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Efficiency of U.S. Hospitals between 2001 and 2011 
 
 

Abstract 

This study focuses on finding the trend of efficiency in the healthcare industry in recent years. We applied stochastic 

frontier (SFA) and data envelope analyses (DEA) methods to capture the efficiency of 1,471 hospitals and found a 

sign of the Baumol effect which is detected by the decreasing trend of hospital efficiency with increasing trend of 

labor costs. Furthermore, we compared the results of both approaches (SFA and DEA) in capturing efficiency scores 

and suggest the U-shaped curve of the size effect may indicate the practice of ‘cream-skimming’ by some small 

hospitals. 
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1. Introduction 

Several studies indicate hospital efficiency has increased significantly since the implementation of Medicare’s 

Prospective Payment System (PPS) in 1983 (Long et al. 1987, Cromwell and Pope 1989). The PPS is a 

reimbursement method in which service payment is a predetermined fixed amount based on the classification of the 

task. PPS has a built-in incentive for providers to deliver patient care efficiently without over utilization of services. 

This is different than conventional fee-for-service payment systems, which may cause unnecessary treatment 

sessions that must be justified. As a result of PPS, the ‘average length of hospital stay’ and the ‘cost per discharge’ 

significantly decreased over the decade ending in 1996 (Ashby, Guterman, and Greene 2000). Moreover, the cost 

containment measures introduced during the era of ‘managed care’ are also believed to have reduced total ‘hospital 

costs’. These changes motivated many scholars to study the efficiency of hospitals across the nation.  Despite the fact 

that during the mid-1990s hospital costs steadily increased, many studies showed that hospital efficiency improved. 

As an example, Rosko (2001) found that the average cost inefficiencies of 1,631 U.S. hospitals decreased from 1990 

to 1996, which indicates efficiency improvements.  

Some scholars have argued that the effect of external impacts such as policy changes could be diluted due to the 

labor-intensive nature of the healthcare industry. For example, Baumol and Bowen (1966) argue it might be difficult 

to obtain actual productivity or efficiency growth in the healthcare industry because hospitals’ main inputs are labor 

rather than technology. The authors anticipated that the increase in the labor price could possibly offset (or even 

diminish) the value of the realized efficiency. In other words, for a labor-intensive industry, a rise in salaries could 

disrupt and delay productivity or efficiency growth. This phenomenon is known as ‘the Baumol effect’, which has 

received much attention for study in the healthcare industry. The Affordable Care Act, which is expected to expand 

health insurance coverage to more than 30 million uninsured Americans without increasing the federal deficit, has 

made it necessary to improve the efficiency of hospitals, which would enable the delivery of affordable high-quality 

This article is protected by copyright. All rights reserved.



healthcare. Hence, it is essential to accurately measure efficiency over time to understand the pay-for-performance 

scheme in the healthcare sector (Rosko and Mutter 2008).  

Due to the fact that most studies focused on hospital efficiency were conducted in the early- to mid-1990s 

immediately following the PPS policy changes, as well as the adverse impact suggested by the Baumol effect, this 

study focuses on finding the trend of efficiency in the healthcare industry in recent years. Therefore, we obtained a 

new dataset from 1996 through 2011 to capture the delayed outcomes. Furthermore, we measure the efficiencies 

using two different methods, stochastic frontier and data envelope analyses (SFA and DEA). Although the SFA and 

DEA have been studied individually, we found few studies in the current literature that compare these two 

methodologies. Moreover, we group hospitals based on their control type, teaching/non-teaching status, and size to 

measure efficiencies that could help policymakers regarding critical decisions.  

The rest of this paper is organized as follows. The next section summarizes a literature review regarding efficiency 

measurement in the healthcare industry. Section 3 introduces the study’s data sources and explains SFA and DEA 

methodologies, while Section 4 summarizes the empirical results, followed by a discussion of results in Section 5. 

Finally, Section 6 reviews the conclusion and possible extensions for future research.  

 

2. Literature Review 

Accurate performance measurements lead to significant improvements in hospital care, quality, and costs (Kaplan 

and Porter, 2011). Literature indicates many researchers have applied various approaches to study hospital 

performance, including ratio analysis, ordinary least squares (OLS) regression, and corrected ordinary least squares 

(COLS) regression. Some of these techniques, however, have several disadvantages. In ratio analysis, for example, 
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the output depends on arbitrary efficiency criteria or cutoff points such as a quarter-percentile point or median 

(Rosko and Mutter, 2011). Similarly, OLS regression might have a biased intercept or error term (Kumbhakar and 

Lovell, 2000; Rosko and Mutter, 2008). Correspondingly, the two-stage COLS regression allows the regression line 

to pass through the observation points that have the smallest residual, which permits the actual regression line to be 

shifted. Consequently, COLS regression might contain a biased intercept or error term, and allows the estimated 

frontier line to be parallel to the OLS regression (Rosko and Mutter, 2008). 

Due to the shortcomings of the above models, the frontier approach has often been applied to measure the efficiency 

of hospitals. The frontier approach is divided into two types: stochastic frontier analysis (SFA), which is a parametric 

approach, and data envelopment analysis (DEA), which is a non-parametric, mathematical method. Aigner et al. 

