔𝑒𝑟𝑦, 𝑚𝑎𝑡𝑒𝑟𝑛𝑖𝑡𝑦, 𝑚𝑒𝑑𝑖𝑐𝑖𝑛𝑒, 𝑐𝑎𝑟𝑑𝑖𝑜𝑟𝑒𝑠𝑝𝑖𝑟𝑎𝑡𝑜𝑟𝑦, 𝑐𝑎𝑟𝑑𝑖𝑜𝑣𝑎𝑠𝑐𝑢𝑙𝑎𝑟 𝑎𝑛𝑑 𝑛𝑒𝑢𝑟𝑜𝑙𝑜𝑔𝑦 

(2) Risk adjustment models for all non-maternity conditions: 

Ln (
𝑝𝑖

1−𝑝𝑖
) = 𝛼 + _𝐵1[𝐷𝑒𝑚𝑜𝑔𝑟𝑎𝑝ℎ𝑖𝑐 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠] + _𝐵2[𝑃𝑟𝑖𝑚𝑎𝑟𝑦 𝑑𝑖𝑎𝑔𝑛𝑜𝑠𝑒𝑠 𝐶𝐶𝑆 𝑐𝑜𝑑𝑒] +

_𝐵3[𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦 𝐷𝑖𝑎𝑔𝑛𝑜𝑠𝑒𝑠,  𝑐𝑜𝑚𝑜𝑟𝑏𝑖𝑑𝑖𝑡𝑖𝑒𝑠] +  _𝐵4[𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 𝑔𝑟𝑜𝑢𝑝 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟𝑠] + 𝜀𝑖 

𝑖 = 1,2 … 𝑛 

𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 𝑔𝑟𝑜𝑢𝑝 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟𝑠: 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡𝑖𝑛𝑔 𝑛𝑜𝑛

− 𝑚𝑎𝑡𝑒𝑟𝑛𝑖𝑡𝑦 ℎ𝑒𝑎𝑙𝑡ℎ 𝑠𝑒𝑟𝑣𝑖𝑐𝑒 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑠 𝑖𝑛𝑐𝑙𝑢𝑑𝑖𝑛𝑔 

𝑠𝑢𝑟𝑔𝑒𝑟𝑦, 𝑚𝑒𝑑𝑖𝑐𝑖𝑛𝑒, 𝑐𝑎𝑟𝑑𝑖𝑜𝑟𝑒𝑠𝑝𝑖𝑟𝑎𝑡𝑜𝑟𝑦, 𝑐𝑎𝑟𝑑𝑖𝑜𝑣𝑎𝑠𝑐𝑢𝑙𝑎𝑟 𝑎𝑛𝑑 𝑛𝑒𝑢𝑟𝑜𝑙𝑜𝑔𝑦 

(3) Risk Adjustment models for each condition group of maternity, surgery, medicine, 

cardiorespiratory, cardiovascular and neurology: 

Ln (
𝑝𝑖

1 − 𝑝𝑖
) = 𝛼 + _𝐵1[𝐷𝑒𝑚𝑜𝑔𝑟𝑎𝑝ℎ𝑖𝑐 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠] + _𝐵2[𝑃𝑟𝑖𝑚𝑎𝑟𝑦 𝑑𝑖𝑎𝑔𝑛𝑜𝑠𝑒𝑠 𝐶𝐶𝑆 𝑐𝑜𝑑𝑒]

+ _𝐵3[𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦 𝐷𝑖𝑎𝑔𝑛𝑜𝑠𝑒𝑠,  𝑐𝑜𝑚𝑜𝑟𝑏𝑖𝑑𝑖𝑡𝑖𝑒𝑠] + 𝜀𝑖 

𝑖 = 1,2 … 𝑛 

where 𝑖 represents individual inpatient admission,  𝑝 denotes the probability of a 30-day 

readmission; 𝛼  denotes the model constant and 𝐵 denote the coefficients for adjusted risk 

variables. 
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Appendix 4 Logistic Model Results from the Preferred Model 

Non-maternity Maternity Surgery Medicine Cardiorespiratory Cardiovascular Neurology 

b/se b/se b/se b/se b/se b/se b/se   

Dependent Variable y=1 with a 30-day readmission;y=0 no 30-day readmission 

Demographic Characteristics 

age 0.002** 0.018*** -0.001 0.002* 0.004 0.020*** 0.012** 

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)   

female 0.196*** . 0.069 0.216*** 0.185 0.680* 0.469   

(0.05) . (0.08) (0.06) (0.23) (0.27) (0.24)   

agefemale -0.004*** . -0.002 -0.004** -0.005 -0.016** -0.007   

(0.00) . (0.00) (0.00) (0.00) (0.01) (0.00)   

Comorbidities 

ndx 0.070*** -0.262*** 0.088*** 0.045*** 0.067*** 0.086*** 0.020   

(0.00) (0.01) (0.00) (0.00) (0.01) (0.01) (0.01)   

chf 0.290*** 0.344 0.266*** 0.259*** 0.403*** 0.529* 0.329   

(0.03) (0.40) (0.07) (0.05) (0.08) (0.21) (0.17)   

valve -0.107* 0.498** -0.177* -0.085 -0.060 -0.299 0.263   

(0.04) (0.17) (0.08) (0.06) (0.16) (0.29) (0.16)   

pulmcirc 0.181** 1.467** 0.283** 0.104 0.140 -1.356 0.309   

(0.06) (0.47) (0.10) (0.08) (0.15) (0.74) (0.33)   

perivasc 0.211*** 1.157 0.166** 0.099 0.503*** 0.569*** 0.346   

(0.04) (0.66) (0.06) (0.08) (0.14) (0.12) (0.18)   

para 0.119* . 0.114 0.119 0.032 -0.334 0.210   

(0.05) . (0.08) (0.07) (0.21) (0.31) (0.16)   

neuro 0.096** 0.385 0.154* 0.030 0.232* 0.232 -0.802   

(0.03) (0.20) (0.06) (0.04) (0.11) (0.14) (0.60)   

chrnlung 0.008 0.483*** 0.060* -0.019 0.082 -0.026 0.044   

(0.02) (0.09) (0.03) (0.03) (0.06) (0.07) (0.11)   

dm 0.107*** 1.176*** 0.095** 0.081** 0.109 0.226*** 0.166   

(0.02) (0.10) (0.03) (0.03) (0.06) (0.06) (0.09)   

dmcx 0.271*** 1.641*** 0.130* 0.338*** 0.156 0.544*** 0.238   

(0.03) (0.26) (0.06) (0.05) (0.11) (0.12) (0.17)   

hypothy -0.051* 0.231* -0.037 -0.031 -0.056 -0.142 0.009   

(0.02) (0.10) (0.04) (0.03) (0.09) (0.09) (0.11)   

renlfail 0.354*** 0.750 0.395*** 0.346*** 0.195* 0.217* 0.598*** 

(0.03) (0.42) (0.05) (0.04) (0.08) (0.10) (0.13)   

liver 0.196*** 0.600 0.083 0.272*** 0.206 0.322* 0.533** 

(0.03) (0.38) (0.06) (0.03) (0.12) (0.14) (0.17)   

ulcer -0.023 . -0.417 0.049 . 0.060 .   

