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Abstract 

The Critical Access Hospital (CAH) Program has offered Medicare cost-based 

reimbursement to small hospitals that meet certain eligibility criteria to improve 

their financial viability and quality of care.  However, cost-based reimbursement 

has been associated with inefficiency in hospital operations.  This study uses a 

two-stage approach and bootstrap procedures to examine the effects of 

environmental variables on the technical efficiency of CAHs.  The two-stage 

approach with quality controls significantly improved statistical efficiency of 

parameter estimates in the second stage bootstrapped truncated regression relative 

to a similar model without quality controls.  Overall, our results suggest that 

enhanced Medicare reimbursement may not have had detrimental effects on the 

technical efficiency of CAHs.   
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1 Introduction 

The Critical Access Hospital (CAH) Program, introduced by the Rural Hospital 

Flexibility (Flex) Program, represents a subset of mostly rural hospitals that 

receive special cost-based reimbursement for treating Medicare patients.  Starting 

in 1997, the program has allowed for more than 1,300 hospitals to convert to CAH 

status in exchange for accepting some restrictions.  Most importantly, CAH 

conversion requires hospitals to be at least 35 miles by primary road, or 15 miles 

by secondary road, from the nearest hospital,
1
 have no more than 25 acute care 

beds, and maintain an annual average length of in-patient stay of 96 hours or less.  

 Medicare has paid CAHs on a cost basis rather than the prospective 

payment system (PPS)
2
 in order to protect these financially vulnerable hospitals 

that are important for access to care in isolated rural areas [2].  A low patient 

volume has made it difficult for small rural hospitals to recover their Medicare 

costs under PPS [1].  The CAH Program has increased Medicare payments to 

converting hospitals to improve their financial viability and potentially prevent 

hospital closure.  While it is widely believed that the CAH Program has 

maintained access to care in remote regions, concerns have been raised about the 

effect of Medicare reimbursement on the efficiency of CAHs [1].  In particular, 

cost-based reimbursement − which was used by Medicare to reimburse hospitals 

before 1983 – provided an incentive for hospitals to increase costs (i.e., 

oversupply services and/or overuse resources) in order to receive higher revenues 

because Medicare paid on a cost basis [3-4]. 

                                                 

1
Before January 2006, states were allowed to waive the distance requirement for hospitals that 

were declared “necessary providers” and qualify them for CAH conversion. Thus, some CAHs are 

quite close to other hospitals. For a detailed description of the CAH Program, see [1]. 
2
 PPS pays a fixed price per case based on the diagnosis-related group (DRG), constraining 

hospitals to keep their unit costs below PPS rates in order to remain financially viable.   
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In a recent article, Rosko and Mutter [5] examined cost inefficiency 

differences between CAH and non-CAH rural hospitals using stochastic frontier 

analysis.  They found that, on average, CAHs were more cost inefficient than non-

CAH rural hospitals and that there was a positive association between the number 

of years in the CAH Program and cost inefficiency.  However, by jointly using 

CAH and non-CAH rural hospitals in their analysis, they were unable to isolate 

the marginal effects of Medicare and Medicaid patient mix on CAHs’ efficiency.  

Cost-based reimbursement has been the primary factor driving CAH conversion 

and the effects of Medicare and Medicaid reimbursement on the efficiency of 

CAHs may be of interest for policy makers. 

In light of the above discussion, the question that arises is: among those 

hospitals that have already converted to CAH status, does an increased Medicare 

patient mix have a negative effect on the technical efficiency of CAHs?  That is, if 

cost-based reimbursement creates a disincentive for hospitals to operate 

efficiently, would we expect to see CAH hospitals with a higher proportion of 

Medicare cost-based reimbursement patients have greater decreases in technical 

efficiency? 

In this paper, we seek to answer to this question by focusing on CAH 

certified rural hospitals using recent methodological advancements in efficiency 

analysis.  Specifically, we use a two-stage, semi-parametric approach and 

bootstrap procedures proposed by Simar and Wilson [6] to estimate technical 

efficiency scores and make valid inferences about the impact of environmental 

variables (i.e., Medicare and Medicaid reimbursement, hospital ownership, market 

competition) on CAHs’ efficiency.   

In the two-stage approach, technical efficiency scores, estimated in the 

first stage using data envelopment analysis (DEA), are then regressed, in the 
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second stage, on environmental variables to investigate their effect on efficiency.  

A firm (CAH in our case) is technically efficient if it produces its outputs using 

minimum input quantities [7].  DEA measures efficiency of a firm relative to a 

nonparametric estimate of the best-practice (efficient) frontier constructed from 

the most efficient firms.  We assess technical efficiency of CAHs in 2005 and 

2006 controlling for quality using measures (publicly available) as additional 

outputs in the DEA model [8-9].   