(1977) and Meeusen and van den Broeck (1977) introduced SFA as a form of production function to estimate 

productive inefficiency. SFA decomposes the estimated error term into two components, inefficiency and random 

error, while OLS cannot estimate inefficiency. In microeconomics, scholars use either a production frontier or a cost 

frontier to measure the inefficiency of a decision-making unit (DMU). Hence, SFA is divided into the stochastic 

‘production’ frontier analysis (SPFA) to maximize production, and the stochastic ‘cost’ frontier analysis (SCFA) to 

minimize costs.  

In the healthcare industry, SCFA (the cost minimization approach) is often the preferred method of measuring 

efficiency for the following reasons. First, a hospital’s production process is difficult to define. In contrast to 

manufacturers with standardized production lines, hospitals confront considerable variations in how and what outputs 

are produced (Hollingsworth and Street, 2006). Second, a production frontier function (i.e., SPFA that focuses on 

production) allows using only one output measure as a dependent variable, while a cost frontier function (SCFA that 

focuses on costs) allows multiple output measures. Since hospital outputs have been measured in multiple 

dimensions, including some non-monetary measures, scholars often favor the SCFA approach. Furthermore, the 
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SCFA model shifts the cost frontier model to an appropriate level by adjusting intercepts, while the intercept of the 

OLS might be overestimated (Linna and Hakkinen, 1998; Rosko, 2001). 

DEA was introduced by Charnes et al. (1978) and further developed by Banker et al. (1984). This non-parametric, 

mathematical programming technique determines the frontier line based on the location of the best-practice DMU. 

DEA is divided into two major models, one which assumes constant returns to scale (CRS) and the other which 

allows variable returns to scale (VRS). Generally, the VRS model is preferred in two cases: when the size effect is 

expected because CRS assumes no relationship between scale and efficiency, and when a mixture of index and 

volume measures is employed as outputs or inputs. The mixture might cause a biased estimation in the CRS model, 

whereas the VRS model presents no such a problem (Banker and Morey, 1986; Hollingsworth and Smith, 2003; 

Korhonen and Syrjanen, 2004). DEA is also divided into an input-oriented model and an output-oriented model. 

Efficiency can be increased by minimizing inputs while maintaining outputs (input-oriented approach) or maximizing 

outputs while maintaining inputs (output-oriented approach). For the CRS method, the input- and output-oriented 

approach should generate identical results, while the two approaches do not generate equivalent outcome for the 

VRS. Therefore, the VRS method is sensitive to the selection of the approach chosen by the scholar (i.e., input- or 

output-orientation). Although it is unclear whether all hospitals view either inputs or outputs (Burgess and Wilson, 

1996), input-oriented models have frequently been applied in research because one would have more control over 

costs (input-oriented) than the number of outputs (O’Neill et al., 2008). In this study, the input-oriented DEA 

approach is used, and the goal is to reduce inputs with fixed output levels. 

SFA and DEA both have advantages and disadvantages. For example, SFA can account for statistical noise and is 

more likely to assess efficiency related to additional or control factors. SFA is used to estimate the effect of 

exogenous or control variables on efficiency. SFA, though, has been criticized for using strong assumptions for 

decomposing inefficiency and random error (Newhouse 1994) and is known to have three major disadvantages: (1) It 
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requires specifications of the functional form of the cost function; (2) different choices of functional forms and the 

distribution of composed errors can affect estimated efficiencies; and (3) it cannot identify the sources of 

inefficiencies (Folland and Hofler, 2001; Rosko and Mutter, 2008). Advocates of DEA contend that it avoids strong 

assumptions by empirically determining the shape and the location of the frontier. Another benefit of DEA, given the 

nature of healthcare service, is its applicability to multiple inputs and outputs (Hollingsworth et al., 1999). It is also 

vulnerable to unusual types of DMUs (outliers), which might result in inappropriate positioning of the frontier 

(Hollingsworth and Street, 2006). There are no standard diagnostic tools to judge the goodness of fit of the model 

specification (Jacobs, 2001). 

SFA and DEA have been applied separately to measure hospital efficiencies in numerous studies. However, there is a 

lack of studies comparing the efficiencies estimated by these methods. In addition, earlier comparative studies have 

reported conflicting results for the efficiencies estimated by SFA and DEA methods. Therefore, it would be 

beneficial to compare the two frontier methods for the healthcare sector. Although several studies argue that DEA 

and SFA might be a close substitute due to the correlation between the two, despite some public sector such as 

airport industries, this correlation has not been strong for the healthcare sector (Zhuo et al., 2013). Jacobs (2001), for 

example, found a correlation of 0.42–0.63 in a study of 232 English hospitals, and Linna and Hakkinen (1998) 

reported a correlation of 0.28–0.59 in a study of 95 Finnish hospitals. Similarly, Chirikos and Sear (2000) studied 

186 U.S. hospitals and found a correlation of 0.13–0.33, and reported opposite efficiency results from the SFA and 

DEA methods.  The magnitude of the correlation between SFA and DEA methods could also be due to the size of the 

selected hospitals. On the other hand, several scholars have argued that the differences between the above two 

methods might also be due to the underlying assumptions in SFA and/or the DEA’s sensitivity to outliers. Thus, 

some scholars have suggested combining the two methods (Banker, 1993).  