(0.25) . (0.48) (0.34) . (1.08) .   

aids 0.225* . 0.162 0.175 0.372 0.376 0.553   

(0.10) . (0.22) (0.13) (0.42) (0.55) (0.56)   

lymph 0.676*** 1.603** 0.407*** 0.782*** 0.462** 0.494* 0.614*  

(0.05) (0.58) (0.11) (0.06) (0.15) (0.24) (0.28)   

mets 0.553*** 1.598* 0.492*** 0.750*** 0.790*** 0.852*** 0.636*** 

(0.03) (0.78) (0.05) (0.04) (0.10) (0.18) (0.13)   

tumor 0.613*** 1.475** 0.557*** 0.649*** 0.901*** 0.862*** 0.785*** 

(0.03) (0.46) (0.06) (0.04) (0.12) (0.18) (0.17)   

arth 0.167*** 0.837*** 0.112 0.209*** 0.259* 0.046 0.134   

(0.04) (0.19) (0.07) (0.05) (0.12) (0.16) (0.19)   

coag 0.149*** 0.493*** 0.237*** 0.080* 0.015 0.233 0.306   

(0.03) (0.12) (0.06) (0.03) (0.12) (0.15) (0.16)   
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obese -0.168*** 0.392*** -0.070* -0.164*** -0.339*** -0.250*** -0.167   

(0.02) (0.10) (0.03) (0.03) (0.07) (0.07) (0.13)   

wghtloss 0.334*** -0.067 0.233*** 0.297*** 0.413*** 0.562** 0.483*  

(0.03) (0.44) (0.06) (0.04) (0.12) (0.21) (0.19)   

lytes 0.047** 1.392*** 0.103** -0.004 -0.027 -0.027 0.001   

(0.02) (0.08) (0.03) (0.02) (0.06) (0.07) (0.08)   

bldloss 0.167*** 0.635*** 0.141 0.097 0.228 0.129 1.195** 

(0.05) (0.09) (0.08) (0.06) (0.29) (0.30) (0.37)   

anemdef 0.215*** -0.128 0.187*** 0.187*** 0.242*** 0.253** 0.187   

(0.02) (0.10) (0.03) (0.02) (0.07) (0.09) (0.11)   

alcohol 0.018 0.715 -0.003 0.009 0.009 0.009 0.083   

(0.03) (0.62) (0.07) (0.04) (0.11) (0.12) (0.12)   

drug 0.253*** 1.093*** 0.260** 0.268*** 0.180 0.161 0.209   

(0.04) (0.24) (0.08) (0.05) (0.13) (0.16) (0.14)   

psych 0.077* 0.474 0.131 0.034 0.244 0.290 -0.049   

(0.04) (0.31) (0.08) (0.05) (0.13) (0.16) (0.15)   

depress 0.088*** 0.810*** 0.023 0.128*** 0.241** -0.015 -0.029   

(0.02) (0.12) (0.04) (0.03) (0.08) (0.09) (0.10)   

htn_c -0.103*** 0.686*** -0.061** -0.094*** -0.110* -0.091 -0.198** 

(0.01) (0.08) (0.02) (0.02) (0.05) (0.05) (0.07)   

Primary diagnoses 

1bn.dxccs1 . . 

. . 

2.dxccs1 0.288 . 0.206 

(0.35) . (0.40) 

3.dxccs1 0.241 0.054 

(0.48) (0.56) 

4.dxccs1 0.790* 0.158 0.771 

(0.37) (0.30) (0.42) 

5.dxccs1 0.891* 0.205 0.887* 

(0.36) (0.36) (0.41) 

6.dxccs1 1.218*** 0.405 1.235** 

(0.36) (0.30) (0.41) 

7.dxccs1 0.119 -0.575 0.039 

(0.37) (0.74) (0.41) 

8.dxccs1 0.499 -1.604* 0.725 

(0.39) (0.72) (0.44) 

9.dxccs1 -0.551 -0.272 

(0.68) (0.71) 

11.dxccs1 0.492 -0.403* 1.343** 

(0.37) (0.18) (0.44) 

12.dxccs1 1.454*** 0.484 1.785*** 

(0.38) (0.25) (0.44) 

13.dxccs1 1.211*** 0.211 1.793*** 

(0.36) (0.17) (0.42) 

14.dxccs1 0.282 -0.523*** 1.542*** 

(0.35) (0.12) (0.42) 

15.dxccs1 0.879* 0.186 1.648*** 

(0.36) (0.13) (0.43) 

16.dxccs1 1.113** 0.026 1.342** 

(0.37) (0.24) (0.42) 

17.dxccs1 1.180** 0.210 1.470*** 

(0.36) (0.18) (0.41) 
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18.dxccs1 0.767* -0.089 1.587*** 

(0.37) (0.18) (0.45) 

19.dxccs1 0.832* -0.010 1.079** 

(0.35) (0.13) (0.40) 

21.dxccs1 0.885* 0.182 1.551*** 

(0.37) (0.17) (0.47) 

22.dxccs1 0.519 0.878 

(0.43) (0.65) 

23.dxccs1 0.345 0.440 

(0.48) (0.63) 

24.dxccs1 0.022 -0.551*** 1.028* 

(0.35) (0.11) (0.44) 

25.dxccs1 0.130 -0.544*** 1.400** 

(0.36) (0.14) (0.47) 

26.dxccs1 0.587 -0.106 1.636*** 

(0.36) (0.15) (0.46) 

27.dxccs1 0.805* -0.004 1.806*** 

(0.36) (0.14) (0.43) 

28.dxccs1 0.435 0.960 

(0.44) (0.67) 

29.dxccs1 -0.413 -0.996*** 0.741 

(0.36) (0.12) (0.49) 

30.dxccs1 0.842 1.160 

(0.47) (0.69) 

32.dxccs1 0.997** 0.518** 0.471 

(0.37) (0.17) (0.66) 

33.dxccs1 0.362 -0.447** 1.672*** 

(0.36) (0.15) (0.45) 

35.dxccs1 0.920** 0.060 1.295** 

(0.35) (0.13) (0.41) 

36.dxccs1 0.032 -0.188 -1.811*** 

(0.36) (0.13) (0.55) 

37.dxccs1 1.074** -0.073 1.552*** 

(0.39) (0.29) (0.45) 

38.dxccs1 1.493*** 0.670*** 1.612*** 

(0.35) (0.14) (0.40) 

39.dxccs1 1.361*** -0.343 1.474*** 

(0.36) (0.29) (0.40) 

40.dxccs1 1.175** -0.161 1.433*** 

(0.37) (0.27) (0.42) 

41.dxccs1 1.120** 0.967 

(0.39) (0.50) 

42.dxccs1 0.975** -0.004 1.326*** 

(0.35) (0.10) (0.40) 

43.dxccs1 1.499*** 1.443** 

(0.40) (0.47) 

44.dxccs1 0.986** -0.222 1.903*** 

(0.36) (0.15) (0.41) 

46.dxccs1 -0.950** -1.558*** 0.047 

(0.35) (0.10) (0.42) 

47.dxccs1 0.015 -0.737*** 1.315** 

(0.35) (0.10) (0.41) 

48.dxccs1 -0.454 -1.136*** 0.181 
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(0.37) (0.16) (0.45) 

49.dxccs1 0.154 0.069 

(0.44) (0.48) 

50.dxccs1 0.567 -0.076 0.561 

(0.35) (0.12) (0.40) 

51.dxccs1 0.452 -0.852*** 0.724 

(0.36) (0.24) (0.41) 

52.dxccs1 0.813* 0.661 

(0.41) (0.47) 

54.dxccs1 0.042 -0.099 

(0.46) (0.51) 

55.dxccs1 0.694* 0.105 0.601 

(0.35) (0.31) (0.40) 

56.dxccs1 0.591 0.587 

(0.40) (0.45) 

58.dxccs1 -0.093 -0.816*** 1.055** 

(0.35) (0.09) (0.40) 

59.dxccs1 0.928** 0.482 0.811* 

(0.35) (0.30) (0.40) 

60.dxccs1 1.133** -0.755 1.101* 

(0.39) (1.05) (0.43) 

61.dxccs1 1.478*** . 1.371** 

(0.37) . (0.42) 

62.dxccs1 1.225*** -0.085 1.210** 

(0.36) (0.32) (0.41) 

63.dxccs1 0.863* 0.988 0.743 

(0.35) (0.51) (0.40) 

64.dxccs1 1.377*** 1.586*** 

(0.40) (0.46) 

76.dxccs1 0.194 0.384 0.031 

(0.36) (0.38) (0.41) 

77.dxccs1 0.932* -0.813 0.899* 

(0.38) (1.04) (0.43) 

78.dxccs1 0.579 . 

