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Abstract: 

This paper aims to discover the cross-state effect of covering preventative and diagnostic 

care on the frequency and costs of potentially avoidable hospitalizations. I use hospital 

stay data as well as geographically linked data to control for sociodemographic and 

health factors. Additionally, my analysis considers the differences between chronic and 

acute conditions and the effects each has on hospitalizations and costs. The results show 

that additional Medicaid coverage is beneficial in decreasing overall hospitalizations 

(more effectively for chronic conditions) as well as decreasing the cost of each 

hospitalization. These results have significant policy implications within the field of 

study.  
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Introduction: 

Rapidly rising medical costs have lead to a call for change throughout the 

American healthcare system. Recent legislation in congress has shown that the US 

population is hoping for a large-scale change. Lawmakers often discuss inefficiencies in 

the management of the system, passing the blame onto insurance companies, doctors and 

hospitals. But the question remains of where the largest, important inefficiencies truly 

arise. 

Medicaid, a federally mandated, state-managed program, provides insurance 

coverage to low-income individuals who fall into three groups—categorically needy, 

medically needy or special groups.1

States are responsible for covering at most 50% of their local Medicaid costs in 

their respective states. Pushed by tightening state budgets, many states have been forced 

to make significant budgeting decisions on their Medicaid spending (HHS 2005). 

Unfortunately, increased unemployment increases the need for Medicaid while 

decreasing the influx of tax income received from the state (CMS 2009). The Kaiser 

Family foundation estimated that a one percent increase in the national unemployment 

rate would decrease state revenues by three to four percent, while the number of 

Medicaid and CHIP enrollees would rise by one million (Kaiser 2009). In evaluating 

 In 2004, Medicaid covered more than 55 million 

people nationwide, at an accrued cost of $257 billion (HHS 2005). As part of the larger 

discussion on rising healthcare costs, this paper is interested in the relationship between 

potentially avoidable hospitalizations and Medicaid coverage of preventative and 

diagnostic services for the categorically needy. 

                                                 
1 Who is eligible for coverage under special groups varies by state. It can include a population 
with tuberculosis or a certain types of cancer, people who have become disabled at work, and 
several other qualifications. 
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budgets of the declining economy, some states, such as New Hampshire, have found that 

at present rates of enrollment and payouts Medicaid will lead to multi-million dollar 

debts (Safranek 2009). Because of similar budgetary concerns, Nebraska Medicaid cut 

funding for behavioral healthcare programs for children (Safranek 2009). With shrinking 

budgets and larger coverage groups, Medicaid is left with the difficult task of achieving 

greater efficiency.  

Disease cannot simply be avoided. Health, though manageable, remains 

stochastic. Regardless of health technologies, there will always be a need for emergency 

medicine. However, hospitalizations can be separated into those that are avoidable and 

those that are unavoidable. This paper concentrates on the adverse health events that are 

avoidable, here on denoted as potentially avoidable hospitalizations (PAHs). They are 

defined officially as hospitalizations “that might not have occurred had the patient 

received effective, timely and continuous outpatient (ambulatory) medical care for certain 

chronic disease conditions.”2 In 1990, John Billings found that many members of the 

uninsured population in Washington, D.C. considered the emergency room to be their 

regular source of care.3

The past several decades have seen a steady increase in both the numbers and the 

likelihood of potentially avoidable hospitalizations (Kozak 2001). These trends contrast 

 In analyzing the reasons for hospitalizations, he also found that 

32 percent were caused strictly from chronic conditions that require regular maintenance 

and care (Billings 1990). Since his initial study, PAHs have been frequently used as a 

measure of health care efficiency and availability of primary care within both economic 

and medical contexts.  

                                                 
2 Millman pg. 102 
3 18% of hospitalized individuals considered the ER as their usual source, while 37% of those 
hospitalized reported no source of regular care (Billings 1990). 
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with the diminishing numbers of overall hospitalizations over the same period. 

Interestingly, racial trends over time have seen drastically different results. Black patients 

showed an increasing rate of PAH, while white patients displayed the opposite trend. 

Kozak attributes the racial differences to disparities in health care distribution, noting 

however that differences in insurance coverage could also be responsible for the trend 

(Kozak 2001). 

While insurance coverage is typically considered to vary by provider, states are 

responsible for maintaining their own Medicaid programs. As such, the covered services 

vary by state. Certain states opt to cover preventative and diagnostic services, while 

others do not. While most preventative services occur in traditional office visits and 

include immunizations and physical exams, diagnostic services occur elsewhere and 

include pathologies from blood or x-rays (Kaiser 2006). 

In 2006, 26 states covered both preventative and diagnostic services, while 13 

states do not cover either these services whatsoever. Seven states lacked preventative 

services and four states lack diagnostic services (Kaiser 2006). This paper concentrates 

on the differences in avoidable hospitalizations between states with and without 

coverage. A visual representation of this can be seen in the Figure 1 (below). 

 

Literature Review: 

Beginning in the 1990’s economists began to discuss the issue of avoidable 

hospitalization. Studies found that Medicaid enrollees, lower-income individuals and 

local geography have significant effects on incidence of PAHs (Pappas 1997, Parchman 

1999, Ahern 2007, Culler 1998).  
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FIGURE 1: State Medicaid Coverage of Preventative and Diagnostic Care 

The earliest research on this topic evolved from a paper written by John Billings 

(1990). Several papers since then find various causes for increased risks of PAHs. Over 

the past decade, the percentage of PAHs per total hospitalizations has ranged from 8% to 

15%, depending on race, insurance carrier and availability of physicians. The PAH rate 

for Medicaid was found to be 13% by Pappas (1997)4

                                                 
4 Pappas finds that the uninsured have a lower rate of PAHs than Medicaid patients. Though he does not 
expand on this point, it could be due to the age breakdown, which allow uninsured adults to be generally 
younger, with 41% of the uninsured population between the ages of 18 to 34 (HHS 2006). 

 and 11.4% by Chang (2008). The 

relative risk of experiencing a PAH is 1.57 for Medicaid patients, when compared to 

private insurance (Chang 2008). Insurance aside, the relative risk has also been found to 

be 1.7 times higher if the patient resides in a health provider shortage area, as defined by 

the Health Research Service Administration (Parchman 1999). Obesity further raises the 

risk of PAHs (Schafer 2007). Research by Bindman (2008) most closely resembles the 

purpose of this paper. He examined the elevated risk of interrupted Medicaid care. He 

finds discontinuous in Medicaid coverage drastically increased a patients risk of a PAH—

with an adjusted hazards ratio of 3.36 (Bindman 2008). 