We summarize the literature on efficiency based on hospital types in Table 1. 
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Insert Table 1 here 

 

3. Methods 

3.1 Data Sources 

Hospital data were collected from the Centers for Medicare & Medicaid Services’ (CMS) Medicare Cost Report 

datasets. Medicare Cost Reports are submitted annually by all healthcare service providers participating in the 

Medicare program. We focused on general and medical-surgical hospitals with more than 25 beds to maintain, 

consistency with previous literature on efficiency measurements. Panel data from 1,471 hospitals covering from 2001 

to 2011 is obtained, and all the monetary values are adjusted by the Producer Price Index (PPI).  

We separated the hospitals using different classification criteria (i.e., control type, teaching/non-teaching status, and 

size) to analyze hospital efficiency. The U.S. healthcare sector is one of a few industries in which not-for-profit, for-

profit, and government providers exist in significant proportions (Burgess and Wilson, 1996; Goldstein et al., 2002). 

For-profit hospitals are privately owned and run hospitals, whereas not-for-profit hospitals are operated by voluntary 

and charity groups. Government hospitals are run by federal, state, or municipal governments. Not-for-profit 

hospitals must comply with certain legal restrictions, including spending any profits in designated areas such as 

education, charity, and religious service. This constraint makes a fundamental difference between for-profit and not-

for-profit hospitals (Sloan, 2000; Rosko and Mutter, 2011). When considering teaching status, teaching hospitals are 

characterized by: (1) a transient workforce consisting mostly of residents and students, and (2) research and medical 

education (Stevens, 2004; Huckman and Barro, 2005; Theokary and Ren, 2011). The size of hospitals has been 

another critical issue in hospital efficiency studies considering learning effect and economies of scale. Table 2 shows 

the summary of hospital statistics.  
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Insert Table 2 here 

 

For the analyses of different groups, the results are grouped by hospital classification criteria: control type, 

teaching/non-teaching status, and size. The control type is guided by the CMS and the American Hospital 

Association (AHA) classification criteria for not-for-profit, for-profit (proprietary), and government hospitals. 

Teaching/non-teaching status is based on the Hospital and Hospital Health Care Complex Identification Data 

worksheet of the Medicare Cost Report. The size criterion is adopted from the AHA’s classification. Hospitals are 

divided into five groups based on number of beds. The hospital classification system and basic statistics regarding 

classification are shown in Table 3. The dataset covers all types and sizes of hospitals taking into consideration 

teaching status in all U.S. regions. 

Insert Table 3 here 

 

3.2 Inputs and Outputs 

To measure efficiency, many scholars have proposed various inputs and outputs, but with several limitations. The 

inconsistency in using inputs and outputs in the healthcare industry has made it difficult to accurately measure 

hospitals’ level of efficiency from the longitudinal perspective (Cylus and Dickensheets, 2007). Rosko and Mutter 

(2008) provided a comprehensive discussion of various input and output variables to be used. We employ number of 

admissions, post-admission days, and the number of outpatient visits as output variables. Admissions and post-

admission days represent two categories of inpatient care activity, while the number of outpatient visits indicates 

outpatient care activity (Zuckerman et al. 1994, Rosko and Mutter 2008). The inpatient care output variables are 

adjusted by case-mix-index (CMI). We also use a number of product descriptor variables to control output 
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heterogeneity, as suggested by earlier studies (Dor and Farley, 1996; Mutter et al., 2008; Rosko and Mutter, 2008). 

We use CMI and ER% (emergency room visits as a percentage of total outpatient visits), and OUTSURGERY% 

(outpatient surgery as a percentage of total outpatient visits) as our control variables.  

SFA and DEA require different sets of variables for inputs. SFA uses price as an input, while DEA uses costs. For 

both inputs, we calculated the area average price to avoid any endogeneity issues (Dor and Farley, 1996; Rosko, 

2004; Mutter et al., 2008). As in previous literature, we used the approximated area average of annual payroll and 

employee benefits divided by the number of full-time employees [(payroll expense + employee benefits)/number of 

employees] to proxy wage price. The capital price is approximated by the area average of depreciation and interest 

expense per bed [(depreciation + interest expense)/number of beds] (Banker et al., 1986; Rosko and Mutter, 2008). 

Several DEA-based hospital efficiency studies use capital and labor costs as inputs (Hollingsworth and Smith, 2003). 

Thus, we stay consistent with literature and use the same two variables as inputs in the DEA model. The three output 

variables used in the SFA model (i.e., admissions, post-admission days, and number of outpatient visits) are also the 

same outputs in the DEA model. Additionally, to be consistent with previous studies, we use a mix of inpatient and 

outpatient care variables (Hollingsworth and Smith, 2003; Hollingsworth and Street, 2006).  