(0.40) . 

79.dxccs1 1.143** 0.147 

(0.43) (0.68) 

80.dxccs1 0.190 -0.586 -0.369 

(0.38) (1.04) (0.34) 

81.dxccs1 0.798* 0.359 0.192 

(0.37) (0.19) (0.34) 

82.dxccs1 0.301 -0.049 

(0.45) (0.42) 

83.dxccs1 0.204 -0.374 -0.335 

(0.35) (0.32) (0.31) 

84.dxccs1 0.375 -0.809 0.261 

(0.36) (0.73) (0.40) 

85.dxccs1 0.161 -0.130 -0.353 

(0.39) (0.78) (0.36) 

87.dxccs1 . . 

. . 

89.dxccs1 -0.054 -0.150 

(0.52) (0.55) 
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90.dxccs1 0.237 . 0.195 

(0.41) . (0.45) 

91.dxccs1 0.512 0.508 

(0.45) (0.51) 

92.dxccs1 0.534 0.444 

(0.45) (0.55) 

93.dxccs1 -0.416 -0.458 -0.538 

(0.38) (0.60) (0.43) 

94.dxccs1 -0.927 -0.983 

(0.61) (0.71) 

95.dxccs1 0.617 -0.033 0.120 

(0.35) (0.13) (0.31) 

96.dxccs1 0.724* -0.085 . 

(0.35) (0.12) . 

97.dxccs1 0.571 -0.246 -0.885*** 

(0.35) (0.16) (0.18) 

98.dxccs1 -0.069 . -0.114 

(0.38) . (0.43) 

99.dxccs1 0.403 -0.357* 0.447 

(0.35) (0.16) (0.40) 

100.dxccs1 0.419 -0.251** -1.030*** 

(0.35) (0.09) (0.17) 

101.dxccs1 0.321 -0.391*** -1.084*** 

(0.35) (0.09) (0.16) 

102.dxccs1 -0.455 -0.445 -2.028*** 

(0.35) (0.44) (0.16) 

103.dxccs1 0.289 . 0.009 . 

(0.35) . (0.17) . 

104.dxccs1 0.512 -0.989* 

(0.45) (0.39) 

105.dxccs1 -0.237 -0.880*** -1.682*** 

(0.39) (0.25) (0.34) 

106.dxccs1 0.156 -0.500*** -1.406*** 

(0.35) (0.11) (0.16) 

107.dxccs1 -0.197 -1.000* -1.698*** 

(0.43) (0.40) (0.38) 

108.dxccs1 0.744* -0.084 0.645*** 

(0.35) (0.14) (0.09) 

109.dxccs1 0.195 -0.222 -0.378 

(0.35) (0.13) (0.31) 

110.dxccs1 0.350 -0.454** 0.731* 

(0.36) (0.16) (0.36) 

111.dxccs1 0.464 0.214 -0.794* 

(0.37) (0.17) (0.40) 

112.dxccs1 -0.152 -0.442 -0.725* 

(0.36) (0.74) (0.32) 

113.dxccs1 0.186 -0.495 

(0.48) (0.48) 

114.dxccs1 0.246 -0.212 -1.512*** 

(0.36) (0.13) (0.21) 

115.dxccs1 0.458 -0.312* -0.645** 

(0.36) (0.16) (0.24) 

116.dxccs1 0.605 0.062 -1.049** 
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(0.38) (0.20) (0.33) 

(0.38) (0.20) (0.33) 

117.dxccs1 0.551 0.149 -1.114*** 

(0.36) (0.23) (0.18) 

118.dxccs1 0.488 0.346* 0.267 

(0.35) (0.15) (0.40) 

120.dxccs1 0.354 -0.215 0.314 

(0.37) (0.23) (0.43) 

121.dxccs1 1.009** 0.262 1.071* 

(0.38) (0.30) (0.44) 

122.dxccs1 0.185 -0.187 -0.052 

(0.35) (0.16) (0.08) 

123.dxccs1 -0.130 0.017 -0.211 

(0.41) (1.10) (0.46) 

124.dxccs1 -0.958* -2.323*** -0.550 

(0.45) (0.59) (0.52) 

125.dxccs1 -0.194 . -0.356 

(0.39) . (0.20) 

126.dxccs1 0.196 -0.221 0.054 

(0.37) (0.28) (0.42) 

127.dxccs1 0.519 0.160 0.291** 

(0.35) (0.31) (0.10) 

128.dxccs1 0.260 0.101 0.086 

(0.35) (0.55) (0.10) 

129.dxccs1 0.125 -0.308 0.113 

(0.37) (0.45) (0.42) 

130.dxccs1 0.857* -0.453* 0.962* 

(0.35) (0.18) (0.40) 

131.dxccs1 0.287 -0.375 0.044 

(0.35) (0.22) (0.11) 

132.dxccs1 0.120 -0.027 

(0.46) (0.55) 

133.dxccs1 0.443 -0.297 0.454 

(0.35) (0.17) (0.40) 

134.dxccs1 0.266 -0.901*** 0.556 

(0.37) (0.24) (0.42) 

135.dxccs1 0.290 0.146 0.219 

(0.35) (0.46) (0.40) 

136.dxccs1 -0.704 -1.303*** -0.538 

(0.39) (0.22) (0.54) 

137.dxccs1 -0.027 -1.175* 0.079 

(0.40) (0.46) (0.45) 

138.dxccs1 -0.107 -0.777*** -0.128 

(0.36) (0.18) (0.40) 

139.dxccs1 0.505 0.246 0.272 

(0.36) (0.19) (0.42) 

140.dxccs1 0.406 . 0.366 

(0.36) . (0.40) 

141.dxccs1 1.254*** 0.622** 1.207** 

(0.35) (0.23) (0.40) 

142.dxccs1 -0.472 -1.032*** 0.330 

(0.35) (0.10) (0.44) 

143.dxccs1 0.137 -0.501*** 0.818 
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(0.35) (0.10) (0.42) 

144.dxccs1 0.907** 0.424** 0.812* 

(0.35) (0.14) (0.40) 

145.dxccs1 0.717* 0.039 0.653 

(0.35) (0.11) (0.40) 

146.dxccs1 0.292 -0.402*** 0.259 

(0.35) (0.12) (0.40) 

147.dxccs1 0.264 -0.318* 0.311 

(0.36) (0.15) (0.44) 

148.dxccs1 1.067** 0.138 1.082** 

(0.36) (0.24) (0.41) 