Data from the Kaiser Family Foundation, Alaska covers only diagnostic care 
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All the studies however, do not use the same measure for what determines a PAH. 

In Weissman’s 1994 book, he provides the basis for what researchers could reasonably 

consider an avoidable hospitalization. This led Pappas (1997) to use 12 primary 

diagnoses, defined by the International Classification of Diseases, Ninth Revision (ICD-

9). Some of the diagnoses, however, were questionably not preventable and include a 

ruptured appendix and a bleeding ulcer—some further research dropped these 

hospitalizations. Chang (2008) follows suit and used an expanded version to include an 

additional two diagnoses to accommodate for the 2007 expanded definition of avoidable 

hospitalizations set forth by the Agency for Health Care Research and Quality 

Prevention. Parchman (1999) more interestingly considers diagnosis codes used by 

Weissman, as well as in other research in the field, conducted by Billings. In his analysis, 

he additionally excludes the ICD-9 codes related to children. 

The range of data used for analysis was broad from the Pappas’ usage of National 

Hospital Discharge to Chang’s of usage specific claims data from Tennessee. Due to 

health privacy laws, full patient information is nearly impossible to acquire. As such, 

Chang uses the 2004 Area Resource File to get sociodemographic information at the 

county level.  

 This paper will be unique in combining state specific Medicaid policies with 

PAHs, while controlling for sociodemographic factors, as well as availability of 

physicians. It will rely on the definitions of PAHs, set out by Billings, and used by 

Parchman.  

Few studies correlating Medicaid claim data to rates of PAHs currently exist. The 

major contribution of this study is a state-by-state comparison of the effects of coverage. 
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While Bindman similarly analyzed a lack of Medicaid coverage, he did not control for 

differences in Medicaid programs and he did not include many important demographic 

variables. Additionally, my model is more robust than those used in prior studies, as it 

uses a continuous measure to quantify the availability of health care services, instead of 

using a binary variable for health provider shortage areas. This allows me to more 

accurately control for whether Medicaid programs are accessible to those in need. If a 

patient lacks access to care, Medicaid’s willingness to cover preventative procedures 

would be irrelevant to the overall health of a population and to their rate of 

hospitalization for avoidable conditions.  

Another facet unique to this paper is its extension to cost management, and 

specifically the costs of the avoidable hospitalizations. Again, no prior literature has 

directly discussed the effect of additional Medicaid preventative and diagnostic care on 

costs of hospitalization. The analysis will have major health policy implications, offering 

new insight to whether Medicaid can improve efficiency of care and decrease cost by 

investing more in preventative and diagnostic care. 

 

Theoretical Framework: 

There are two essential dimensions at play in my research: a supply and demand 

effect, and cost-efficiency. Among the many factors that influence PAHs, I intend to 

isolate the effect of covering preventative and diagnostic care from the ability to utilize it. 

My model assumes a general preference for utilizing preventative care services (as it 

should improve long-term health outcomes). Therefore Medicaid beneficiaries will have 

a constant demand for primary care physicians. In states where there is no coverage for 
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preventative services, the supply can fall to zero—as no primary care is available to the 

Medicaid enrollees—creating shortages in the preventative services market. The case of 

low physician concentration should follow the same argument.  

Access to preventative care, however, does not necessarily imply that PAHs will 

be avoided. Factors such as education, income and race have been shown to greatly affect 

rates for PAH (Pappas 1997 & Chang 2008). Controlling for these factors, along with 

physician availability, should allow me to appropriately determine increased or decreased 

likelihood of PAHs based on Medicaid coverage. 

The second dimension at the issue is the model of cost efficiency. A common 

problem in health economics is quantifying health. The underlying dilemma is how to 

attribute a dollar value to human life—a problem often evaded by using measures for 

quality of life. I hope to avoid this problem entirely by using hospitalization cost as an 

indicator of health upon arriving at the hospital. The data set includes the total charges for 

each hospitalization, from which I show how much money is used for avoidable care. 

Assuming access to and coverage of preventative and diagnostic care are accurate 

predictors of PAHs, the question of their cost efficiency can also be elucidated. 

My primary model is as follows 

 PAHi,j= LOGIT(ß1FEMi + ß2BLACKi + ß3LATINOi + ß4OTHERi + ß5OBESITYi,j + 

ß6EDUCi,j + ß7AGEi + ß8INCi +  ß9MDi,j + ß10MDSDENSi,j + ß11DENSi,j + 

ß12STATEINCi,j + ß13DIAGi,j + ß14PREVDIAGi,j + ε1). 

I chose a logistic regression as my dependent variable is binary, and the relevant 

papers used logistic models to analyze their data. The subscript i denotes an individual 

patient and the subscript j denotes county. PAH is a dummy variable for whether the 
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hospitalization was avoidable. For ease of interpretation many of the variables were split 

into quantiles depending on their distribution. A full explanation of the variables can be 

found in the appendix in Table 2. The following six variables (FEM, AGE, BLACK, 

LATINO, OTHER) are individual variables to denote the sex, age and race of the patient. 

INC is the mean income of the patient’s zip-code in quartiles and is a proxy for the 

patient’s socio-economic status.  EDUC is the percentage of people over 25 within the 

patient’s county with four or more years of college education and is a proxy for the 

patient’s education level. 