3.3 Methodology And Model Specification 

Regarding the functional form of the cost frontier model, the two most popularly used forms in hospital efficiency 

studies have been the natural log form of the Cobb-Douglas cost function and the translog cost function (Rosko and 

Mutter, 2008). The Cobb-Douglas model was originally designed for production functions and can save degrees of 

freedom by removing the squared and cross-product terms found in the translog form. The translog cost function is a 

flexible functional form consistent with cost-minimizing behavior (Rosko, 1999; 2001), and contains the quadratic 

and cross-variable terms. Rosko and Mutter (2008) found that the use of different functional forms had little impact 
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on the estimation of hospital efficiency, though different functional forms do not generate identical estimations. 

However, Rosko (1999) argued that the translog cost function has two advantageous features over the natural log 

form of the Cobb-Douglas function. First, the translog function places no a priori restrictions on substitution 

possibilities among production factors. Second, this function allows scale economies to vary with the level of output. 

Therefore, most previous studies use a translog cost function as the functional form of cost function (Banker et al., 

1986; Linna, 1998; Rosko, 2001). In this study, we also apply a translog function as the functional form of cost 

function. The general form of the translog cost function is expressed as follows: 

ln𝐶𝑖𝑡 = 𝛽0 + �𝛽1𝑘 ln𝑃𝑘𝑖𝑡
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𝑆

𝑠=1

𝐾

𝑘=1

ln𝑌𝑠𝑖𝑡 + 𝜑𝑃𝐷𝑖𝑡 + 𝜀𝑖𝑡   

 𝜀𝑖𝑡 = 𝑣𝑖𝑡 + 𝑢𝑖𝑡 ,  

where 𝐶𝑖𝑡  is the adjusted total operating cost, K and S are the number of inputs and the number of outputs 

respectively, 𝑃𝑘𝑖𝑡 is the price of capital and labor, 𝑌𝑠𝑖𝑡 are outputs, 𝑃𝐷𝑖𝑡 represents control variables, and 𝜀𝑖𝑡 is the 

sum of random error (𝑣𝑖𝑡) and inefficiency (𝑢𝑖𝑡). To estimate hospital-specific efficiency, we use the time-varying 

decay model proposed by Battese and Coelli (1995). The time-varying decay inefficiency (𝑢𝑖𝑡) is estimated via time-

variant factor (η) as 

𝑢𝑖𝑡 = ƞtui 

where  

ƞt = exp[−ƞ(t − 𝑇𝑖)] , (𝑡 = 1, 2, … ,𝑇). 
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As shown in these equations, η decides the trend of inefficiency. The cost efficiency of i-th hospital and t-th year can 

be defined as  

𝐶𝐸𝑖𝑡 = exp(−𝑢𝑖𝑡). 

The basic form of input-oriented VRS model is denoted as follows. Let the efficiency measured by the input-oriented 

DEA model, with the assumption of the variable of returns to scale be denoted by θ. The input price of each hospital 

is denoted as 𝑃𝑚𝑘 and the input level is 𝑥𝑚𝑘 , while the output level of the hospital is shown as 𝑦𝑛𝑘. M and N are the 

number of inputs and the number of outputs respectively. Let the unknown weight of j-th hospital be 𝜆𝑗, and ε be a 

non-Archimedean number which allows the minimization of θ. Input and output slacks, denoted as 𝑠𝑚−  and 𝑠𝑛+ 

respectively, are determined through a two-stage approach. First, the minimum radial efficiency θ𝑘∗ is determined. 

Second, by setting θ𝑘 equal to this minimum θ𝑘∗ we determine slacks. This two-stage approach ensures consistency 

with the desired prioritized optimization in the non-Archimedean specification (Banker et al. 1986). The DEA model 

is formulated as follows: 

𝜃𝑘∗ = min
𝜃,𝜆,𝑠−,𝑠+

𝜃𝑘 + ε(� 𝑠𝑚−
𝑀

𝑚=1

+ �𝑠𝑛+
𝑁

𝑛=1

) 
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𝜃𝑘𝑃𝑚𝑘𝑥𝑚𝑘 = �𝑃𝑚
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�𝜆𝑗
𝐽

𝑗=1

= 1; 

𝜃, 𝜆𝑗, 𝑠𝑚− , 𝑠𝑛+ ≥ 0 (j = 1, 2, …, J) 

4. Empirical Findings 

We used several different model specifications, omitting and including different variables, and carried out sensitivity 

analysis, testing the robustness of models. We found the results of the SFA model are statistically significant based 

on the test statistics of the log-likelihood test (16,382.78) and the Wald chi-square test (36,492.31). Individual 

efficiency scores under each method remained relatively stable, which indicates our proposed model specification is 

robust. Table 4 shows the descriptive statistics for the two sets of efficiency scores estimated by SFA and DEA. The 

median and mean of the efficiency scores estimated by DEA are higher than those estimated by SFA. DEA sets the 

performance of the best hospital as the frontier, so the theoretical distance between each DMU’s performance and the 

frontier is closer in DEA than SFA. The standard deviation of efficiencies estimated by the DEA model is greater 

than in the SFA model. The volatility of the DEA results is theoretically higher than that of the SFA results because 

outliers easily influence the DEA results.  