149.dxccs1 0.202 -0.674*** 0.966* 

(0.35) (0.09) (0.40) 

151.dxccs1 1.245*** 0.022 1.305** 

(0.35) (0.20) (0.40) 

152.dxccs1 0.723* -0.285* 0.726 

(0.35) (0.13) (0.40) 

153.dxccs1 0.194 0.130 0.129 

(0.35) (0.22) (0.40) 

154.dxccs1 0.110 0.350 -0.011 

(0.36) (0.37) (0.40) 

155.dxccs1 0.641 -0.056 0.705 

(0.35) (0.11) (0.40) 

156.dxccs1 0.660 0.642 

(0.41) (0.46) 

157.dxccs1 0.525 -0.181 0.541 

(0.35) (0.19) (0.40) 

158.dxccs1 0.586 -0.251 0.759 

(0.39) (0.32) (0.46) 

159.dxccs1 0.334 -0.086 0.255 

(0.35) (0.24) (0.40) 

160.dxccs1 0.333 -0.185 0.210 

(0.35) (0.12) (0.40) 

161.dxccs1 0.727* -0.345 1.079** 

(0.36) (0.18) (0.41) 

162.dxccs1 -0.133 -0.871*** 0.299 

(0.39) (0.24) (0.51) 

163.dxccs1 0.533 -0.544 0.708 

(0.38) (0.34) (0.44) 

164.dxccs1 -0.506 -1.091*** 0.226 

(0.38) (0.19) (0.61) 

165.dxccs1 -0.682 -0.054 -1.030* 

(0.43) (0.48) (0.50) 

166.dxccs1 -0.373 -1.189** 0.097 

(0.46) (0.39) (0.61) 

167.dxccs1 -0.492 -1.424*** 0.191 

(0.37) (0.22) (0.45) 

168.dxccs1 0.082 -0.676*** 0.264 

(0.36) (0.16) (0.42) 

169.dxccs1 -0.702 -1.297*** 0.172 

(0.36) (0.13) (0.48) 

170.dxccs1 -1.151** -1.688*** -0.042 

(0.36) (0.13) (0.61) 
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171.dxccs1 -0.385 -1.086*** 0.699 

(0.35) (0.11) (0.42) 

172.dxccs1 -0.406 -1.233*** 0.211 

(0.36) (0.16) (0.43) 

173.dxccs1 -0.578 -1.318*** 1.065 

(0.43) (0.29) (0.68) 

175.dxccs1 -0.397 -1.105*** 0.615 

(0.36) (0.13) (0.43) 

177.dxccs1 . 0.941*** . 

. (0.29) . 

178.dxccs1 . 1.260** . 

. (0.43) . 

181.dxccs1 -0.123 2.622*** -1.004 -0.032 

(0.69) (0.12) (1.03) (0.83) 

182.dxccs1 0.472 3.567*** . 0.576 

(1.10) (0.13) . (1.13) 

183.dxccs1 . 3.209*** . . 

. (0.12) . . 

184.dxccs1 1.797** 3.958*** 1.615** 

(0.58) (0.12) (0.61) 

185.dxccs1 -0.792 0.913*** . -0.783 

(1.07) (0.14) . (1.09) 

186.dxccs1 . 1.658*** . . 

. (0.15) . . 

187.dxccs1 . 1.032*** . . 

. (0.15) . . 

188.dxccs1 . 1.064*** . . 

. (0.17) . . 

189.dxccs1 -0.767 0.400** . -0.540 

(1.07) (0.13) . (1.09) 

190.dxccs1 . 1.031*** . . 

. (0.14) . . 

191.dxccs1 -0.229 2.070*** . -0.190 

(1.08) (0.13) . (1.10) 

192.dxccs1 . 0.350* . . 

. (0.16) . . 

193.dxccs1 -0.763 -0.082 . -0.614 

(0.80) (0.13) . (0.82) 

194.dxccs1 . -0.690 . . 

. (0.59) . . 

195.dxccs1 -0.811 1.711*** . -0.533 

(0.68) (0.12) . (0.71) 

196.dxccs1 -0.253 . . -0.134 

(0.43) . . (0.47) 

197.dxccs1 0.045 -0.303* -0.077 

(0.35) (0.14) (0.40) 

198.dxccs1 0.247 0.272 

(0.43) (0.48) 

199.dxccs1 0.822* 0.046 0.984* 

(0.37) (0.21) (0.43) 

200.dxccs1 -0.125 -0.703* -0.040 

(0.42) (0.30) (0.61) 

201.dxccs1 0.648 0.049 0.694 
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(0.36) (0.13) (0.42) 

202.dxccs1 -0.211 -1.702*** 0.499 

(0.42) (0.46) (0.48) 

203.dxccs1 -0.783* -1.368*** 0.605 

(0.35) (0.10) (0.43) 

204.dxccs1 -0.251 -1.201*** 0.110 

(0.38) (0.25) (0.44) 

205.dxccs1 -0.172 -0.978*** 0.729 

(0.35) (0.09) (0.40) 

207.dxccs1 0.623 -0.243 1.422** 

(0.37) (0.18) (0.44) 

208.dxccs1 -1.026 -1.694*** -0.187 

(0.57) (0.51) (1.10) 

209.dxccs1 0.020 -0.582*** 0.815 

(0.36) (0.14) (0.53) 

210.dxccs1 0.767* -0.180 0.784 

(0.37) (0.37) (0.41) 

211.dxccs1 -0.245 . -1.015*** -0.111 

(0.36) . (0.16) (0.41) 

212.dxccs1 -0.216 -0.806*** -0.103 

(0.36) (0.13) (0.44) 

213.dxccs1 0.565 -0.075 -0.520 

(0.36) (0.15) (0.28) 

214.dxccs1 0.770 0.751 

(0.42) (0.62) 

215.dxccs1 -0.262 -0.862* -0.182 

(0.46) (0.35) (0.72) 

216.dxccs1 1.181* 0.287   

(0.46) (0.81)   

217.dxccs1 -0.464 -1.058*** 0.012 

(0.40) (0.23) (0.72) 

218.dxccs1 -2.550*** . -2.734*** 

(0.57) . (0.60) 

225.dxccs1 -0.429 -0.997*** -0.445 

(0.38) (0.18) (0.52) 

226.dxccs1 -0.386 -1.039*** 0.372 

(0.37) (0.17) (0.52) 

227.dxccs1 -0.375 -1.517*** -0.309   

(0.43) (0.42) (0.45)   

228.dxccs1 -0.291 -1.318*** 0.005 

(0.38) (0.26) (0.44) 

229.dxccs1 -0.123 -0.958*** 0.482 

(0.36) (0.13) (0.42) 

230.dxccs1 0.276 -0.517*** 1.324** 

(0.35) (0.10) (0.41) 

231.dxccs1 -0.236 -0.842*** -0.318 

(0.36) (0.18) (0.41) 

232.dxccs1 -0.574 -1.315*** -0.468 

(0.39) (0.27) (0.46) 

233.dxccs1 -0.250 . -0.565*** -0.830** 

(0.36) . (0.17) (0.32)   

234.dxccs1 -0.039 -0.351* -0.334 

(0.36) (0.15) (0.41) 
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235.dxccs1 -0.798 -1.110** -1.126* 

(0.43) (0.35) (0.53) 

236.dxccs1 -0.231 -0.720*** -0.500 

(0.38) (0.21) (0.50) 

237.dxccs1 0.657 -0.155 0.940* 

(0.35) (0.09) (0.40) 