OBESITY as well as STATEINC represent the likelihood of obesity and the 

average income of the state, and are used as proxies for fixed state effects. The triad of 

variables MD, DENS and MDSDENS separate the effects of doctor quantity, population 

density and doctor prevalence, respectively. 

The remaining two variables, PREVDIAG and DIAG, are the variables of interest 

and signify whether states cover both preventative and diagnostic care or just diagnostic 

care, respectively. I had initially hoped to also find the marginal effect of having only 

preventative care, however, the data simply did not permit it—this is discussed further in 

the methods section. Before running the model, I expected the coefficients of AGE, 

BLACK, LATINO and OBESITY to be positive and the coefficients of INC, DIAG, 

PREVDIAG, MD, MDSDENS, STATEINC and EDUC to be negative. There were not 

clear predictions for the remaining coefficients.  
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To analyze the medical costs from PAHs, my second model is 

Log(PAHcharge)=ß1FEMi + ß2BLACKi + ß3LATINOi + ß4OTHERi + ß5OBESITYi,j + 

ß6EDUCi,j + ß7AGEi + ß8INCi +  ß9MDi,j + ß10MDSDENSi,j + ß11DENSi,j + 

ß12STATEINCi,j + ß13DIAGi,j + ß14PREVDIAGi,j + ε1 

All dependent variables are the same, with the exception of PAHcharge which 

was computed as an interaction term between PAH and the total charge accrued while 

present in the hospital. This regression is only run on the hospitalizations that are 

avoidable, rather than the entire sample size. The distribution of the overall and PAH 

charges are log-normal, which necessitated the use of the natural log. Their respective 

histograms can be seen in Figures 1 and 2 within the appendix. The predictions for the 

signs of the coefficients also remain the same. 

To make a more robust analysis, I also ran the first model again using a 

multinomial logistic regression to find differences between the outcomes of chronic PAH 

conditions and acute PAH conditions. The dependent variable in the probability 

regression is a categorical variable, CHRONICACUTE, coded for acute, chronic and not-

potentially avoidable hospitalizations. The cost regression again relies on the logarithm of 

each category’s respective associated hospital charges. 

There are several underlying assumptions for my analysis.  

1. General practitioners and physicians assistants are both equally capable of delivering 

preventative and diagnostic care. 

2. The expected payer, which is the only patient insurance information within the NIS 

data set, is equivalent to the actual payer. Since the expected payer is self-proclaimed 
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by the patient, there is a possibility that the patient lacks the insurance that he 

declares, but this is doubtful.  

3. Because the NIS data only provide the zip code of the admitting hospital, I will use 

these as a proxy for residence of patient. This is a reasonable assumption as the 

hospitalizations of interest are all urgent conditions and assuming patients are not 

traveling, then patients will most likely be transported to the closest hospitals to their 

residence.  

4. For the county-based regression to hold, there must be an additional assumption that 

doctors and physicians assistants are evenly distributed throughout counties.  

5. All general practitioners and physicians assistants accept Medicaid patients. This is 

necessary as there is no data stating which doctors do and do not accept Medicaid.  

6. All accrued hospital costs are attributable to the primary reason for admission. 

 

Data5

 It is worth noting at this point, which procedures are considered PAHs. This paper 

uses the diagnoses used by Parchman (1999). The full coding can be seen in the appendix 

in Table 1 in the appendix. These diagnoses cover 105 ICD-9 codes and are split into 

acute and chronic conditions. 

: 

This analysis mainly uses data from the 2006 Nationwide Inpatient Survey (NIS), 

compiled by the Healthcare Cost and Utilization Project, which is sponsored by the 

Agency for Healthcare Research and Quality.6

                                                 
5 Special thanks to Lesley Curtis, an associate professor at Duke University School of Medicine 
for providing the 2006 NIS and 2006 ARF data. 

  NIS includes over 100 clinical and 

6 Healthcare Cost Utilization Project. Accessed from < http://www.hcup-
us.ahrq.gov/nisoverview.jsp#Data>. 
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nonclinical variables, of which primary and secondary diagnoses, primary and secondary 

procedures, patient demographics, expected payment source and total charges are the 

most pertinent.6 The diagnoses come in ICD-9 form, making the data very compatible 

with the listed PAH conditions. One limitation is that I am not able to distinguish the 

categorically needy from the medically needy among the Medicaid patients. This implies 

that I am implicitly assuming that the medically needy are not at a higher risk than the 

categorically needy for a potentially avoidable hospitalization. NIS is the best data set for 

my research as it provides the most extensive information on hospital visits. Still, the NIS 

data set does not release zip codes specific to patients, but rather contains Healthcare 

Costs and Utilization Project (HCUP) codes specific to each hospital. The codes allowed 

me to merge additional geographic information at the zip code level. 

 I merge the NIS data with the Area Resource File (ARF), which contains more 

than 6000 variables at the county level regarding the availability of doctors, health 

statuses, socioeconomic characteristics, among many others.7

 From the ARF, summing the variable for the total number of general practitioners 

per county provided a mean of 26.98 doctors/county, with a maximum of 2542, and a 

minimum of 0. There are 258 counties listed with zero doctors—8.2% of overall US 

 The ARF provides the most 

specific information encompassing many health statistics that no other data source offers.  

Geographic information comes from the Census Bureau to compute the medical 

professionals per person per square mile. State income information from the Bureau of 

Economic Analysis, and health statistics are compiled from the Center for Disease 

Control. 

                                                 
7 US Department of Health and Human Services: Health Resources and Services Administration. 
Accessed from <http://arf.hrsa.gov/overview.htm>. 
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counties. Additionally, there are an average of 18.04 physician’s assistants/county, with a 

standard deviation of 59.80.  

From the NIS, the median income of the households zip code (in quartiles), was 

1.95—the first quartile corresponds to the range between $1-$35,999 and the second to 

$36,000-$44,999. The data set contains data from 32 states. Of the 13 states that offer no 

preventative or diagnostic services, the data set contains six: Arkansas, California, 

Florida, Kansas, Michigan and North Carolina. It also contains three of the seven states 

that only cover diagnostic services: Illinois, Kentucky and Nebraska. Lastly, it contains 

two of four states that only cover preventative services: Nevada and South Carolina. 