The two-stage approach has been a popular technique for efficiency 

analysis.  In an influential paper, however, Simar and Wilson [6] criticized 

previous applications of the two-stage approach because of the failure to account 

for the correlation present among efficiency estimates.  They show that DEA 

efficiency scores are serially correlated and inference in the second stage 

regression is invalid based on standard methods.  The correlation arises in finite 

samples because the efficiency score of a firm is estimated relative to the 

efficiencies of peer firms lying on the frontier.  Simar and Wilson [6] defined a 

statistical model where a truncated regression with a parametric bootstrap 

procedure (Algorithm #1) allows for valid inference in the second stage analysis.   

 An additional problem arises from the fact that the DEA efficiency 

estimator is biased by construction; however, it is a consistent estimator [10].  In 

order to account for both the bias and serial correlation of efficiency scores, Simar 

and Wilson [6] developed the so called double bootstrap procedure (Algorithm 

#2).  In the double bootstrap approach, the DEA efficiency estimator is corrected 

for bias, in the first stage, using a specific bootstrap procedure.  In the second 

stage, bias-corrected efficiency scores are regressed on environmental variables 

using a second, parametric bootstrap procedure applied to the truncated 

regression.  Although the methodology proposed by Simar and Wilson [6] has 



5 

become an important approach for efficiency analysis (see, for example, Zelenyuk 

and Zheka [11], and Demchuk and Zelennyuk [12] for empirical applications), we 

are unaware of any study that has applied the double bootstrap procedure to 

analyze efficiency in the U.S. hospital industry.  In this study, we use both 

bootstrap algorithms of Simar and Wilson [6] to investigate how the technical 

efficiency of CAHs is influenced by environmental variables, in particular, 

Medicare and Medicaid reimbursement.  

2 Literature review 

Since its creation, there has been a growing interest in evaluating the performance 

of the CAH Program.  Previous research focused almost exclusively on evaluating 

financial performance and quality of care of CAHs.  Using Medicare Cost Report 

data, Pink et al. [13] developed comparative financial indicators for CAHs.  Based 

on these financial indicators, Pink et al. [14] found significant differences in 

financial performance among CAH peer groups.  MedPAC [1] reported hospitals 

that converted to CAH status dramatically increased their Medicare payments and 

improved their all-payer profit margins between 1998 and 2003.  Using an eight-

year panel of 89 rural hospitals in Iowa, Li et al. [15] found that hospitals that 

converted to CAH status significantly increased their operating revenues, 

expenses, and margins.  Li et al. [16] examined the impact of CAH conversion on 

hospital patient safety and found that CAH conversion was associated with 

improved performance of certain Patient Safety Indicators.  Analyzing quality 

improvements in CAHs, Casey and Moscovice [17] found that Medicare cost-

based reimbursement allowed CAHs to fund additional staff, staff training, and 

equipment to improve patient care.  Rosko and Mutter [5] compared the cost 

inefficiency of CAHs with that of prospectively paid rural hospitals using 
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stochastic frontier analysis and found that CAHs were, on average, more cost 

inefficient. 

 The contribution of our paper to the literature is twofold.  First, through 

focusing solely on the CAH hospital subset, we examine the effect of Medicare 

cost-based reimbursement on the technical efficiency of CAHs.  The second 

contribution is the application of recent methodological advancements to hospital 

efficiency analysis, namely the two-stage approach with bootstrap procedures 

suggested by Simar and Wilson [6]. 

3 Data 

Data used in this study come from the American Hospital Association (AHA) 

Annual Survey of Hospitals, the Centers for Medicare and Medicaid Services 

(CMS) Hospital Compare public reporting database for hospital quality measures, 

and from the Area Resource File.  We focus on the set of community, general 

rural hospitals in the U.S. classified as Critical Access Hospitals.  For the purpose 

of this study, we used data on CAH rural hospitals in 2005 and 2006. 

 

3.1 DEA variables 

The choice of outputs and inputs used in the DEA model was guided by previous 

literature [5,9].  Specifically, we used as hospital outputs the number of outpatient 

visits, the number of admissions, post-admission days (inpatient days – 

admissions), emergency room visits, outpatient surgeries, and total births (Table 

1).  The inputs used for DEA efficiency estimation consists of labor and capital 

inputs.  The labor inputs are full time equivalent (FTE) registered nurses, FTE 

licensed practical nurses, and other FTEs, while the capital input is represented by 

total staffed and licensed hospital beds [9].   
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To control for the quality of care, we follow Nayar and Ozcan [8] and use 

quality measures publicly available from the CMS Hospital Compare database.
3
  

Although the Hospital Compare database provides quality measures reflecting 

recommended treatments for acute myocardial infarction (AMI), heart failure, and 

pneumonia, only quality measures for pneumonia were selected for this study 

because there were too many missing observations for AMI and heart failure.  