Insert Table 4 here 

The time variant factor (η) of the SFA model is estimated as -.0102, and the t-value (t = -12.88) shows that the 

estimation is statistically significant (See Appendix 1) and cost efficiency has decreased over the years. In addition, 

the estimated labor price shows a steadily increasing trend over the period. The decreasing trend of cost efficiency 

with the increasing labor price may show a sign of the Baumol effect in the healthcare industry. The medians and 

means of the efficiency scores estimated by the SFA method also show efficiency has decreased over the period 

studied, as shown in Table 4. The efficiency scores estimated by the DEA method were not used to track the trend of 
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efficiency since they are relative measures, which indicate the observed rankings of DMUs. Though there are 

discussions of time-series decomposition using Malmquist Index approaches on the DEA method, the Malmquist 

index cannot be simply accumulated over time since the index does not satisfy the transitivity condition in general 

(Mathur, 2007). The cumulative indexes are likely to be biased (Cortèse and Hua, 2002; Oh et al., 2016). 

Spearman’s rank correlations are used to compare the efficiencies estimated by two methods. Non-parametric 

Spearman’s rank correlations are preferred over Pearson’s correlations for two reasons. First, the efficiency scores 

estimated by DEA are relative efficiencies, which indicate the observed rankings of DMUs, while the efficiency 

scores estimated by SFA are theoretical efficiencies. Second, the Shapiro-Wilk test results show the efficiency scores 

estimated by different models do not have a normal distribution (See appendix 2 and 3). When a sample is not 

normally distributed, the non-parametric correlation test is preferred because it is valid for any shape that might 

describe the sampled population. The Spearman’s rank correlation coefficient of SFA and DEA efficiency scores is 

0.571 in the year 2011. The other years show similar correlations between SFA and DEA results (0.528–0.611) (see 

Appendix 4). The correlation between SFA and DEA results is not high enough for a perfect congruence between 

two models, as reported in a number of previous studies. These ‘not high enough’ correlations have several possible 

causes. First, the SFA model constructs a theoretical frontier, while the DEA model uses the performance of the most 

efficient DMU as the frontier. Second, random noise, which might be mistaken for inefficiency in the DEA model, 

could affect the efficiency estimated. The SFA model can account for statistical noise by decomposing variance into 

inefficiency and a classical error component. Third, control variables can be added and applied to SFA models while 

a DEA model rarely holds control variables. Fourth, DEA addresses technical efficiency, while SFA calculates a 

combination of technical and allocative efficiency, which cannot be separated without adding assumptions to the 

SFA model (Rosko and Mutter, 2011). 

This article is protected by copyright. All rights reserved.



To compare the efficiency scores of groups of hospitals, the median is used as a measure of the central tendency. 

Additionally, non-parametric methods such as the Kruskal Wallis H and Mann-Whitney rank sum tests are applied 

because (1) the efficiency score estimated by DEA is relative and indicates the ranking of each DMU, and (2) the 

Shapiro-Wilk test results show that the hospital efficiency scores are not normally distributed; hence, non-parametric 

methods are preferred. The Kruskal-Wallis H test is a non-parametric approach used to compare more than two 

samples that are independent or not related. The Mann-Whitney rank sum test is a non-parametric method to test the 

null hypothesis that two independent distributions are same. In this study, three criteria (i.e., control type, 

teaching/non-teaching status, and size) are tested. Regarding hospital type, all the results of the Kruskal-Wallis H test 

indicate the distributions of all groups’ efficiency scores are not equal, regardless of model (p < .001). However, 

when two groups of hospitals are compared using the Mann-Whitney rank sum test, the difference between not-for-

profit hospitals and government hospitals is not statistically significant, but for-profit hospitals have statistically 

significant differences with both other types of hospitals (see Appendix 5).  

When teaching status is considered, the SFA results indicate teaching and non-teaching hospitals have statistically 

different efficiency scores for the research period. In the DEA models, the efficiencies of teaching and non-teaching 

hospitals in recent years are statistically different (see Appendix 6). When hospital size is considered, the Kruskal-

Wallis H test results show that the distributions of all groups’ efficiency scores are not equal (p < .001). Based on the 

results of the Mann-Whitney test, the different size classifications of hospitals have statistically significant 

differences with other groups in most cases. Only two tests (i.e., test for SZ1 and SZ2 and test for SZ1 and SZ3) did 

not result in statistically significant differences with DEA models, while only one test (i.e., test for SZ1 and SZ3) did 

not show the significant difference with the SFA model (see Appendix 7). Both results indicate the U-shaped curve 

of the size effect, as explained in a number of previous studies (Theokary and Ren, 2011; Choi et al., 2015).  
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5. Discussion 

As Greene (2008) reported, comparisons show ‘not high enough’ correlations between efficiency scores estimated by 

SFA and DEA. As discussed, the Spearman’s rank correlations might be caused by a number of factors, such as 

allocative efficiency. Allocative efficiency consists of choosing the optimal combination of inputs, whereas technical 

efficiency requires minimizing the quantities of inputs with the chosen quantities of outputs (Fare et al., 1985; 1994). 