 

Method: 

 Fully refined, the regression is run on 348,462 observations. Of these 119,193 

come from states without either type of care, 42,107 from states with only diagnostic 

case, and 187,162 from states with full coverage. Unfortunately, the required controls left 

one state that had only preventative care. This led to perfect collinearity with state control 

variables, thus I am not able to consider the case of only covering preventative care. Of 

the 248,462 hospitalizations 38,759 were preventable. 13,652 were caused by an acute 

event and were 25,107 caused by a chronic condition. The cost regressions were only run 

on potentially avoidable hospitalizations (first together, and then independently by type). 

I first run a logistic regression on the data using the previously described model. I 

then run a multinomial logistic model to distinguish the effects of the control variables on 

acute and chronic hospitalizations. Lastly, I run an ordinary least squared regression on 
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the costs. The logistic regression is appropriate as it is the standard in health economics 

when analyzing a dummy dependent variable. 

 

Results: 

 The frequency of PAHs varies wildly by state from a minimum of 7.4% in Rhode 

Island to a maximum of 21.5% in Arkansas. The mean percentage of PAH throughout the 

sample is 12.9%—matching estimates in previous literature that varied from 10% to 15%. 

The Figure 2 (below) shows a visual representation of this. 

A) Probability of PAH 

The variables of interest provide compelling results. Full coverage of both 

diagnostic and preventative care decreases the risk by 23.3%. Exclusively diagnostic care 

increased the risk of a PAH by 36.7%. The increase of PAH frequency with diagnostic 

care could imply that the procedures effectively highlight the necessary medical care, and 

the hospital is the only access point. 

 
FIGURE 2: Avoidable Hospitalizations by State 

Data from the NIS, no data available for Alaska  
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The results find all the variables to be significant, except for FEM, LATINO, and 

the second quartile of income. As expected, increased age leads to more avoidable 

hospitalizations. In terms of racial breakdown, the Black population is at increased risk 

relative to the Caucasian population, with an odds ratio of 1.213. The other races, 

including Asian and Native American experience a decreased risk with an odds ratio of 

0.754. A full summary of the results can be seen in Table 3 in the appendix.  

Past the second income quartile, the relative risk of PAHs similarly decreases 

through each subsequent quartile. The highest quartile experiences about a 10% decrease 

in risk of an avoidable hospitalization relative to the lowest quartile. Increased education 

also significantly decreases the risk of PAHs, with the highest quartile showing a 34.9% 

decrease, when compared to the lowest. The obesity measure actually finds a trend in the 

opposite direction as expected—perhaps due to the collinearity with race, making the 

findings for obesity insignificant. When race is excluded, higher obesity rates produced 

an increased risk of a PAH. The rural urban identifier finds that micropolitan residents 

have significantly lower risk relative to metropolitan residents. Meanwhile, increasing 

density of MDs produces a diminish odds ratios, implying a lower chance of PAHs. 

Increasing average state income produces a decreased risk of a PAH.  

 

 Full results from the multinomial logistic regression can be seen in Table 3 in the 

appendix. The regressions found that preventative and diagnostic care have different 

effects on each type of hospitalization. Medicaid beneficiaries in states with full coverage 

are at a lower risk of chronic PAHs, with an odds ratio of 0.730. They are also at a lower 

B) Differences in Analysis of Chronic and Acute Conditions 
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risk of acute PAHs, though less so, with an odds ratio of 0.831. Patients in states that 

cover only diagnostic services have an elevated PAH risk of 45.2% for a chronic 

condition and of 23.0% for an acute condition. The multinomial regression allows for a 

comparison of the two coefficients. A Wald test against the hypothesis that they were the 

same results in a χ2 value of 8.45 with a p-value of 0.0036—proving a statistically 

significant difference. The coefficients for diagnostic coverage were also statistically 

different with a p-value of 0.0009.   

 While the regression on chronic conditions produced statistically significant 

results for nearly all the variables, the regression on acute conditions caused many 

variables to lose their significance. Among those losing statistical significance are an age 

quintile, all the quartiles for the income of the patient, three of the five dummies to code 

for density of doctors, and one of the urban/rural designations. In the chronic regression, 

the only additional variable that dropped out was the highest quantile of state income. 

 Meanwhile, in the overall regression, several variables become statistically 

significant, such as the female variable. The two types of hospitalizations have opposite 

effects for sex, with woman having about a 25% higher chance of an acute PAH, and 

about a 13.2% lower chance of a chronic PAH. Racial groups also experience different 

risks for the two types of events. Blacks experience a greater increase in risk for chronic 

conditions, and Latinos experience increased risk of acute conditions and a decreased risk 

of a chronic condition, when compared to the Caucasian group. The Other racial group 

shows a 30.9% decreased risk for chronic and a marginal decreased risk of 8.2% for 

acute. 
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 The majority of the remaining variables trend the same direction as the primary 

regression using all the avoidable hospitalizations, except for state income that shows that 

higher state income puts people at higher risk of both chronic and acute hospitalizations. 

 

 Before I ran the cost regression, I noted an unadjusted decrease of approximately 

$8000 between states that covered both preventative and diagnostic care versus states that 

covered neither, approximately a 31% decrease. The regression however finds a 26.3% 

decrease in cost per hospitalization if the state covered both, and a 39.7% decrease in cost 

if the state simply covered diagnostic care.  

C) Cost per PAH 

 Similar to the probability regression, age increases the cost incrementally, and the 

density of the MDs decreases the cost incrementally. The relation for the urban/rural 

identifier produces more linear results with a step-wise decrease in cost as the patient’s 

location became more rural. Though education does not follow regular intervals, higher 

education is related to higher costs. 

Both Black and Latino race variables result in increased costs of hospitalizations, 

while the obesity measures again point the opposite direction, when included with the 

race dummies. Patient income became insignificant overall, and only the top tercile of 

state income remained significant, which shows a decrease in hospital costs. A full table 

of results can be seen in Table 4 in the appendix. 