Unfortunately, the proportion of CAHs reporting quality information in 2005 and 

2006 was low.
4
  Additionally, only those hospitals for which quality measures 

were calculated based on at least 25 patients (consistent with CMS 

recommendations) were used in the analysis, which further reduced the sample 

size.  Two quality measures are used in this study: (1) percent of patients given 

pneumococcal vaccination (i.e., pneumonia patients age 65 and older who were 

screened for pneumococcal vaccine status and were administered the vaccine prior 

to discharge, if indicated), and (2) percent of patients given initial antibiotic 

timing (i.e., pneumonia patients given initial antibiotic within four hours after 

arrival).  The data sample consists of 186 rural CAHs in 2005 and 229 rural CAHs 

in 2006.   

A particular challenge in this study is adjusting outputs to control for case-

mix variations.  Unfortunately, there is no Medicare Case-Mix Index available for 

CAHs as these hospitals are exempted from the PPS system.  Ozgen and Ozcan 

[18] and others noted that the lack of case-mix variables in DEA efficiency 

models is in part compensated by specification of multiple outputs.  In this study, 

the vector of outputs was expanded beyond the usual inpatient and outpatient 

                                                 

3
 Data on quality measures can be downloaded from 

http://www.hospitalcompare.hhs.gov/staticpages/help/hospital-resources.aspx. 
4
 CAHs voluntarily report quality measures to Hospital Compare and they do not have the 

financial incentives of PPS hospitals to consistently report quality information to CMS. 
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outputs used in hospital efficiency studies by including emergency room visits, 

outpatient surgeries, and births as case-mix controls. 

 

3.2 Environmental variables   

The specification of environmental variables used in the second stage regression 

(Table 1) follows recent literature on hospital efficiency.  Rosko and Mutter [19] 

broadly classify these variables as internal factors (ownership status and system 

membership) and external factors (public payment policy, hospital competition 

and health maintenance organization penetration). 

Previous studies showed that the external financial pressure from Medicare 

and Medicaid is a key factor affecting hospital efficiency [19].  While variables 

representing shares of revenue from Medicare and Medicaid would be desirable to 

control for external pressure for efficiency of public payers, such measures are not 

available.  Instead, we follow previous literature [5,19] and use proxies such as 

Medicare percent of admissions ((Medicare admissions / total admissions) × 100) 

and Medicaid percent of admissions ((Medicaid admissions / total admissions) × 

100).  The rationale for the Medicare cost-based reimbursement of CAHs has 

been to improve the financial situation of many small rural hospitals that were 

unable to cover their costs under PPS.  Cost-based reimbursement, however, has 

been related with inefficiency in hospital operations [3-4].  Since CAHs receive 

Medicare cost-based reimbursement, we want to test whether Medicare percent of 

admissions (a proxy for Medicare reimbursement) is inversely associated with 

CAHs’ technical efficiency.  It has also been shown that Medicaid typically 

underpays hospitals and exerts cost containment pressures irrespective of the 

payment system [19].  Therefore, Medicaid percent of admissions is expected to 

be directly associated with CAHs’ technical efficiency.   
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Binary variables that define government and for-profit hospitals, with non-

profit hospitals as the reference category, are used to control for the internal 

pressure for efficiency associated with ownership [5,19].  One line of thought in 

the theoretical literature indicates that the effect of ownership on hospital 

efficiency should be consistent with property rights theory (PRT) which argues 

that when property rights are not clearly specified, incentives decline that promote 

efficient behavior.  Based on PRT, we would expect that for-profit hospitals will 

place a greater emphasis on increasing efficiency than non-profit and government 

hospitals.  However, the empirical literature that examined the impact of 

ownership on hospital efficiency reported mixed findings.  Using DEA, several 

studies found that non-profit hospitals are more efficient than for-profit hospitals 

[20] or for-profit hospitals are more efficient than non-profit ones [21].  Another 

internal factor that has been associated with hospital efficiency is membership in a 

multihospital system [19]. 

We use a Herfindahl-Hirschman index (HHI) to control for competitive 

pressure in a hospital’s market at the county level (consistent with previous 

studies).  HHI is calculated by summing the squares of the market shares of 

admissions for all of the hospitals in the county [22] and it takes a value between 

0 and 1, with values of HHI approaching 1 indicating less competitive pressures.  

Recent research showed an inverse relationship between HHI and hospital 

efficiency [5]. 

Health Maintenance Organization (HMO) penetration constitutes another 

source of external pressure for efficiency.  Previous literature showed that HMO 

penetration is directly associated with hospital efficiency [22].  Similar to Rosko 

and Mutter [5], we used percent of Medicare HMO penetration as a proxy for 

general HMO penetration.  We also included in the second stage model the 
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median household income of the county (from the Area Resource File) and a 

dummy variable for 2006 to control for time effects. 

