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Abstract Health care spending usually contributes to a large part of a developed country’s
economy. In 2011, the U.S. consumed about 17.7% of its GDP on health care. As one of
the most significant components of the health care industry, the hospital sector plays a key
role to provide healthcare services. Healthcare services industry can be affected by many
factors, of which economic downturn is a crucial one. As a result, it is worth investigating
the condition and state of hospital management when economic downturn occurs. This paper
aims to analyze how theGreat Recession affects hospital performance in Pennsylvania during
the period 2005–2012 by using data envelopment analysis (DEA). Specifically, we measure
efficiency for hospitals in Pennsylvania, and use several DEA models to calculate the global
Malmquist index (GMI). We find that: (1) 15.4% hospitals are always efficient while 36.9%
hospitals are always inefficient for all years in 2005–2012; (2) The relative distance for a
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group of hospitals to the frontier is almost unchanged post-recession and pre-recession; (3)
The average efficiency/GMI decreases by 2.43%/3.07% frompre-recession to post-recession.
The analysis indicates that hospital performance slightly decreased due to the economic
downturn in Pennsylvania.

Keywords Data envelopment analysis (DEA) ·Health care · The Great Recession ·Hospital
performance · Global Malmquist index (GMI)

1 Introduction

Business cycles could introduce shocks to both demand and supply sides of health care
markets. Hospitals may need time to adjust to these shocks in the short term due to contracts,
financial resources, and capacity constraint. Thus, a recession could impact how efficient
hospitals utilize input to provide their services (output). For example, an economic downturn
could affect hospitals’ demand through the changes in health status and health insurance
coverage (Pellegrini et al. 2014; Holahan and Wang 2004). An economic downturn could
also affect hospitals’ supply due to increases in bad debt, decreases in funding from public
programs, and layoffs (Elliott 2010a, b, 2011).

Most hospitals in Pennsylvania were negatively affected during the Great Recession.
More people lost their jobs and health insurance as the unemployment rate in Pennsylvania
increased from 4.2% in 2007 to 8.6% in 2010. During this economic downturn, patients
who lost coverage faced higher out-of-pocket costs for health care services. In addition,
the government spending in Medicaid and Medicare programs also dropped, which meant
hospitals received lower reimbursement rate, and faced a higher level of bad debt. Hospitals
could also receive fewer donations as an economic downturn could restrict donors’ ability to
give (Katz-Stone 2001).

As a result, most hospitals used some cost-cuttingmeasures to tighten budgets to deal with
the negative impact of the recession. Many hospitals in Pennsylvania reduced operating costs
by laying off workers to tighten budgets in the worsening economic environment. Accord-
ing to a survey conducted by The Hospital & Healthsystem Association of Pennsylvania
(HAP) in March 2009, economic downturns worsened most hospitals’ financial conditions.
According to a December 2008 survey by HAP, almost half of the hospitals in Pennsylvania
reported a decreased number of patients, which forced them to tighten their budgets (Wade
2009). Safety-net hospitals with less financial support had to pay attention to financial issues
and implement reforms to earn enough money to survive (Indivero 2014). According to the
HealthLeaders Media Industry Survey 2010, in Pennsylvania 19 percent of hospitals imple-
mented permanent layoffs during the Great Recession. Leaders of more than 80 percent of
hospitals reported that they saw layoffs as one of the most efficient methods of coping with
future economic recessions (Baker et al. 2010). For example, Penn State Milton S. Hershey
Medical Center implemented some budget-tightening methods such as hiring fewer workers
and avoiding raising salaries (Sholly 2009). At the time of another survey conducted by HAP,
almost 90 percent of Pennsylvania’s hospitals had limited their expenditure by holding off
on building improvements and medical device updates (Twedt 2009).

The Great Recession has impacted many sectors of the economy. It may also impact
hospital efficiency, an important research area in health economics. We propose to investi-
gate how the Great Recession affected hospital operating efficiency in Pennsylvania. In this
project, we will combine data from American Hospital Association’s (AHA) annual survey
and publically available macro data to conduct a data envelopment analysis (DEA) to assess
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hospital efficiency from 2005 to 2012. The use of DEA allows us to model multiple factors in
a single unified way. With the results obtained from our DEA analysis, we could have more
insight on how the Great Recession affects hospital operating efficiency. In other words, is
hospital operating efficiency pro-cyclical or counter-cyclical?

DEA is developed by Charnes et al. (1978) for identifying best-practices and measuring
efficiency of decision making units (DMUs) when multiple performance metrics are present
for organizations such as firms, banks and hospitals (Cook et al. 2014). Up to now, DEA
has been applied to many areas such as banking, insurance, energy and auditing (Chen et al.
2015, 2016; An et al. 2015, 2016, 2017; Gong et al. 2016). As shown in a recent survey
of DEA applications, health care is among the top-five industries (Liu et al. 2013). Studies
on health care benchmarking and performance evaluation by DEA are introduced in Ozcan
(2014), which provides us an important guideline. To our best knowledge, Sherman (1984) is
the first to evaluate hospital efficiency using DEA even though Nunamaker (1983) publishes
the first paper in health care focusing on nursing service efficiency. Since then, a number of
studies have been focusing on the efficiency of hospitals. For example, some studies consider
the difference of hospital characteristics or components such as teaching and non-teaching
hospitals (O’Neill 1998; Grosskopf et al. 2001, 2004), federal hospitals (Harrison et al.
2004), not-for-profit and for-profit hospitals (Harrison and Sexton 2006; Araújo et al. 2014)
and hospital’s intensive care units (Tsekouras et al. 2010; Leleu et al. 2012). Other studies
explore the cause of the resulting hospital efficiency changes (Harris et al. 2000; Ferrier
and Valdmanis 2004; Lee and Wan 2004). Du et al. (2014) incorporate health outcomes in
their DEA model and Hu et al. (2012) examine regional hospital efficiency with undesirable
output. Using DEA, Miller et al. (2015) investigate the impact of the Massachusetts health
care reform on hospital costs and quality of care at the same time. Studies considering hospital
efficiency in different countries and/or over different time periods includeChang et al. (2004),
Kawaguchi et al. (2014), Chen (2003) and Chowdhury et al. (2014), etc.