As it was possible that certain states accrue higher costs due to unaccounted 

health variables, I examined the distribution of diagnoses between each group of states. 

The concern was that a state’s population could more frequently experience a certain type 
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of hospitalization which may be more costly, falsely elevating the cost of a PAH in the 

respective state. It is also worth noting that the costs associated with PAHs were 

comparable to costs for other hospitalizations. The top ten most frequent PAHs are listed 

by diagnosis code and name, and can be seen in Table 5 in the appendix.8

 

  Pneumonia, 

congestive heart failure and chronic obstructive pulmonary disorder accounted for more 

than half the hospitalizations in each group. The only significant differences in the 

reasons for hospitalizations between each of the examined groups were a higher rate of 

COPD in the population that only had access to diagnostic care (14.1% vs. 9.0% and 

8.5%); an increased rate of congestive heart failure in the population with no coverage 

(18.2% vs. 14.3% for full coverage); and an increased risk of kidney infection or a 

urinary tract infection in the population with no coverage (6.6% vs. 5.9% vs. 6.2%).  

 Across the entire sample, acute hospitalizations were less expensive than chronic 

hospitalizations (mean of $17,204.01 vs. $22,101.69). There were no significant 

differences between all the control variables between the initial cost regression and those 

specific by type. The variables of interest are the only ones with significantly 

interpretable results. States that have full coverage experience a 22% cost decrease for 

chronic avoidable hospitalizations and 28.9% decline for acute ones. For states that only 

covered diagnostic care, the decrease was again more significant with a 40.3% decrease 

in cost for chronic conditions and a 34.8% decrease for acute hospitalizations. Full results 

can be seen in the appendix in Table 4. 

D) Cost per PAH, Dependent on Type 

 
                                                 
8 This data was collected from the full data set, not just the points from the regression.  
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Discussion: 

 The results of the analysis point to the importance of covering preventative and 

diagnostic care not only for the health of the enrollees, but also financially. A 23.3% 

decrease in frequency of avoidable hospitalizations along with a 26.3% decrease in costs 

would save a state over two billion dollars per year in hospital costs.9

 The cost variable provided both financial and health information. Cost can be 

extrapolated to determine the health of the patient when admitted to the hospital.  

Previous research has used cost as a proxy for severity of illness, making it an acceptable 

tool (Welch 1993). Welch found that the initial health status of the patient outweighed 

other factors in determining cost, a conclusion that can be applied to this paper as well. 

 Though these 

results significantly differ in magnitude from Bindman’s relative risk ratio of 3.36, it’s 

possible other variables he did not include elevated his results. Additionally, the patients 

who lost coverage may have similar shared characteristics that would worsen their overall 

health. Since my model controls for both demographic factors as well as access to care, it 

is more robust and provides more reliable results. 

The breakdown of potentially avoidable hospitalizations reveals similarly 

important conclusions. The distribution of PAHs’ diagnoses is consistent with the models 

run on chronic and acute conditions. It is unlikely that the minor differences in 

percentages of certain conditions produce such a major effect on cost. This further points 

to the result that the difference in costs occurs with severity of illness, rather than with 

endogenous difference between the populations. 

                                                 
9 This is assuming approximately 200,000 hospitalizations a year, a conservative estimate. 
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Chronic conditions, which require frequent primary care maintenance, result in a 

higher avoidable hospitalization risk for Medicaid subscribers when compared to other 

hospitalization. Meanwhile, the same patients experienced a relatively lower increased 

risk of an acute hospitalization.10

One of the inherent issues still present within this analysis is the existence of a 

true control for the availability of care. The risk of PAHs is also known to relate to the 

type of care received by the patient—the use of federally qualified health centers reduces 

the risk of PAHs by 20% (Falik 2006). Due to the proxies used, there was no way to tell 

whether the patients had full access to and were able to utilize different types of care. 

Also, since the data were taken across a single year and compiled by admission, rather 

than patient, it is possible for few patients to have many PAHs and incorrectly skew the 

sample. Additional research should seek to combine Falik’s research with that in this 

paper, giving a definitive answer on access to Medicaid services by controlling for the 

types of distribution of care as well as the proximity.  

 This points to the conclusion that availability of 

preventative care and diagnostic care can not only properly manage long-term conditions, 

but also increase overall health leading to acute events 

The patient controls for the demand of healthcare could also be further expanded. 

Though income provides some data for available health care dollars, several other factors 

including number of dependent persons living in a household, as well as reliability of 

employment could greatly affect healthcare spending behavior. I regret that the available 

data lacked this information. Furthermore, I regret that I was unable to find accurate 

                                                 
10 The relationship between sex and chronic and acute hospitalizations is one that has yet to be 
discussed within the field. Though it provides an interesting result, a further discussion was not in 
the realm of this paper. 
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measures to quantify the effect of state coverage of preventative care alone. Further 

research should seek a way to find an answer to this issue. 

Another question that still remains is why there is an increased risk of 

hospitalization for states that cover diagnostic care. A reasonable hypothesis is that the 

hospitals must fill the gap in coverage. Patients may be more aware of their chronic 

conditions and therefore use emergency medicine instead of primary care. By permitting 

patients a streamlined path towards treatment, diagnostic coverage still produces better 

health outcomes for the individual, again using hospitalization cost as a predictor of 

health. Additionally, diagnostic care may be very accessible and widely used in the states 

where only those services are offered, explaining the larger effect on cost when compared 

to covering of both types of care. 

A similarly argument of utilizing available care may hold for the explanation of 

increased risk of PAHs in a metropolitan area. If hospitals are readily available, then the 

barrier to seeking medical care in an emergency setting is lowered. Additionally, 

metropolitan areas may have a higher portion of general practitioners in private practice, 

who can legally opt to exclude Medicaid patients forcing patients to the hospital. To the 

contrary, rural Americans with small, distant hospitals have a larger incentive to seek out 

primary care—which will most likely accept their insurance—or any other alternative to 

a hospital. An extension of this argument holds for why the rural costs of avoidable 

hospitalization are 40% less expensive, as patients again may be presenting to the 

emergency room in better health, having already received some sort of local care. 