4 Methodology 

4.1 DEA efficiency estimator (first stage) 

For the efficiency analysis of CAHs, we use a two-stage approach along the line 

of Simar and Wilson [6].  In the first stage, a DEA efficiency estimator is used to 

obtain technical efficiency scores for individual CAHs.  The main advantage of 

DEA is that it can easily accommodate multiple inputs and outputs and requires 

no specific assumption about the functional form of the frontier.
5
  However, DEA 

is deterministic, meaning that deviations from the efficient frontier are entirely 

assumed to be due to inefficiency and no allowance is made for statistical noise.   

Consistent with the statistical model defined by Simar and Wilson [6], we 

specify the following production or technology set: 

} producecan  |),{( yxRyxT MN

  (1) 

where NRx  is a vector of N inputs used to produce a vector of M outputs, 

MRy  .  The upper boundary of T, which represents the technology or production 

frontier, is of interest for efficiency measurement.  Inefficient hospitals operate at 

points in the interior of T, with the distance from each point in T to the frontier 

representing inefficiency, while those that are efficient operate on the frontier.   

  In this study, an input-oriented, variable returns to scale (VRS) approach 

to efficiency measurement is used, based on the assumption that hospitals have 

                                                 

5
 Alternatively, one can use a stochastic frontier model which, as a parametric approach, requires 

strong assumptions about the functional form and error distributions. Further, a stochastic frontier 

model cannot easily accommodate multiple outputs and inputs. 
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more control over their inputs than over the outputs.  The Farrell [7] input-

oriented measure of technical efficiency is:  

}),(|{inf ),( Tyxyx    (2) 

which gives the radial, proportionate reduction in inputs for a hospital to become 

technically efficient in the sense that ),( yx is on the efficient frontier.  By 

construction, 1),(0  yx and a hospital is efficient if 1),( yx .   

In practice, T and ),( yx are unobserved and their estimates can be 

consistently obtained from the observed data by employing a DEA efficiency 

estimator.  Let yrj be a vector of outputs (r = 1,…., M) and xij a vector of inputs (i 

= 1,…..., N) for each hospital j (j = 1,….., n).  For a given level of outputs yro and 

a given level of inputs xio for hospital o, the input-oriented measure of technical 

efficiency, assuming VRS, can be estimated by solving the following DEA linear 

programming problem: 

:subject to    Min
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(3)
 

where λj (j = 1, …., n) are the intensity variables over which optimization in (3) is 

made.  The objective of (3) is to find the minimum θ that proportionally reduces 

the input vector to iox while guaranteeing at least the output level roy . The 

optimal solution is 1ˆ  , where 1ˆ   indicates a point on the efficient frontier 

and, hence, a technically efficient hospital.  1ˆ   indicates that it is possible to 

produce the observed level of outputs using proportionately less than the observed  

input levels of the hospital.   
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4.2 Truncated regression (second stage) 

Our focus in this study is generating valid inferences about the impact of 

environmental variables on the technical efficiency of CAHs.  For this, we follow 

Simar and Wilson [6] and specify, at the second stage, the truncated regression 

model:
6
 

1ˆ0  iii z     i = 1, 2,…., n  (4) 

where î is the DEA estimated technical efficiency score of the i-th hospital, εi is 

assumed to be normally distributed with left truncation at iz  and right 

truncation at iz1 , zi is a vector of environmental variables which are thought 

to have an effect on hospital efficiency, and β is a vector of parameters to be 

estimated.  The implicit assumption is that the environmental variables only 

impact the efficiency scores and have no effect on the frontier [6].  Unfortunately, 

î ’s and, implicitly, εi’s (i = 1, 2,…, n) in (4) are serially correlated. While the 

correlation among εi’s disappears asymptotically, standard methods for inference 

are invalid.  To provide valid inference in the second stage analysis, Simar and 

Wilson [6] suggest using a parametric bootstrap of the truncated regression in (4) 

which they call Algorithm #1.  This single bootstrap procedure (Algorithm #1) 

can improve on inference in the second stage regression, but without correcting 

the DEA estimator for bias. 

 Alternatively, Simar and Wilson [6] suggest using a bootstrap procedure to 

obtain bias-corrected DEA estimates of technical efficiency and use them as the 

                                                 

6
 Many of the previous two-stage studies used a tobit (censored) regression in the second stage.  

However, Simar and Wilson showed that tobit is a misspecification under their statistical model.    
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dependent variable in the second stage regression.  This approach has been shown 

to improve the statistical efficiency of the parameter estimator in the second stage 

truncated regression [6].  The truncated regression model can be rewritten as 

1
ˆ̂

0  iii z    (5) 

where )ˆ(ˆˆ̂
iii bias   is the bias-corrected estimator of technical efficiency and 

)ˆ( ibias  is the bootstrap bias estimate of î .  For valid inference about β, a second 

bootstrap procedure must be applied to the truncated regression in (5).  The 

specific steps of the double bootstrap procedure used in this study follow from 

Algorithm #2 of Simar and Wilson [6], modified to account for the left and right 

boundaries of input-oriented technical efficiency scores:  

1. Using the original sample of data, estimate the input-oriented DEA 

technical efficiency scores î ’s (i = 1,…., n). 