238.dxccs1 0.663 0.076 0.594 

(0.35) (0.09) (0.40) 

239.dxccs1 0.032 -0.319 -0.081 

(0.38) (0.53) (0.43) 

240.dxccs1 0.092 -0.276 -0.146 

(0.40) (0.29) (0.47) 

241.dxccs1 -0.668 . -0.694 

(0.37) . (0.42) 

242.dxccs1 -0.255 -1.575 -0.290 

(0.36) (1.03) (0.41) 

243.dxccs1 -0.167 . -0.198 

(0.43) . (0.47) 

244.dxccs1 0.010 -0.698* -0.052 

(0.37) (0.30) (0.42) 

245.dxccs1 -0.081 -0.291 -0.173 

(0.36) (0.41) (0.40) 

246.dxccs1 0.614 -0.040 0.534 

(0.36) (0.62) (0.41) 

247.dxccs1 0.243 -0.534 0.363 

(0.41) (0.35) (0.49) 

248.dxccs1 0.992* 1.873*** 

(0.39) (0.55) 

250.dxccs1 1.027** -0.686 0.971* 

(0.36) (0.73) (0.40) 

251.dxccs1 0.740* 0.050 0.649 

(0.35) (0.19) (0.40) 

252.dxccs1 0.161 0.037 

(0.44) (0.48) 

253.dxccs1 0.069 -0.396 -0.024 

(0.39) (1.06) (0.43) 

257.dxccs1 0.451 -0.160 0.479 

(0.38) (0.22) (0.47) 

259.dxccs1 -0.158 -1.019*** 0.199 

(0.36) (0.15) (0.41) 

653.dxccs1 -0.467 -0.550 

(0.58) (0.61) 

660.dxccs1 0.598 0.081 0.559 

(0.35) (0.28) (0.40) 

661.dxccs1 0.040 . -0.192 -0.028 

(0.35) . (0.64) (0.40) 

179.dxccs1 0.408 

(1.01) 

180.dxccs1 1.215*** 

(0.21) 

Health Service Condition 

surgery 0.546*** 

(0.09) 
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cardiorespiratory 0.541*** 

(0.04) 

cardiovascular 0.763*** 

(0.03) 

neurology 0.525*** 

(0.03) 

constant -3.329*** -4.937*** -2.734*** -3.084*** -3.186*** -2.717*** -3.010*** 

(0.35) (0.13) (0.11) (0.40) (0.19) (0.24) (0.36)   

N 507444 230761 259279 169999 22204 36245 17725   

Note: (1) Refer Table 11 for the full names of the list of comorbidities. (2) Refer Appendix 2 for the 

names and detail information on the list of primary diagnosis CCS code indicators (dxccs indicators). (3) 

Statistical significance level: *p<0.05, **p<0.01, ***p<0.001. (4) In the parentheses are the robust 

standard errors of the regression model coefficients on adjusted risk variables.    
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Appendix 5 Model Specification and Estimation for the Length of Stay Analysis Using 

the Hurdled Model 

Hurdled Negative Binomial Model 

The motivation for Hurdled Negative Binomial model is that it handles excess zeros and 

is also capable of modeling too few zeros. In essence, the model relaxes the assumption that 

zeros and the positives come from the same data generating process. Zeros are determined by 

density 𝑓1(∙) and positive counts determined by 𝑓2(∙). The model is presented by: 

𝑓(𝑙𝑜𝑠𝑖|𝑥𝑖′𝛽, 𝛼) = {

        𝑓1(𝑙𝑜𝑠𝑖|𝑥𝑖′𝛽, 𝛼)     𝑖𝑓 𝑙𝑜𝑠𝑖 = 0,

 𝑓2(𝑙𝑜𝑠𝑖|𝑥𝑖′𝛽, 𝛼)

1 −  𝑓2(0|𝑥𝑖′𝛽, 𝛼)
∗ (1 − 𝑓1(0|𝑥𝑖′𝛽, 𝛼) )  𝑖𝑓 𝑙𝑜𝑠𝑖 ≥ 1

where 𝑓(∙) is density function of negative binomial distribution with quadratic variance and the 

conditional mean is: 

𝐸(𝑙𝑜𝑠𝑖|𝑥𝑖) = Pr(𝑙𝑜𝑠𝑖1 > 0|𝑥𝑖′) ∗ 𝐸𝑙𝑜𝑠𝑖2>0(𝑙𝑜𝑠𝑖2|𝑙𝑜𝑠𝑖2 > 0, 𝑥𝑖′)
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Appendix 6 Model Specification and Estimation for the Length of Stay Analysis Using 

the Two-Part OLS based with log transformation on the dependent variable  

(1) Two-part OLS with Log Transformation 

The first part is a binary outcome equation that models probability of an overnight 

inpatient, Pr (𝑙𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑠𝑡𝑎𝑦 > 0) using Probit model: 

Pr(𝐷𝑖 > 0|𝑥𝑖
′) = 𝜱 (𝜃1𝐻𝑀𝑂𝑖 + 𝑋𝑖

′𝛽2 + 𝜀𝑖1)

where 𝜱(∙) is a normal cumulative distribution function. 

The second part is OLS based with a log transformation on dependent variable assuming 

that the log of positive inpatient days is a linear function of insurance plan type and other 

covariates. 

log(Di | Di > 0) = θ2HMOi + Xi
′β2 + εi2

The conditional mean function in log term is given by: 

E[log(Di| Pr(Di > 0|xi
′) , xi

′] = xi′β

Two-part OLS based with log transformation model is flexible and relaxed restriction on 

homoscedasticity and normality for consistent estimates.  εi2 need not to be normally 

distributed for consistent estimates and the key assumption is that expected log term is linear 

in x. It need to be homoscedastic in order to yield consistent estimates  of E(D|D > 0, x) in 

homogeneous retransformation. If homoscedasticity is in presence, a heteroscedastic form of 

smearing estimator that varies by covariates is needed. 
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Specification on error term and Log retransformation 

After log transformation of the length of stay variable, the predicted values need be 

transformed back to original scale. Simple retransformation without adjustment is subject to 

biasness in the presence with non-normality and heteroscedasticity in error term. Assming εi2 is 

non-normal distributed and heteroskedastic by insurance group (HMO vs. PPO), I use 

heteroskedastic and non-normal Duan smearing factors (Duan et al. 1983) for consistently 

estimated E(exp ( εi2)] by the group averages:  Dsmear
g

=
1

Ng
∑ exp (ε2)̂

Ng

i=1
  with g =

1 for HMO and g = 2 for PPO. Thus the Duan smeared prediction of estimated length of stay is 

E[losi|xi] = Dsmear
g

∗ exp (xi
′β̂) for individual i and E[los|x] =

1

N
∑ ∑ exp (xi′

Ng

i=1
β)G

g=1 Dsmear
g

 for 

population average. 

Incremental effects of HMO insurance on length of stays can be calculated using the 

following function.  