Allocative inefficiency arises when a hospital does not use its resources according to their market prices. Allocative 

efficiency creates different results when SFA and DEA are applied to measure efficiency because SFA measures cost 

efficiency, and DEA technical efficiency.  

Comparing groups of hospitals by the efficiencies calculated using these two methods suggests implications 

interesting to hospital stakeholders and policymakers. Figure 1 shows the box-plot of 2011 efficiency scores by 

hospital type, teaching status, and size. Though comparisons between efficiency scores estimated by SFA and DEA 

show ‘not high enough’ correlations, the majority of comparison results among groups of hospitals are qualitatively 

comparable. The comparison of results based on control type shows consistency across the models. The median of all 

efficiency scores regardless of model indicates for-profit hospitals are more efficient than the other two types of 

hospitals (see Appendix 8). This result supports the majority of earlier studies finding that for-profit hospitals are 

more efficient because non-profit hospitals and government hospitals do not maximize profit. Not-for-profit hospitals 

must spend profits on charity care, research, teaching, and reinvestment in facilities. The public ownership of 

government hospitals can induce a distorted perception of market prices. Considering teaching/non-teaching status, 

though, produces different results (see Appendix 9). When the SFA model is used, non-teaching hospitals show 

higher efficiency, while DEA model results indicate the opposite. If allocative efficiency is a major cause of the 

difference, the opposite results imply that teaching hospitals have higher technical efficiency, and non-teaching 
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hospitals higher cost efficiency. Teaching hospitals are more costly due to high research and education costs, so their 

nature might prevent them from achieving allocative efficiency.  

Insert Figure 1 here 

The comparison gains more value when considering hospital size (see Appendix 10). In both models, larger hospitals 

mostly show higher efficiency, but the smallest hospital group has higher efficiency than the next-smallest group, so 

the overall results have a U-shaped curve. The median scale economy in the DEA model, measured by a ratio of CRS 

to VRS, is 0.882, which implies that increasing scale might raise efficiency by up to 12%. The higher technical 

efficiency of larger hospitals is explained by economies of scale, which numerous researchers have pointed to as the 

primary reason for the higher performance of larger hospitals. For example, Porter and Teisberg (2004) expect larger 

hospitals to be more efficient than smaller hospitals mainly due to the learning effect and economies of scale. The U-

shaped curve of the size effect may be explained by the proliferation of small hospitals which act like special 

hospitals though they are not, and might account for the trend toward higher cost efficiency among small hospitals. 

According to the CMS, specialty hospitals are “are primarily or exclusively engaged in the care and treatment of: (1) 

patients with a cardiac condition; (2) patients with an orthopedic condition; or (3) patients receiving a surgical 

procedure.” Many small hospitals treat patients with less-complicated cases and lower acuity, and a high proportion 

of patients with generous insurance coverage (Greenwald et al., 2006; Cram et al., 2008). Some small hospitals might 

send patients with emergency conditions to bigger hospitals and be unable to effectively manage emergency care. On 

the other hand, general hospitals deliver subsidized, unprofitable services, while in small hospitals, patients with the 

most financial sources rely on profitable services and patient treatments. In fact, higher CMI is associated with larger 

hospitals. Hospitals are required to see all patients regardless of cost or the severity of patients’ illness, but some 

hospitals prefer more profitable, less-complicated, and well-insured patients. This practice is called cream-skimming, 

or the selection of more lucrative patients or those seeking more profitable treatments. The entry of specialty 
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hospitals reportedly has had adverse effects on the financial viability of general hospitals and their ability to provide 

services to financially vulnerable customers (Ellis, 1998). In addition, the high portion of for-profit ownership among 

smaller hospitals might lead to physician self-referrals and overutilization of services (Greenwald et al., 2006). Some 

specialty hospitals can focus on a single line or limited numbers of services and, consequently, achieve efficiency 

gains. Legal restrictions and competition in the labor market might add to the inefficiency of large hospitals. 

6. Conclusion 

This research examines the cost efficiency of US hospitals longitudinally and found the diminishing trend of the 

efficiency. Combined with increasing trend of labor costs, the finding of this research shows a sign of the adverse 

effect suggested by Baumol and Bowen (1966), who contended that it is difficult to attain productivity or efficiency 

growth in a labor-intensive industry. This study measured efficiency using both SFA and DEA, and compared 

efficiency scores of groups of hospitals. Though correlations of efficiency scores estimated by two methods were not 

high enough, the comparison results indicate the similar signs when control type and size are considered. For-profit 

hospitals show the higher efficiency than the other counterparts regardless of the measurement methods. In 

congruence with previous studies, this study found a U-shaped size effect when hospitals were grouped by size. 

However, the SFA and DEA generate different results when teaching/non-teaching status was considered. The 

different result may indicate the effect of allocative efficiency as explained before. 