2. Obtain estimates ̂ in the truncated regression 1ˆ0  iii z   using 

m<n observations, when 1ˆ i . 

3. Loop over the next four steps (3.1 - 3.4) L1 = 100 times to obtain a set of 

bootstrap estimates   1

1

*ˆ
L

bibB


  , i = 1, ….., n: 

3.1. For each i = 1, ….., n draw εi  from )ˆ,0( 2N  with left truncation at 

̂iz  and  right truncation at ̂1 iz . 

3.2. Compute iii z   ˆ* , i = 1, ….., n. 

3.3. Set 
** /ˆ
iiii xx  and ii yy * , i = 1, ….., n. 

3.4. Using *

ix and *

iy , estimate *ˆ
i  (i = 1,…., n) using the DEA 

estimator. 
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4. For each i = 1, ….., n, compute the bias-corrected estimates i
ˆ̂

using the 

bootstrap estimates in B and the original estimates î .   

5. Estimate the truncated regression of i
ˆ̂

 on zi to obtain estimates 
ˆ̂

. 

6. Loop over the next three steps (6.1 – 6.3) L2 = 2000 times to obtain a set of 

bootstrap estimates 
2

1

*ˆ̂
L

b





  : 

6.1. For each i = 1,…., n, draw εi from )ˆ̂,0( 2N with left truncation at 


ˆ̂

iz  and  right truncation at 
ˆ̂

1 iz . 

6.2. Compute iii z  
ˆ̂** , i = 1,….., n. 

6.3. Estimate the truncated regression of **

i on zi, yielding 

estimates
*ˆ̂

 .  

7. Use the bootstrap values in Δ and the original estimates 
ˆ̂

 to construct 

confidence intervals for each element of β.  The (1-α) confidence interval for 

βj is constructed by finding values aα/2 and bα/2 such that 

  





  1)
ˆ̂ˆ̂

(Pr *

2/

**

2/ ab jj . 

5 Results 

In the first stage, DEA is used with the two years of data (2005 and 2006) jointly 

to estimate technical efficiency scores of CAHs.  This approach offers the 

advantage of a substantial increase in the sample size which is important for 

obtaining reliable estimates of efficiency used in the second stage regression [11].  

In the second stage, we use a pooled cross-sectional design for the truncated 

regression model.   
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5.1 Technical efficiency scores (first stage) 

Table 2 presents original and bias-corrected mean technical efficiency of CAHs.  

The original (uncorrected) mean technical efficiency of CAHs estimated using 

DEA without quality outputs was 0.84 and increased to 0.89 when quality outputs 

were included in the DEA model.  These results are consistent with Nayar and 

Ozcan [8] who found that the average technical efficiency of a sample of hospitals 

in Virginia increased from 0.81 to 0.86 after the inclusion of three quality 

measures for pneumonia (from CMS Hospital Compare) in the DEA model.   

Alternatively, this increase in technical efficiency after controlling for quality 

could be a consequence of the increased number of outputs in the DEA model. 

  We further investigated the sensitivity of technical efficiency scores with 

respect to quality outputs using an approach suggested by Simar and Zelenyuk 

[23].  Specifically, a nonparametric kernel density estimator was used to estimate 

the densities of efficiency scores from the two DEA models in which quality 

outputs were included and excluded.  The null hypothesis on equality between 

these densities was tested using a bootstrap-based test (see Simar and Zelenyuk 

[23] for details).  Simar-Zelenyuk test rejected the null hypothesis of equal 

densities (Simar-Zelenyuk test = 3.26, bootstrap p-value = 0.003)
7
, suggesting that 

quality has a statistically significant effect on CAHs’ technical efficiency. 

The results in Table 2 also indicate that the bias-corrected efficiency 

scores are, on average, lower than the uncorrected DEA estimates suggesting that 

the uncorrected efficiency estimates are upward biased.  Specifically, the mean of 

bias-corrected efficiency scores was 0.76 in the DEA model with quality outputs 

                                                 

7
 Result estimated using Matlab after adopting from programs written for Simar and Zelenyuk 

[23]. 
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suggesting that, without correcting for bias, the estimated results would have 

indicated that CAHs were performing more technically efficient than they actually 

were.   

 

5.2 Truncated regression results (second stage) 

The focus of this study is on using the two-stage approach with bootstrap 

procedures suggested by Simar and Wilson [6] to make valid inferences about the 

effects of environmental variables on CAHs’ technical efficiency.  The dependent 

variable in the second stage truncated regression is hospital technical efficiency; 

therefore, a positive (negative) coefficient indicates a positive (negative) marginal 

effect on efficiency.  Table 3 summarizes the results of three bootstrapped 

truncated regression models (see Tables A.4, A.5, and A.6 in Appendix for 

percentile bootstrap confidence intervals of the truncated regression coefficients).   