As briefly explained in the results section, summary statistics on costs revealed 

interesting trends. In states that cover neither preventative nor diagnostic care the mean 
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charge for a PAH is $25549. In states that cover only diagnostic care, it is $15661, and 

with coverage of both, it is $17534. If the results from the cost regression were applied to 

the average costs, beginning a full coverage program would allow for approximately 

$6500 expected decrease in the cost per hospitalization. Covering diagnostic care or 

covering both preventative and diagnostic care could decrease costs as patients arrive to 

the hospital in relatively healthier conditions.  

 

Conclusion: 

In my analysis, I expand previous results on the factors affecting the risk of 

PAHs, with the important addition of a coverage variable. I also use more recent, 

expansive national data that previous literature on the topic. This paper has shown that 

the combination of preventative and diagnostic coverage is effective in controlling the 

frequency and cost of potentially avoidable hospitalizations. It is more effective for PAHs 

caused by chronic conditions than for those caused by acute conditions. Also, though 

diagnostic care increases the risk of PAHs, it significantly lowers the cost per 

hospitalization. Both programs together, or diagnostic cost alone, are therefore also 

effective in sustaining the overall health of the population when using hospitalization cost 

as an indicator of health.  

The negative correlation between education and risk of a PAH, implies that 

educating a population would similarly increase their overall health outcomes. Special 

attention must also be paid to the accessibility of care, as decreasing density of doctors 

can significantly increase the risk of a potentially hospitalization. In previous research a 

shortage of providers has been found to greatly increase the risk of PAHs (Parchman 
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1994, 1999). This analysis found a similar finding that incremental increases in density of 

doctors decrease the risk of PAHs. 

A lack of coverage in conjunction with insufficient availability of care 

exacerbates problems with the delivery of health care to Americans. As the nation moves 

to new government insurance plans, recently written into law in the Healthcare and 

Education Reconciliation Act of 2010, many ask how to keep the country healthier while 

lowering costs—specifically, how Americans will afford the major Medicaid enrollment 

expansions to childless adults and to higher income individuals. This paper has shown 

how multiple factors affect the risk and cost of PAHs for Medicaid enrollees. These 

results should find significant policy implication in the management of the new health 

care plan, which will soon be available to millions of Americans. An expansion of this 

research to discover the effects specific to preventative care could provide additional 

interesting results. Future analysis should also consider whether the cost of providing 

increasing accessibility of primary care and covering preventative and diagnostic care 

outweigh the savings accrued from the programs. 
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APPENDIX 

 
FIGURE 1: Histogram of log(all hospitalization charges) 

 
 
FIGURE 2: Histogram of log(Potentially avoidable hospitalizations charges) 
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TABLE 1: Potentially Avoidable Hospitalization Conditions 

Diagnostic Group ICD-9 Codes 
Chronic   
 Asthma 493, 493.0, 493.01, 493.1, 493.2, 493.9  
 Cellulitis 263, 264, 681, 682, 682.0-682.9, 683, 686  
 Congestive Heart 

Failure (CHF) 
402.01, 402.11, 402.91, 428, 428.0, 428.1,428.9, 518.4  

 Chronic Obstructive 
Pulmonary Disorder 
(COPD) 

466, 491, 491.1, 491.20, 491.21, 491.8, 492, 492.0, 492.8, 494, 496  

 Epilepsy 345.0-345.9, 780.3  
 Hypertension 401.0, 401.9, 402.00, 402.10, 402.90  
 Diabetes 250.0-250.3, 250.8-250.10, 250.12, 250.13, 250.20, 250.22, 250.23, 

250.30, 250.32, 250.33, 250.90, 250.92, 250.93  
 
Acute 

  

 Angina 411.1, 411.8, 413  
 Hypoglycemia 251.2  
 Kidney or Urinary 

Tract Infection (UTI) 
590, 590.2, 590.9, 590.11, 599.0, 599.9  

 Pneumonia 481, 482.2, 482.3, 482.9, 483, 483.0, 485, 486  
 Dehydration 276.5  
 Gastroenteritis 558.9  
 Severe Ear Nose and 

Throat (ENT) 
infection 

382, 382.1-382.9, 382.00-382.02, 462, 463, 464, 465, 472.1  
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TABLE 2: Explanation of Variables 
 
Variables Description Range if Applicable 
Dependent Variables   

 PAH Dummy variable=1 if the hospitalization is avoidable  
ChronicAcute Continuous Variable 

0=a non-avoidable hospitalization 
1=an avoidable hospitalization due to an acute condition 
2=an avoidable hospitalization due to a chronic condition 

 

 Log(PAHcharge) Continuous variable for the logarithm of the cost of 
avoidable hospitalization 

 

 Log(Chronic 
Charge) 

Continuous variable for the logarithm of the cost of 
avoidable hospitalization due to a chronic condition 

 

 Log(Acute 
Charge) 

Continuous variable for the logarithm of the cost of 
avoidable hospitalization due to an acute condition 

 

Independent Variables 

  

 FEM Sex variable of patient 1=female  
 BLACK Race variable of patient, 1=Black  

LATINO Race variable of patient, 1=Latino  

 OTHER Race variable of patient, 1=other  
OBESITY Obesity measure by percentages for the patients state and 

race 
Q1=0-18.9% 

 Q2=19.0%-27.1% 
Q3=27.2%-39.8% 

 EDUC Education measure by percentage of people 25+ years with 
4+ years of college 

Q1=0%-12.72% 
Q2=12.73%-14.70% 
Q3=14.71%-18.52% 
Q4=18.53%-36.02% 

AGE Age of the patient Q1=18-32 
Q2=33-42 
Q3=43-49 
Q4=50-56 
Q5=57-65 

INC Income of the patients zip-code Q1=$0-$35,999 
Q2=$36,000-$44,999 
Q3=$45,000-$58,999 
Q4=$59,000+ 