∆𝐷𝑖

∆𝐻𝑀𝑂𝑖
  =  [(𝑝𝑟(𝑙𝐷𝑖 > 0|𝐻𝑀𝑂𝑖 = 1) − 𝑝𝑟(𝐷𝑖 > 0|𝐻𝑀𝑂𝑖 = 0)] ∗ 𝐸(𝐷𝑖|𝐷𝑖 > 0|𝐻𝑀𝑂𝑖 = 1) 

+ 𝑝𝑟(𝐷𝑖 > 0|𝐻𝑀𝑂𝑖 = 0) ∗ [𝐸(𝐷𝑖|𝐷𝑖 > 0|𝐻𝑀𝑂𝑖 = 1) − 𝐸(𝐷𝑖|𝐷𝑖 > 0|𝐻𝑀𝑂𝑖 = 0)] 
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Appendix 7 Results of the Sensitivity Analyses in Chapter 5 

Table 1 Two-Part with GLM Models Estimation Results on the Hospital Length of Stay – Large Hospitals and Patients Age 45-64 

Conditions Dependent Variables 

Large Hospital (500 + beds) (26.75%) Age 45-64 (43.4%) 

Odds 
Ratios/ 
exp(b) 

HMO 
predict 

PPO 
predict 

E[y|HMO]  
-  

E[y|PPO] 

% of 
PPO 

days) 

Odds 
Ratios/ 
exp(b) 

HMO 
predict 

PPO 
predict 

E[y|HMO]  
-  

E[y|PPO] 

% of 
PPO 

days) 

Non-maternity 
Part1:  Porb (D>0) 

0.088*** -0.0125 0.951*** -0.046 

(68.8%) 
Part2:  Length of Stays (D) 

0.988 -0.047 0.983*** -0.066 

Combined: Total Length of Stays (D) 3.77 3.85 -0.084 -2.18% 3.600 3.677 -0.077 -2.09% 

Maternity Part1:  Porb (D>0) 0.765*** -0.016 

Not Applied (31.2%) Part2:  Length of Stays (D) 0.987 -0.040 

Combined: Total Length of Stays (D) 2.842 2.927 -0.084 -2.87% 

Medicine Part1:  Porb (D>0) 0.881*** -0.016 0.990 -0.008 

(23.1%) Part2:  Length of Stays (D) 0.951*** -0.217 0.932*** -0.291 

Combined: Total Length of Stays (D) 3.853 4.108 -0.256 -6.23% 3.719 4.018 -0.300 -7.47% 

Surgery Part1:  Porb (D>0) 0.873*** -0.94% 0.934*  -0.0006 

(35.4%) Part2:  Length of Stays (D) 1.022* 0.088 1.024***  0.092 

Combined: Total Length of Stays (D) 3.819 3.767 0.052 1.38% 3.754 3.668 0.086 2.29% 

Cardiovascular Part1:  Porb (D>0) 0.939 -1.29% 0.934* -0.013 

(4.9%) 
Part2:  Length of Stays (D) 

0.932* -0.161 0.951*** -0.105 

Combined: Total Length of Stays (D) 1.856 2.005 -0.160 -7.98% 1.750 1.864 -0.115 -6.17% 

Cardiorespiratory Part1:  Porb (D>0) 0.767* -2.06%  0.910 -0.0074 

(3%) 
Part2:  Length of Stays (D) 

0.919* -0.393 0.892*** -0.536 

Combined: Total Length of Stays (D) 4.186 4.644 -0.458 -9.86% 4.131 4.667 -0.536 -11.48% 

Neurology Part1:  Porb (D>0) 0.911 -1.23% 0.922   -0.009 

(2.4%) Part2:  Length of Stays (D) 0.954 -0.222 0.939* -0.263 

Combined: Total Length of Stays (D) 4.180 4.426 -0.247 -5.58% 3.781 4.058 -0.277 -6.83% 

*** p<0.001, **p<0.01, *p<0.05 



154 

Table 2 Logistic Regression Estimation Results on the Probability of 30-day Readmission Rates – Large Hospitals and Patients Age 45-64 

Large 500 + Beds (26.75%) Age 45-64 (43.4%) 

Conditions 
Dependent 

Variable 

Odds Ratio 
(Robust SE) 

HMO 
predicted 

PPO 
predicted 

E[y|HMO] 
-   

E[y|PPO] 

% of 
PPO 
rates 

Odds 
Ratio 

(Robust 
SE) 

HMO 
predicted 

PPO 
predicted 

E[y|HMO] 
-   

E[y|PPO] 

% of 
PPO 
rates 

Non-maternity Prob (readmit=1) 1.039 7.58% 7.32% 0.0026 3.55% 1.078*** 7.61% 7.12% 0.0049 6.88% 

(68.8%) (0.033) (0.002) (0.02) (0.001) 

Maternity Prob (readmit=1) 1.156* 3.13% 2.76% 0.0037 13.41% 
Not Applied 

(31.2%) (0.081) (0.0018) 

Medicine Prob (readmit=1) 0.982 10.95% 11.12% -0.0017 -1.53% 1.103*** 11.34% 10.43% 0.0091 8.72% 

(23.1%) (0.049) (0.0046) (0.04) (0.003) 

Surgery Prob (readmit=1) 1.081 5.86% 5.45% 0.0041 7.52% 1.054 5.61% 5.34% 0.003 5.62% 

(35.4%) (0.051) (0.0025) (0.03) (0.002) 

Cardiovascular Prob (readmit=1) 1.12 7.16% 6.12% 0.0103 16.83% 1.041 6.63% 6.40% 0.0023 3.59% 

(4.9%) (0.17) (0.008) (0.08) (0.004) 

Cardiorespiratory Prob (readmit=1) 0.914 8.35% 9.02% -0.0067 -7.43% 0.979 9.71% 9.89% -0.008 -8.09% 

(3%) (0.164) (0.0135) (0.08) (0.007) 

Neurology Prob (readmit=1) 1.075 6.78% 6.36% 0.0042 6.60% 1.360** 9.02% 6.89% 0.0211 30.62% 

(2.4%) (0.667) (0.0098) (0.16) (0.008) 

*** p<0.001, **p<0.01, *p<0.05 
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Table 3 Two-Part with GLM Models Estimation Results on the Hospital Length of Stay – By Teaching Status 

Conditions Dependent Variables 

Teaching (16%) Non-teaching (84%) 

Odds 
Ratios/ 
exp(b) 

HMO 
predict 

PPO 
predict 

E[y|HMO]  
-  

E[y|PPO] 

% of 
PPO 

days) 

Odds 
Ratios/ 
exp(b) 

HMO 
predict 

PPO 
predict 

E[y|HMO]  
-  

E[y|PPO] 

% of 
PPO 

days) 

Non-maternity Part1:  Porb (D>0) 0.951* -0.5% 0.959*** -0.41% 

(68.8%) Part2:  Length of Stays (D) 0.989 -0.05 0.977*** -0.081 

Combined: Total Length of Stays 
(D) 4.31 4.378 -0.067 -1.53% 3.227 3.315 -0.088 -2.65% 

Maternity Part1:  Porb (D>0) 0.990 -0.0005 0.958* -0.0027 

(31.2%) Part2:  Length of Stays (D) 0.989 -0.034 0.996 -0.011 

Combined: Total Length of Stays 
(D) 3.001 3.043 -0.034 -1.12% 2.527 2.544 -0.017 -0.67% 

Medicine Part1:  Porb (D>0) 0.911* -0.013 0.948*** -0.6% 

(23.1%) Part2:  Length of Stays (D) 0.953* -0.237* 0.933*** -0.255 

Combined: Total Length of Stays 
(D) 4.370 4.632 -0.263 -5.68% 3.338 3.596 -0.257 -7.15% 

Surgery Part1:  Porb (D>0) 0.968 -0.23% 0.981 -0.13% 

(35.4%) Part2:  Length of Stays (D) 1.014 0.062 1.020*** 0.067 

Combined: Total Length of Stays 
(D) 4.281 4.231 0.049 1.16% 3.298 3.238 0.06 1.85% 