Model 1 in Table 3 was based on Algorithm #2 where bias-corrected 

efficiency scores, estimated in the first stage DEA model with no quality outputs, 

were used in the second stage bootstrapped truncated regression.  The results of 

Model 1 show that the coefficients of most environmental variables are 

insignificant (only system membership has a positive and significant coefficient, 

as expected).  Model 2, in which quality outputs were included in the DEA model, 

was based on Algorithm #1 where original (uncorrected) technical efficiency 

scores were regressed on environmental variables in the second stage 

bootstrapped truncated regression.  The results show that Model 2 is also 

characterized by low statistical significance (only HHI was found significant in 

Model 2).  Model 3 was based on Algorithm #2 in which bias-corrected technical 

efficiency scores obtained in the first stage DEA model with quality outputs were 

regressed, in the second stage, on environmental variables.  Relative to Model 1, 



17 

the results of Model 3 show a clear improvement in the statistical significance of 

the estimated coefficients when quality is accounted for in efficiency estimation.  

Similarly, Model 3 shows a clear improvement in statistical efficiency relative to 

Model 2.  This is consistent with Simar and Wilson [6] findings that Algorithm #2 

improves statistical efficiency in the second stage truncated regression more than 

Algorithm #1.    

Now, we refer to Model 3 (the benchmark) for the interpretation of the 

coefficients.  The key variables are the two proxies for Medicare and Medicaid 

reimbursement.  It is widely recognized that hospitals respond to the Medicare 

and Medicaid reimbursement mechanism.  For example, previous studies showed 

that Medicare PPS placed fiscal pressure on hospitals and Medicare percent of 

admissions was directly related with hospital efficiency [19].  Medicare cost-

based reimbursement, on the other hand, was associated with inefficiency in 

hospital operations.  In this study, we test the effect of Medicare percent of 

admissions (a proxy for Medicare reimbursement) on the technical efficiency of 

CAHs.  The estimated results show that Medicare percent of admissions has a 

positive but insignificant coefficient, potentially suggesting that Medicare cost-

based reimbursement may not have had detrimental effects on CAHs’ technical 

efficiency, after controlling for quality.  The results may also suggest that CAHs 

did not intentionally over-consume hospital inputs in order to maximize 

reimbursement, but rather increased reimbursement revenues would have been 

driven primarily by the increased reimbursement rate.  Additionally, Medicaid 

percent of admissions has a positive and significant effect on the technical 

efficiency of CAHs.  This is consistent with prior research which has shown that 

Medicaid typically underpays hospitals and exerts cost containment pressures 

irrespective of the payment mechanism [19].   
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The estimated results show a negative and significant coefficient of 

government ownership, suggesting that government owned CAHs are less 

technically efficient relative to non-profit CAHs, a result consistent with previous 

literature [5].  We found an insignificant effect of for-profit ownership on 

technical efficiency, suggesting that for-profit CAHs are no more technically 

efficient than non-profit CAHs.    

The results also show that Herfindahl-Hirschman Index (HHI) has a 

negative and significant coefficient, suggesting that an increase in HHI (or a 

decrease in hospital market competition) leads to a decrease in CAHs’ technical 

efficiency.  This result is consistent with other findings in the literature [5] and 

with the concept of price-based competition which suggests that if competition is 

increased, hospitals will compete for patients by reducing costs [19].  This result 

may also indicate that there may be some hospitals that are not critical for access 

that have been given the benefits of the CAH status.
8
  MedPAC [1] estimated that 

16 percent of CAHs are less than 15 miles from another hospital and only 17 

percent of CAHs are more than 35 miles from another provider, raising issues of 

competition between some CAHs and nearby non-converting hospitals. 

The positive and significant coefficient of system membership suggests 

CAHs that are members of a multi-hospital system are more technically efficient 

than ones that are not, a result consistent with previous literature [5].  Similarly, 

the positive and significant coefficient of Medicare HMO may suggest that 

Medicare HMO penetration creates pressure for CAHs to operate more efficiently 

[5].  This is also consistent with other studies that found a direct correlation 

between managed care penetration and hospital efficiency [22].    

                                                 

 
8
 We thank an anonymous reviewer for pointing out this issue. 
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6 Conclusions 

This paper examined technical efficiency of Critical Access Hospitals using recent 

methodological advancements in efficiency analysis and incorporating measures 

of quality.  Specifically, we used a two-stage DEA approach with Algorithm #1 

and Algorithm #2 bootstrap procedures proposed by Simar and Wilson [6] for 

making valid inferences about the effects of environmental variables on CAHs’ 

technical efficiency.  An important finding was that the performance of the double 

bootstrap procedure (Algorithm #2) in explaining hospital efficiency significantly 

improved when quality was accounted for in efficiency estimation relative to a 

similar model without quality.  Similarly, we also compared the performance of 

Algorithm #2 with that of the single bootstrap procedure (Algorithm #1) of Simar 

and Wilson [6].  While both bootstrap algorithms were created to provide valid 

inference, Algorithm #2 clearly improved statistical efficiency in the second stage 

truncated regression relative to Algorithm #1.   