This study calls for future research to address its limitations. First, the Baumol effect needs to be more thoroughly 

investigated since it seems that this effect exists in the present investigation. Second, the correlations between 

efficiency scores measured by SFA and DEA methods are ‘not high enough’. Such ‘not enough high’ correlations 

may be caused by outliers or random noises which are treated differently. Furthermore, the mechanism to generate 

the difference between efficiency scores estimated by two methods has not been clearly investigated. This is one of 
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the reasons discouraging comparison studies between two models. Future studies need to scrutinize the complex 

mechanisms of both models and explain differences of those models more concretely. Third, allocative efficiency in 

the healthcare industry needs to be investigated. The issue of allocative efficiency arises when different prices or unit 

costs are associated with the performance of different DMUs. With the same level of input, a hospital that treats less 

costly patients might show higher allocative efficiency. Fourth, it would be of interest to capture the dynamic 

changes over time using the DEA-oriented model. This research can be extended by adopting appropriate a DEA-

related longitudinal model and consider the time dimension of relative efficiency. Finally, this research can be 

extended by including more output and control variables in the SFA model. Measurements of cost efficiency that do 

not consider quality variables might be vulnerable to omitted variable bias (Carey, 2003; Folland and Hofler, 2001). 

Quality needs to be considered as is done in other service industries (Soteriou and Zenios, 1999). In the healthcare 

industry, quality of care has been measured in three broad ways (Donabedien 2003; Romano and Mutter 2004). The 

first way is to use structural variables that describe the conditions of hospitals. Though structural measures are easy 

to apply, they explain little of the observed variability in processes and outcomes, which are direct concerns of 

customers. Furthermore, it is hard to examine the dynamic and complex features of quality of care in hospitals 

through the use of structural variables. The second way is to use process measures that describe the content of 

healthcare and include all healthcare providers’ activities. Process measures are appropriate quality measures to 

elucidate the mysterious care process, but it is more expensive to collect process measures than other quality 

measures. Use of process measures also requires developing standard measures that can be universally applied to 

hospitals. The third way is to use outcome measures as quality variables. Outcome measures typically address 

mortality, which is of considerable interest to consumers as ultimate outcome measures, but are solely determined by 

the ultimate outcomes. Considering the characteristics of quality of care, future researchers need to incorporate 
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quality in addition to efficiency in health care industry. Future studies on this topic could better guide hospital 

managers and policymakers in measuring the efficiency of hospitals. 
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Table 1. Debatable results from comparative studies on hospital efficiency based on groups of hospitals. 

Classification 

Criteria 

Findings Studies Reasons 

Type For-profit hospitals 

are more efficient. 

Becker and Sloan (1983),  

Hansmann (1998),  

Burgess and Wilson (1996), 

Sloan et al. (2001), 

Folland et al. (2007),  

Kessler and McClellan (2000) 

 For-profit-hospitals can maximize returns on their investments (Becker 

and Sloan 1983). 

 Not-for-profit hospitals either lack owners or have diffuse ownership 

(Becker and Sloan 1983, Hansmann, 1998; Sloan et al., 2001).  

 Not-for-profit hospitals might face severe principal-agent problems 

(Hansmann, 1980). 

 Not-for-profit hospitals have little financial incentive to increase 

efficiency of their operations due to legal restrictions (Burgress and 

Wilson, 1996). 

 The bureaucratic nature of government hospitals might make them more 

costly than other types of hospitals (Burgess and Wilson, 1996). 
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 Not-for-profit 

hospitals are more 

efficient. 

Arrow (1963),  

Nelson and Krashinsky (1973),  

Easley and O’Hara (1983),  

Hansmann (1980; 1987; 1996),  

Rose-Ackerman (1996),  

Weisbrod (1977, 1988), 

Lewin et al. (1981),  

Coelen (1986),  

Ettner and Hermann (2001),  

Pattison and Katz (1983),  

Pattison (1986),  

Zuckerman et al. (1994) 

 Non-profit hospitals are more responsive to incomplete markets (Arrow 

1963, Nelson and Krashinsky 1973, Easley and O’Hara 1983, Hansmann 

1980, 1987, 1996, Rose-Ackerman 1996, Weisbrod 1977, 1988). 

 For-profit hospitals have higher costs than not-for-profit hospitals 

(Lewin et al., 1981; Coelen, 1986; Ettner and Hermann, 2001; Pattison 

and Katz, 1983; Pattison, 1986; Zuckerman, et al., 1994). 

Teaching/non-

teaching 

status 

Teaching hospitals 

are more efficient. 

Neely and McInturff (1998), 

Taylor et al. (1999),  

Theokary and Ren (2011) 

 Residents’ autonomy lowers costs by partially replacing physicians with 

residents (Theokary and Ren, 2011).  

 Patient care tends to be of higher quality in teaching hospitals (Taylor et 

al., 1999).  
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 Teaching hospitals tend to attract talented physicians and provide 

specialized services (Neely and McInturff, 1998).  

 Rare diseases are treated and biomedical research conducted in teaching 

hospitals (Neely and McInturff, 1998). 

 Non-teaching 

hospitals are more 

efficient. 