Cardiovascular Part1:  Porb (D>0) 0.965 -0.79% 0.941* -1.19% 

(4.9%) 
Part2:  Length of Stays (D) 

0.963 2.031 2.127 -0.098 
-
0.04607 0.948*** -0.107 

Combined: Total Length of Stays 
(D) -0.095 1.684 1.798 -0.113 -6.28% 

Cardiorespiratory Part1:  Porb (D>0) 1.006 0 0.951 -0.38% 

(3%) Part2:  Length of Stays (D) 0.88* -0.683 0.898*** -0.461 

Combined: Total Length of Stays 
(D) 4.403 5.001 -0.599 -11.98% 3.85 4.305 -0.455 -10.57% 

Neurology Part1:  Porb (D>0) 1.111 1.45% 0.916 -1.0% 

(2.4%) Part2:  Length of Stays (D) 0.955 -0.24 0.923*** -0.303 

Combined: Total Length of Stays 
(D) 4.656 4.815 -0.159 -3.30% 3.589 3.685 -0.314 -8.52% 

    *** p<0.001, **p<0.01, *p<0.05 
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Table 4 Logistic Regression Estimation Results on the Probability of 30-day Readmission Rates– By Teaching Status 

Non-teaching (16%) Teaching (84%) 

Conditions 
Dependent 

Variable 

Odds Ratio 
(Robust SE) 

HMO 
predicted 

PPO 
predicted 

E[y|HMO] 
-   

E[y|PPO] 

% of 
PPO 
rates 

Odds 
Ratio 

(Robust 
SE) 

HMO 
predicted 

PPO 
predicted 

E[y|HMO] 
-   

E[y|PPO] 

% of 
PPO 
rates 

Non-maternity Prob (readmit=1) 1.057*** 6.72% 6.40% 0.0033 5.16% 1.02 8.38% 8.23% 0.0014 1.70% 

(68.8%) (0.02) (0.001) (0.04) (0.003) 

Maternity Prob (readmit=1) 1.163*** 2.71% 2.37% 0.0034 14.35% 1.212* 3.47% 2.95% 0.0053 17.97% 

(31.2%) (0.04) (0.001) (0.118) (0.0027) 

Medicine Prob (readmit=1) 1.078*** 9.69% 9.08% 0.0061 6.72% 1.03 12.65% 12.31% 0.0034 2.76% 

(23.1%) (0.03) (0.002) (0.06) (0.006) 

Surgery Prob (readmit=1) 1.041 4.90% 4.72% 0.0018 3.81% 1.026 6.46% 6.32% 0.0015 2.37% 

(35.4%) (0.03) (0.001) (0.06) (0.003) 

Cardiovascular Prob (readmit=1) 1.016 5.85% 5.77% 0.0008 1.39% 1.191 8.47% 7.29% 0.0118 16.19% 

(4.9%) (0.08) (0.004) (0.07) (0.013) 

Cardiorespiratory Prob (readmit=1) 1.004 8.73% 8.70% 0.0003 0.34% 0.56* 8.36% 13.36% -0.0493 -36.90% 

(3%) (0.08) (0.006) (0.13) (0.02) 

Neurology Prob (readmit=1) 1.14 7.54% 6.71% 0.0083 12.37% 1.328 8.16% 6.38% 0.018 28.21% 

(2.4%) (0.122) (0.007) (0.27) (0.013) 

Note: In the parentheses under the odds ratios are the robust standard errors of the estimation coefficients on the insurance indicator variable HMO. *** p<0.001, **p<0.01, 

*p<0.05
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Table 5 Two-Part with GLM Models Estimation Results on the Hospital Length of Stay – By Disproportionate Share Hospital (DSH) Status 

Conditions Dependent Variables 

DSH (21.4%) 
(Hospitals with disproportionate share of low-income 

patients)  Non-DSH (78.6%) 

Odds 
Ratios/ 
exp(b) 

HMO 
predict 

PPO 
predict 

E[y|HMO]  
-  

E[y|PPO] 

% of 
PPO 

days) 

Odds 
Ratios/ 
exp(b) 

HMO 
predict 

PPO 
predict 

E[y|HMO]  
-  

E[y|PPO] 

% of 
PPO 

days) 

Non-maternity Part1:  Porb (D>0) 0.926*** -0.84% 0.963*** -0.36% 

(68.8%) Part2:  Length of Stays (D) 0.967*** -0.133 0.982*** -0.065 

Combined: Total Length of Stays (D) 3.751 3.6 -0.15*** -4.17% 3.335 3.107 -0.172 -5.54% 

Maternity Part1:  Porb (D>0) 0.963 -0.0028 0.961* -0.0023 

(31.2%) Part2:  Length of Stays (D) 0.999 -0.002 0.994 -0.016 

Combined: Total Length of Stays (D) 2.552 2.561 -0.009 -0.35% 2.592 2.612 -0.020 -0.77% 

Medicine Part1:  Porb (D>0) 0.866*** -1.89% 0.961*** -0.44% 

(23.1%) Part2:  Length of Stays (D) 0.931*** -2.88 0.936*** -0.25 

Combined: Total Length of Stays (D) 3.842 3.519 -0.324*** -9.21% 3.466 3.716 -0.25 -6.73% 

Surgery Part1:  Porb (D>0) 0.985 -0.1% 0.977 0.17% 

(35.4%) Part2:  Length of Stays (D) 1.005 0.02 1.022*** 0.078 

Combined: Total Length of Stays (D) 3.74 3.755 0.014 0.37% 3.389 3.319 0.069 2.08% 

Cardiovascular Part1:  Porb (D>0) 0.953 -1.04% 0.941* -1.19% 

(4.9%) Part2:  Length of Stays (D) 0.891*** -0.249 0.964*** -0.074 

Combined: Total Length of Stays (D) 1.918 1.691 -0.227*** -13.42% 1.732 1.817 -0.085 -4.68% 

Cardiorespiratory Part1:  Porb (D>0) 0.904 -0.97 0.949 -0.38% 

(3%) Part2:  Length of Stays (D) 0.844*** -0.786 0.903*** -0.441 

Combined: Total Length of Stays (D) 4.678 3.912 -0.766*** -19.58% 3.912 4.349 -0.437 -10.05% 

Neurology Part1:  Porb (D>0) 0.999 0.02% 0.934 -0.76% 

(2.4%) Part2:  Length of Stays (D) 0.906* -0.434 0.928*** -0.30 

Combined: Total Length of Stays (D) 4.187 3.795 -0.392 -10.33% 3.567 3.868 -0.301 -7.78% 

Note: DSH represents a hospital with disproportionate share of low-income patients. *** p<0.001, **p<0.01, *p<0.05 
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Table 6 Two-Part with GLM Models Estimation Results on the Hospital Length of Stay – By Disproportionate Share Hospital (DSH) Status 

DSH (21.4%) Non-DSH (78.6%) 

Conditions 
Dependent 

Variable 

Odds Ratio 
(Robust SE) 

HMO 
predicted 

PPO 
predicted 

E[y|HMO] 
-   

E[y|PPO] 

% of 
PPO 
rates 

Odds 
Ratio 

(Robust 
SE) 

HMO 
predicted 

PPO 
predicted 

E[y|HMO] 
-   

E[y|PPO] 

% of 
PPO 
rates 

Non-maternity Prob (readmit=1) 0.969 7.14% 7.34% -0.002 -2.72% 1.071*** 6.97% 9.55% 0.0042 4.40% 