As a result, our preferred model for estimating marginal effects of 

environmental variables on the technical efficiency of CAHs was based on the 

two-stage approach with Algorithm #2 proposed by Simar and Wilson [6].  

Specifically, bias-corrected technical efficiency scores, obtained using a 

bootstrapped DEA model with quality outputs, were regressed on environmental 

variables using a bootstrapped truncated regression.  The key finding was that the 

Medicare percent of admissions variable had an insignificant effect on CAHs’ 

technical efficiency, suggesting that Medicare cost-based reimbursement may not 

have created a disincentive for these hospitals to operate in a less technically 

efficient manner.  The percent of Medicaid admissions had a positive and 
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significant effect on the technical efficiency of CAHs, consistent with prior 

studies showing Medicaid’s positive effect on hospital efficiency. 

A limitation of this research is associated with incomplete information on 

many of the quality measures reported by CAHs to Hospital Compare.  As a 

result, only quality measures for pneumonia were selected for this study [8], and 

the two years of data were jointly used in the analysis to increase the sample size.  

As new data become available, future research on CAH efficiency should 

incorporate other quality controls in the methodological advancements proposed 

by Simar and Wilson [6]. 

Although the two-stage approach has been popular in the efficiency 

analysis literature, Simar and Wilson [6] criticized previous applications of this 

method for the failure to define a statistical model consistent with the second 

stage analysis.  They show that DEA efficiency estimates used in the second stage 

are biased and serially correlated, and, thus, standard methods for inference are 

invalid.  Consequently, the bootstrap methods proposed by Simar and Wilson [6] 

are the only feasible means for making valid inference in the second stage 

regression.  Our research suggests that, for future hospital efficiency studies, the 

two-stage DEA approach with double bootstrap can be a viable alternative for 

analyzing the effects of environmental variables on hospital efficiency.   
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Table 1 Descriptive statistics of the variables 

DEA Variables Mean Std. Dev. 

Outputs   

Hospital admissions 1,069.41 428.29 

Post-admission days  6,274.87 6,737.47 

Outpatient visits 41,773.94 30,092.56 

Emergency room visits 6,974.06 4,474.27 

Outpatient surgeries 885.82 712.13 

Births 96.07 108.97 

Quality Measures   

Patients given pneumococcal vaccination (%) 61.90 23.65 

Patients given initial antibiotic timing (%) 84.61 8.68 

Inputs   

Total staffed and licensed hospital beds 36.08 22.21 

Full time equivalent (FTE) registered nurses 40.38 19.63 

FTE licensed practical nurses 9.02 6.62 

Other FTEs 122.78 56.64 

 

Environmental Variables Variable Definition   

Government  Government  hospital (binary variable 1,0) 0.32 - 

For-profit For-profit hospital (binary variable 1,0) 0.03 - 

Medicare % Medicare admissions 59.93 12.64 

Medicaid % Medicaid admissions 12.98 7.90 

HHI Herfindahl-Hirschman  index 0.50 0.35 

System Multihospital system (binary variable 1,0) 0.42 - 

MHMO % Medicare HMO penetration 3.32 5.29 

Income Median household income 38,360.79 6,218.81 
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Table 2 Original and bias-corrected efficiency scores 

Year N 

DEA without Quality Outputs DEA with Quality Outputs 

Original DEA  

Estimates 

Bias-Corrected 
Original DEA  

Estimates 

Bias-Corrected 

Mean Std. Dev. Mean Std. Dev. 

2005 186 0.826 0.707 0.113 0.871 0.750 0.097 

2006 229 0.855 0.724 0.099 0.906 0.767 0.084 

All 415 0.842 0.716 0.106 0.890 0.759 0.090 
Estimation of bias-corrected efficiency scores was based on the first stage of Algorithm #2 of Simar and 

Wilson, modified for the left and right boundaries of input-oriented efficiency scores. Estimation by authors 

in Matlab, after adopting from code written by V. Zelenyuk and L. Simar. 

 

 

 

 

 

 

 

Table 3 Results of the second stage bootstrapped truncated regressions 

Variable Model 1 Model 2 Model 3 

Constant  0.7232*** 0.7885*** 0.7124*** 

Government  -0.0157 -0.0245 -0.0214** 

For-profit 0.0148 -0.0132 -0.0166 

Medicare 0.0001 0.0012 0.0007 

Medicaid 0.0013 0.0029 0.0016** 

HHI 0.0031 -0.0691** -0.0514*** 

System 0.0388*** 0.0364 0.0381*** 

Income -1.37E-06 -2.94E-07 -3.34E-07 

MHMO -0.0007 0.0026 0.0017** 

Y2006 0.0236** 0.0084 0.0171* 

Sigma 0.1033*** 0.1400*** 0.0851*** 
***, **, and * denote significance at 1%, 5%, and 10% levels based on percentile bootstrap confidence 

intervals. Model 1 is based on Algorithm #2 using no quality outputs in DEA model; Model 2 is based on 

Algorithm #1 using quality outputs in DEA model; Models 3 is based on Algorithm #2 using quality outputs 

in DEA model. Estimation by authors in STATA 11 with 2000 bootstrap replications for confidence intervals 

of the estimated coefficients.     
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Appendix 

Table A.4 Bootstrapped truncated regression: Model 1 

  
99% Bootstrap C.I. 95% Bootstrap C.I. 90% Bootstrap C.I. 