MDS County Sum of MDs and PAs in 1000s  

MDSDENS Sum of County MDs and PAs divided by the product of 
(county population*county land area) scaled to 1000 people 
and 100 square miles 

Q1=0-0.021499 
Q2=0.0215-0.0433 
Q3=0.0434-0.0676 
Q4=0.0677-0.1339 
Q5=0.134-0.608 
Q6=0.609-2.43 

DENS Rural/Urban identifier for the patient 
1=large metropolitan, 2=small metropolitan, 3=micropolitan, 
4=no core 

 

STATEINC Average income of the patient’s state Q1=$0-$34259 
Q2=$34260-$38956 
Q3=$38957+ 

DIAG Patient’s state covers only diagnostic care=1, state lacks 
coverage=0 

 

PREVDIAG Patient’s state covers both diagnostic and preventative 
care=1, state lacks coverage=0 
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TABLE 3: Probability Results from Logistic and Multinomial Logistic Regressions for 
Potentially Avoidable Hospitalizations (PAHs) 
 

  Logistic Regression Multinomial Logistic Regression 
 

 Range 
Total PAH Odds Ratio,  

95% CI 
Acute Odds Ratio, 

95% CI 
Chronic Odds Ratio, 

95% CI 
Female  0.988  (0.966, 1.009) 1.234*** (1.190, 1.278) 0.877*** (0.854, 0.900) 
Black  1.213*** (1.132, 1.298) 1.154* (1.033, 1.288) 1.219*** (1.121, 1.325) 
Latino  0.978 (0.937, 1.021) 1.123** (1.051, 1.199) 0.896*** (0.849, 0.946) 
Other  0.756*** (0.715, 0.799) 0.892* (0.815, 0.974) 0.687*** (0.642, 0.735) 
State 
Obesity+ 

Q2 0.893*** (0.848, 0.939) 0.913* (0.840, 0.991) 0.883*** (0.830, 0.937) 
Q3= 
highest 

0.857*** (0.798, 0.919) 0.826** (0.737, 0.925) 0.889** (0.815, 0.970) 

County 
Education+  

Q2 0.818*** (0.787, 0.849) 0.830*** (0.781, 0.882) 0.812*** (0.774, 0.850) 
Q3 0.699*** (0.674, 0.725) 0.690*** (0.651, 0.731) 0.705*** (0.674, 0.737) 
Q4= 
highest 

0.651*** (0.628, 0.675) 0.619*** (0.583, 0.655) 0.671*** (0.642, 0.701) 

Age+ Q2 1.151*** (1.109, 1.194) 1.005  (0.949, 1.064) 1.261*** (1.202, 1.321) 
Q3 1.474*** (1.421, 1.527) 1.187*** (1.121, 1.255) 1.687*** (1.612, 1.765) 
Q4 1.824*** (1.760, 1.890) 1.432*** (1.354, 1.514) 2.115*** (2.022, 2.211) 
Q5= 
highest 

2.294*** (2.215, 2.375) 1.767*** (1.674, 1.865) 2.687*** (2.571, 2.806) 

Zip-code 
Income+ 

Q2 0.993  (0.966, 1.020) 1.013  (0.969, 1.058) 0.982  (0.950, 1.015) 
Q3 0.937*** (0.907, 0.966) 0.977  (0.928, 1.028) 0.915*** (0.880, 0.951) 
Q4= 
highest 

0.920*** (0.885, 0.957) 0.985  (0.925, 1.048) 0.886*** (0.844, 0.929) 

County Sum 
of MDs and 
PAs 

 0.896*** (0.880, 0.911) 0.870*** (0.845, 0.894) 0.909*** (0.890, 0.927) 

County 
Density of 
MDs+ 

Q2 0.883*** (0.843, 0.925) 0.899** (0.833, 0.968) 0.878*** (0.830, 0.928) 
Q3 0.908*** (0.862, 0.956) 0.955  (0.879, 1.037) 0.884*** (0.830, 0.940) 
Q4 0.932** (0.884, 0.982) 0.942  (0.865, 1.025) 0.929* (0.871, 0.989) 
Q5 0.866*** (0.820, 0.914) 0.937  (0.859, 1.022) 0.829*** (0.776, 0.885) 
Q6= 
highest 

0.634*** (0.598, 0.671) 0.657*** (0.597, 0.721) 0.623*** (0.580, 0.668) 

State 
Income+ 

Q2 0.915*** (0.877, 0.953) 1.060  (0.993, 1.131) 0.840*** (0.798, 0.883) 
Q3= 
highest 

1.057* (1.013, 1.102) 1.199*** (1.119, 1.283) 0.990  (0.940, 1.041) 

Rural/Urban 
Identifier++ 

Small 
metro. 

0.874*** (0.845, 0.903) 0.884*** (0.838, 0.932) 0.867*** (0.832, 0.902) 

Micro-
politan 

0.774*** (0.737, 0.812) 0.835*** (0.773, 0.901) 0.739*** (0.696, 0.784) 

No core 0.948* (0.899, 0.999) 1.061  (0.976, 1.152) 0.887*** (0.831, 0.945) 
Preventative 
& Diagnostic 

 0.767*** (0.733, 0.802) 0.831*** (0.774, 0.892) 0.731*** (0.691, 0.771) 

Only 
Diagnostic 

 1.366*** (1.298, 1.436) 1.230*** (1.136, 1.332) 1.452*** (1.365, 1.544) 

Pseudo  
R-squared 

 0.0232 0.0217 0.0217 

Note: *significance at the 5% level, **significance at the 1% level, ***significance at the 0.1% level 
+Lowest quantile is excluded, full quantile distributions can be seen in Table 2 
++Metropolitan group excluded 
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TABLE 4: Ordinary Least Squared Results from log(Hospital Charges) 
 