(68.8%) (0.04) (0.002) (0.02) (0.001) 

Maternity Prob (readmit=1) 1.21*** 3.30% 2.79% 0.0052 18.64% 1.100* 2.63% 2.40% 0.0023 9.58% 

(31.2%) (0.09) (0.002) (0.046) (0.0001) 

Medicine Prob (readmit=1) 0.957 10.16% 10.54% -0.0039 -3.70% 1.095*** 10.15% 9.39% 0.0076 8.09% 

(23.1%) (0.06) (0.005) (0.03) (0.0024) 

Surgery Prob (readmit=1) 0.983 5.46% 5.55% -0.001 -1.80% 1.053 5.11% 4.88% 0.0024 4.92% 

(35.4%) (0.06) (0.003) (0.031) (0.001) 

Cardiovascular Prob (readmit=1) 0.92 6.33% 6.80% -0.0047 -6.91% 1.071 6.08% 5.72% 0.0036 6.29% 

(4.9%) (0.14) (0.009) (0.08) (0.004) 

Cardiorespiratory Prob (readmit=1) 0.968 9.17% 9.42% -0.003 -3.18% 0.917 8.44% 9.10% -0.0066 -7.25% 

(3%) (0.167) (0.014) (0.08) (0.007) 

Neurology Prob (readmit=1) 0.781 6.23% 7.73% -0.015 -19.40% 1.315** 8.17% 6.41% 0.0175 27.30% 

(2.4%) (0.18) (0.014) (0.14) (0.007) 
Note: In the parentheses under the odds ratios are the robust standard errors of the estimation coefficients on the insurance indicator variable HMO. DSH represents a hospital 

with disproportionate share of low-income patients. *** p<0.001, **p<0.01, *p<0.05 
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Table 7 Two-Part with GLM Models Estimation Results on the Hospital Length of Stay – By System Status (System3 vs. Non-system3) 

Conditions Dependent Variables 

Hospitals in a system with at least 3 hospitals 
Hospitals not in a system/in a system with less than 

3 hospitals 

Odds 
Ratios/ 
exp(b) 

HMO 
predict 

PPO 
predict 

E[y|HMO]  
-  

E[y|PPO] 

% of 
PPO 
days 

Odds 
Ratios/ 
exp(b) 

HMO 
predict 

PPO 
predict 

E[y|HMO]  
-  

E[y|PPO] 

% of 
PPO 
days 

Non-maternity 
Part1:  Porb (D>0) 

0.984 -0.0016 0.916*** -0.0084 

(68.8%) Part2:  Length of Stays (D) 0.975*** -0.092 0.984** -0.059 

Combined: Total Length of Stays (D) 3.371 3.463 -0.092 -2.66% 3.438 3.519 -0.081 -2.30% 

Maternity Part1:  Porb (D>0) 1.086*** 0.0049 0.807*** -0.013 

(31.2%) Part2:  Length of Stays (D) 0.987* -0.0358 1.008 0.2089 

Combined: Total Length of Stays (D) 2.600 2.622 -0.0223 -0.85% 2.561 2.574 -0.0126 -0.49% 

Medicine 
Part1:  Porb (D>0) 

0.972 -0.003 0.898*** -0.0123 

(23.1%) 
Part2:  Length of Stays (D) 

0.931*** -0.270 0.940*** -0.248 

Combined: Total Length of Stays (D) 3.387 3.648 -0.261 -7.15%  3.610 3.882 -0.272 -7.01% 

Surgery Part1:  Porb (D>0) 1.005 0.000 0.941** -0.0043 

(35.4%) Part2:  Length of Stays (D) 1.015** 0.055 1.023** 0.082 

Combined: Total Length of Stays (D) 3.526 3.472 0.053 1.53% 3.42 3.56 0.065 1.83% 

Cardiovascular Part1:  Porb (D>0) 0.989 -0.0021 0.877** -0.0260 

(4.9%) Part2:  Length of Stays (D) 0.959** -0.0865 0.933*** -0.144 

Combined: Total Length of Stays (D) 1.730 1.809 -0.0784 -4.33% 1.702 1.873 -0.170 -9.08% 

Cardiorespiratory Part1:  Porb (D>0)  1.025 0.002 0.851   -0.120 

(3%) Part2:  Length of Stays (D)  0.895*** -0.482 0.892*** -0.503 

Combined: Total Length of Stays (D) 3.922 4.374 -0.452 
-
10.33% 3.949 4.477 -0.528 

-
11.79% 

Neurology Part1:  Porb (D>0) 0.972 -0.0035 0.923 -0.0092 

(2.4%) Part2:  Length of Stays (D) 0.911*** -0.371 0.963   -0.162 

Combined: Total Length of Stays (D) 3.509 3.864 -0.355 -9.19% 3.865 4.049 -0.184 -4.54% 

Note: System3 indicates a hospital in a hospital system with at least 3 hospitals. *** p<0.001, **p<0.01, *p<0.05 
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Table 8 Logistic Regression Estimation Results on the Probability of 30-day Readmission Rates – By System Status 

(System3 vs. Non-system3) 

System3 Non-System3 

Conditions 
Dependent 

Variable 

Odds Ratio 
(Robust SE) 

HMO 
predicted 

PPO 
predicted 

E[y|HMO] 
-   

E[y|PPO] 

% of 
PPO 
rates 

Odds 
Ratio 

(Robust 
SE) 

HMO 
predicted 

PPO 
predicted 

E[y|HMO] 
-   

E[y|PPO] 

% of 
PPO 
rates 

Non-maternity Prob (readmit=1) 1.039 6.92% 6.68% 0.0024 3.59% 1.068*** 7.14% 6.73% 0.0041 6.09% 

(68.8%) (0.022) (0.0014) (0.284) (0.0016) 

Maternity Prob (readmit=1) 1.118*** 2.84% 2.45% 0.0038 15.51% 1.037 2.62% 2.54% 0.0001 0.39% 

(31.2%) (0.059) (0.0012) (0.063) (0.0014) 

Medicine Prob (readmit=1) 1.04 9.98% 9.51% 0.0037 3.89% 1.094* 10.53% 9.75% 0.0077 7.90% 

(23.1%) (0.036) (0.0029) (0.029) (0.0035) 

Surgery Prob (readmit=1) 1.04 5.19% 4.99% 0.002 4.01% 1.036 5.21% 5.04% 0.0017 3.37% 

(35.4%) (0.036) (0.0017) (0.429) (0.0019) 

Cardiovascular Prob (readmit=1) 1.038 6.09% 5.89% 0.002 3.40% 1.064 6.24% 5.91% 0.0033 5.58% 

(4.9%) (0.09) (0.0048) (0.117) (0.0058) 

Cardiorespiratory Prob (readmit=1) 0.91 8.23% 8.94% -0.0071 -7.94% 0.983 9.33% 9.47% -0.0014 -1.48% 

(3%) (0.093) (0.0076) (0.114) (0.0098) 

Neurology Prob (readmit=1) 1.03 7.13% 6.95% 0.0018 2.59% 1.478* 8.73% 6.20% 0.0248 40.00% 

(2.4%) (0.126) (0.0077) (0.225) (0.0097) 

Note: In the parentheses under the odds ratios are the robust standard errors of the estimation coefficients on the insurance indicator variable HMO. System3 indicates a 

hospital in a hospital system with at least 3 hospitals.  *** p<0.001, **p<0.01, *p<0.05 
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