Variable β LB UB LB UB LB UB 

Constant  0.7232 0.5699 0.8846 0.6055 0.8433 0.6261 0.8244 

Government  -0.0157 -0.0459 0.0136 -0.0383 0.0069 -0.0351 0.0039 

For-profit 0.0148 -0.0635 0.0918 -0.0446 0.0715 -0.0331 0.0617 

Medicare 0.0001 -0.0013 0.0014 -0.0009 0.0011 -0.0008 0.0010 

Medicaid 0.0013 -0.0009 0.0033 -0.0004 0.0029 -0.0002 0.0026 

HHI 0.0031 -0.0388 0.0413 -0.0277 0.0324 -0.0226 0.0271 

System 0.0388 0.0113 0.0690 0.0177 0.0612 0.0213 0.0577 

Income -1.37E-06 

-3.78E-

06 

9.60E-

07 

-3.21E-

06 

4.40E-

07 

-2.89E-

06 

1.50E-

07 

MHMO -0.0007 -0.0032 0.0020 -0.0026 0.0013 -0.0023 0.0009 

Y2006 0.0236 -0.0060 0.0518 0.0023 0.0444 0.0050 0.0411 

Sigma 0.1033 0.0944 0.1148 0.0970 0.1119 0.0982 0.1108 

 

 

 

 

 

Table A.5 Bootstrapped truncated regression: Model 2 

  
99% Bootstrap C.I. 95% Bootstrap C.I. 90% Bootstrap C.I. 

Variable β LB UB LB UB LB UB 

Constant  0.7885 0.4078 1.1230 0.4909 1.0721 0.5465 1.0333 

Government  -0.0245 -0.0825 0.0349 -0.0709 0.0227 -0.0636 0.0149 

For-profit -0.0132 -0.2256 0.1454 -0.1720 0.1116 -0.1395 0.0864 

Medicare 0.0012 -0.0019 0.0043 -0.0012 0.0037 -0.0008 0.0033 

Medicaid 0.0029 -0.0027 0.0079 -0.0012 0.0068 -0.0007 0.0062 

HHI -0.0691 -0.1517 0.0243 -0.1332 -0.0035 -0.1258 -0.0155 

System 0.0364 -0.0348 0.1018 -0.0171 0.0839 -0.0080 0.0769 

Income 

-2.94E-

07 

-5.57E-

06 

5.25E-

06 

-4.40E-

06 

3.77E-

06 

-3.79E-

06 

3.22E-

06 

MHMO 0.0026 -0.0053 0.0088 -0.0029 0.0071 -0.0018 0.0065 

Y2006 0.0084 -0.0530 0.0694 -0.0395 0.0566 -0.0312 0.0464 

Sigma 0.1400 0.1096 0.1684 0.1219 0.1627 0.1253 0.1600 
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Table A.6 Bootstrapped truncated regression: Model 3 

  
99% Bootstrap C.I. 95% Bootstrap C.I. 90% Bootstrap C.I. 

Variable β LB UB LB UB LB UB 

Constant  0.7124 0.5860 0.8449 0.6167 0.8114 0.6322 0.7955 

Government  -0.0214 -0.0462 0.0028 -0.0400 -0.0028 -0.0373 -0.0053 

For-profit -0.0166 -0.0804 0.0453 -0.0642 0.0299 -0.0553 0.0221 

Medicare 0.0007 -0.0005 0.0017 -0.0002 0.0015 -0.00003 0.0014 

Medicaid 0.0016 -0.0001 0.0033 0.0003 0.0030 0.0005 0.0027 

HHI -0.0514 -0.0857 -0.0200 -0.0764 -0.0271 -0.0727 -0.0316 

System 0.0381 0.0154 0.0632 0.0208 0.0565 0.0238 0.0538 

Income 

-3.34E-

07 

-2.32E-

06 

1.57E-

06 

-1.84E-

06 

1.16E-

06 

-1.59E-

06 

9.22E-

07 

MHMO 0.0017 -0.0004 0.0039 0.00003 0.0033 0.0003 0.0030 

Y2006 0.0171 -0.0072 0.0402 -0.0005 0.0342 0.0018 0.0316 

Sigma 0.0851 0.0779 0.0945 0.0800 0.0922 0.0811 0.0913 

 

 

 

 

 