 Range 
PAH Charge Coefficient, 

95% CI 
Chronic PAH Charge 
Coefficient, 95% CI 

Acute PAH Charge 
Coefficient, 95% CI 

Female  -0.021* (-0.038, -0.004) -0.002 (-0.024, 0.019) -0.051*** (-0.078, -0.022) 
Black  0.181*** (0.126, 0.234) 0.195*** (0.127, 0.263) 0.140** (0.050, 0.228) 
Latino  0.201*** (0.167, 0.235) 0.231*** (0.186, 0.275) 0.162*** (0.109, 0.214) 
Other  -0.111*** (-0.153, -0.068) -0.152*** (-0.207, -0.096) -0.110** (-0.181, -0.039) 
State 
Obesity+ 

Q2 -0.243*** (-0.282, -0.204) -0.292*** (-0.341, -0.243) -0.185*** (-0.249, -0.119) 
Q3= 
highest 

-0.322*** (-0.377, -0.265) -0.375*** (-0.445, -0.303) -0.232*** (-0.322, -0.140) 

County 
Education+  

Q2 0.168*** (0.137, 0.198) 0.191*** (0.151, 0.229) 0.150*** (0.100, 0.199) 
Q3 0.207*** (0.177, 0.235) 0.243*** (0.206, 0.280) 0.161*** (0.113, 0.208) 
Q4= 
highest 

0.175*** (0.145, 0.204) 0.213*** (0.175, 0.249) 0.122*** (0.073, 0.169) 

Age+ Q2 0.115*** (0.084, 0.144) 0.116*** (0.076, 0.155) 0.107*** (0.061, 0.153) 
Q3 0.206*** (0.177, 0.234) 0.206*** (0.168, 0.243) 0.204*** (0.159, 0.249) 
Q4 0.292*** (0.263, 0.320) 0.299*** (0.261, 0.336) 0.276*** (0.232, 0.320) 
Q5= 
highest 

0.352*** (0.324, 0.379) 0.367*** (0.331, 0.403) 0.318*** (0.274, 0.360) 

Zip-code 
Income+ 

Q2 -0.02 (-0.041, 0.0013) -0.022 (-0.050, 0.005) -0.002 (-0.036, 0.033) 
Q3 -0.040** (-0.064, -0.014) -0.028 (-0.060, 0.003) -0.052** (-0.091, -0.011) 
Q4= 
highest 

0.014 (-0.017, 0.0452) 0.025 (-0.015, 0.065) 0.007 (-0.043, 0.058) 

County 
Sum of 
MDs and 
PAs 

 -0.022** (-0.035, -0.008) -0.021 (-0.038, -0.003) -0.001 (-0.023, 0.022) 

County 
Density of 
MDs+ 

Q2 -0.059** (-0.094, -0.024) -0.042 (-0.088, 0.005) -0.012 (-0.071, 0.047) 
Q3 -0.199*** (-0.238, -0.160) -0.199*** (-0.250, -0.147) -0.119*** (-0.184, -0.054) 
Q4 -0.293*** (-0.333, -0.253) -0.318*** (-0.370, -0.264) -0.166*** (-0.233, -0.099) 
Q5 -0.257*** (-0.297, -0.216) -0.217*** (-0.270, -0.163) -0.246*** (-0.313, -0.178) 
Q6= 
highest 

-0.081** (-0.125, -0.035) -0.084** (-0.142, -0.025) 0.03 (-0.045, 0.105) 

State 
Income+ 

Q2 0.022 (0.010, 0.053) -0.078*** (-0.111, -0.044) -0.070** (-0.112, -0.026) 
Q3= 
highest 

-0.099*** (-0.132, -0.065) -0.265*** (-0.314, -0.215) -0.335*** (-0.396, -0.272) 

Rural/Urban 
Identifier++ 

Small 
metro. 

-0.088*** (-0.114, -0.061) -0.338*** (-0.392, -0.283) -0.448*** (-0.513, -0.381) 

Micro-
politan 

-0.308*** (-0.346, -0.269) 0.005 (-0.036, 0.046) 0.05 (-0.001, 0.101) 

No core -0.400*** (-0.442, -0.358) -0.137*** (-0.180, -0.094) -0.065* (-0.119, -0.010) 
Preventative 
& 
Diagnostic 

 -0.263*** (-0.298, -0.228) -0.221*** (-0.266, -0.175) -0.289*** (-0.412, -0.284) 

Only 
Diagnostic 

 -0.397*** (-0.436, -0.357) -0.403*** (-0.454, -0.351) -0.348*** (-0.345, -0.232) 

Constant   9.886*** (9.825, 9.946) 9.876*** (9.798, 9.954) 9.792*** (9.693, 9.890) 
R-squared  0.144 0.139 0.155 
Note: *significance at the 5% level, **significance at the 1% level, ***significance at the 0.1% level 
+Lowest quantile is excluded, full quantile distributions can be seen in Table 2 
++Metropolitan group excluded 



 

 34 

TABLE 5: Breakdown of ICD-9 Codes by Coverage Type: Percentage over Total 
Hospitalizations 

Diagnosis Name ICD-9 Code All States 

Only 
Diagnostic 
Care 

Both 
Preventative 
and Diagnostic 

Neither 
Preventative 
nor Diagnostic 

Pneumonia 486 25.2% 26.9% 24.9% 25.1% 
CHF 4280 15.8% 16.2% 14.3% 18.2% 
COPD 49121 9.3% 14.1% 9.0% 8.5% 
Cellulitis 6826 7.9% 6.4% 8.6% 7.4% 
Gastroenteritis 5589 6.6% 5.8% 6.8% 6.7% 
Kidney or UTI 5990 6.1% 6.2% 5.9% 6.6% 
Diabetes 25013 2.9% 2.6% 3.0% 2.7% 
Cellulitis 6823 2.6% 2.1% 2.4% 2.6% 
Cellulitis 6820 2.1% 1.8% 2.2% 2.1% 
Hypertension 4019 1.7% 1.8% 2.7% 2.2% 

 Number of 
Observations    81,645   7,959  46,280   25,489  

 