Lee and Hadley (1985), 

Hollingsworth (2008), 

Hollingsworth and Smith (2003),  

Grosskopf et al. (2001; 2004), 

 

 Teaching hospitals are more costly due to the cost of providing medical 

education and research (Hollingsworth, 2008; Hollingsworth and Smith, 

2003; Grosskopf et al., 2004). 

 Other reasons of higher cost of teaching hospitals include but are not 

limited to the (1) increased use of ancillary services; (2) longer stays; (3) 

urban location of most teaching hospitals; (4) use of highly sophisticated 

forms of technology; (5) extra tests ordered by residents; and (6) larger 

volumes of uncompensated care provided (Grosskopf et al., 2001; Lee 

and Hadley, 1985).  

Size Larger hospitals are 

more efficient. 

Carr and Feldstein (1967), 

Porter and Teisberg (2004), 

Preyra and Pink (2006) 

 Bigger hospitals exhibit higher performance than smaller hospitals 

mainly due to the learning effect and economies of scale (Porter and 

Teisberg, 2004; Carr and Feldstein, 1967; Preyra and Pink, 2006). 
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 Smaller hospitals 

are more efficient. 

Pisano et al. (2001),  

Shortell et al. (1995),  

Tucker and Edmondson (2003) 

 Large hospitals must conduct large-scale communication and 

coordination among various medical units (Pisano et al, 2001; Shortell et 

al., 1995; Tucker and Edmondson, 2003). 
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Table 2. Hospitals demographic information. 

Variables Median Mean S.D. Min. Max. 

Number of beds 231  290.3   210.7   28   2,236  

Number of employees 

on payroll 
849.6  1,368.3   1,635.0   32.4   20,545.1  

Admissions 7,260.0  10,592.4   10,432.0   101.0  105,339.0  

Post-admission days 16,462.0  26,981.3  32,543.3   124.0   407,470.0  

Number of outpatients 126,195.0  195,081.2   42,002.0   2,527.0   4,311,183.0  

Labor costs (US$, 

thousands) 
58,909.2  102,598.3   138,122.4   1,395.8  2,129,251.5  

Capital costs (US$, 

thousands) 
5,992.1 10,492.3 14,688.7 3.1 246,365.0 

Total operating 

expenses  

(US$, thousands) 

132,300.0  224,795.6   160,720.8   2,738.9  3,721,000.0  

* S.D.: standard deviation; Min: minimum; Max: maximum.  ** All the values are from 2011 before the CMI 
adjustment. 
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Table 3. Hospital demographic information by group. 

Hospital Classification  Number Percentage (%) 

Hospital type   

 Non-profit 956 65.0 

 Proprietary 203 13.8 

 Government 312 21.2 

Teaching/non-teaching status   

 Teaching 495 33.7 

 Non-teaching 976 66.3 

Size (based on number of beds)   

 Less than 50 138 9.4 

 50–99 224 15.2 

 100–199 432 29.4 

 200–499 526 35.8 

 500–higher 151 10.3 

Region (states)   

 Mid-Atlantic (CT, MA, ME, NH, NJ, NY, PA, RI, VT) 198 13.5 

 South Atlantic (DC, DE, FL, GA, MD, NC, SC, VA, WV) 256 17.4 

 East-north central (IL, IN, MI, OH, WI) 237 16.1 

 West-north central (IA, KS, MN, MO, ND, NE, SD) 127 8.6 

 East-south central (AL, KY, MS, TN) 150 10.2 

 West-south central (AR, LA, OK, TX) 162 11.0 
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 Mountain region (MT, ID, WY, CO, NM, AZ, UT, NV) 173 11.8 

 Pacific region (WA, OR, CA, AK, HI) 168 11.4 

 

Table 4. Efficiency by model. 

Year 

SFA Time-varying Decay Model DEA Model 

Median Mean Std. Dev. Median Mean Std. Dev. 

2001 0.4954 0.5139 0.1174 0.5879 0.6101 0.1666 

2002 0.4863 0.5045 0.1149 0.6092 0.6291 0.1653 

2003 0.4775 0.4951 0.1128 0.5858 0.6163 0.1757 

2004 0.4685 0.4861 0.1102 0.5699 0.6047 0.1775 

2005 0.4601 0.4774 0.1074 0.6053 0.6294 0.1772 

2006 0.4519 0.4689 0.1057 0.5828 0.6203 0.1735 

2007 0.4437 0.4603 0.1041 0.5848 0.6046 0.1749 

2008 0.4356 0.4521 0.1013 0.5758 0.5972 0.1694 

2009 0.4281 0.4439 0.0994 0.5954 0.6314 0.1797 

2010 0.4204 0.4361 0.0973 0.5834 0.6146 0.1771 

2011 0.4130 0.4283 0.0951 0.5943 0.6218 0.1792 
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Fig. 1. Box-plot of efficiency scores by hospital type, teaching status, and size in 2011.  

* SZ1: (NOB < 50); SZ2: (NOB: 50-99); SZ3: (NOB: 100-199); SZ4: (NOB: 200-499); SZ5: (NOB ≥ 500), where 
NOB is the number of bed. 
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