In order to measure the productivity changes of hospitals over time, the current study
applies a global Malmquist productivity index (Pastor and Lovell 2005). Compared to the
traditional Malmquist index (Färe et al. 1994) which is not circular and susceptible to linear
programming (LP) infeasibility, the global Malmquist index (GMI) satisfies circularity, gen-
erates a single measure of productivity change and is immune to LP infeasibility (Pastor and
Lovell 2005).

We compile the input and output metrics for hospital performance and incorporate an
important measure of unemployment rate, into our analysis. The unemployment rate is
regarded as a non-controllable variable in our model. The global Malmquist index is cal-
culated based upon a non-radial and input-oriented Russell DEA model (Färe and Lovell
1978; Färe et al. 1985) for two reasons. First, non-radial model fully considers the slacks,
which helps to improve performance more accurately. Moreover, it is more appropriate and
practical to allow all inputs and outputs to change non-proportionally. Second, some out-
puts may be out of control considering our current study. For example, we cannot expect to
arbitrarily increase the number of inpatient surgical operations or emergency room visits in
order to improve a hospital’s efficiency. We also wonder if there is any input surplus. So, we
choose an input-oriented model. We find that the average efficiency/GMI is a bit fallen off
during the time period 2005–2012 under investigation, which implies economic downturn
has a minor negative impact on hospital performance.

The rest of this paper is organized as follows. The following section briefly reviews the
globalMalmquist productivity index and presents our DEAmodels. In Sect. 3, we discuss the
input and output measures, calculate the efficiency and global Malmquist index, and analyze
the results. Section 4 concludes.
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2 Methodology

In this section, we first review the global Malmquist productivity index. There are a number
of ways to calculate Malmquist index, depending on the DEAmodels used. As shown above,
this paper uses non-radial and input-oriented DEA models to calculate the efficiency and the
global Malmquist index.

2.1 Global Malmquist productivity index

Assume that there are n DMUs over t, t = 1, . . . , T time periods with inputs Xt
j =

(xt1 j , x
t
2 j ..., x

t
mj ) and outputs Y t

j = (yt1 j , y
t
2 j ..., y

t
s j ), where j = 1, 2, . . . , n represents

DMUj in contemporaneous period t . In this paper, we assume that the data set is positive.
The contemporaneous technology in time period t can be defined by a production possibility
set (PPS) or technology set:
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where L and U are lower and upper bounds for the sum of the intensities. For example,
(L ,U ) = (0,∞) and (L ,U ) = (1, 1) correspond to constant returns to scale (CRS) and
variable returns to scale (VRS) models, respectively. Accordingly, we can define the contem-
poraneous Malmquist index for DMUk between two time periods t and t + 1 as:
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where Dp(Xk, Yk), p = t, t + 1 represent the distance functions or the different DEA
technologies in a non-parametric framework. For example, the input distance function can
be defined as:

Dp(Xk, Yk) = min
{
θ > 0 |(θXk, Yk ) ∈ PPSp} , p = t, t + 1 (3)

TheMalmquist index can be decomposed as the product of efficiency change (EC) or catch-up
and technical change (TC) or frontier-shift as (Färe et al. 1992, 1994):

Efficiency change (EC) = Dt+1(Xt+1
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Based on the contemporaneous Malmquist index or technology, the global production pos-
sibility set or global technology can be defined as (Pastor and Lovell 2005):

PPSG = conv
{
PPS1 ∪ PPS2 ∪ ... ∪ PPST

}
(6)

Equation (6) shows that PPSG is the convex envelope of all the contemporaneous tech-
nologies. As a result, there is only one global benchmark technology. So, geometric mean
convention is never needed to define the global Malmquist index that can be formulated as:

MIG(Xt
k, Y

t
k , X
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Accordingly, DG(Xk, Yk) can be determined as:

DG(Xk, Yk) = min
{
θ > 0 |(θXk, Yk) ∈ PPSG

}
(8)

In Pastor and Lovell (2005), the global Malmquist index is decomposed as the product of the
usual efficiency change (EC) and the change of the best practice gap or best practice change
(BPC) as:

MIG = EC × BPC (9)

where EC is the same with Eq. (4) and
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reflect the best practice gap between PPSG and

PPSp, p = t, t + 1 with respect to DMUk in periods t and t + 1.
As shown above, the global Malmquist index has three merits: (1) Like any fixed base

Malmquist index, MIG is circular, so is EC and BPC. (2) It generates a single value of
productivity change and does not need to take the geometric mean of disparate adjacent
period measures. (3) It is immune to the LP infeasibility problem. So we can use a VRS
technology without considering the possibility of DEA models’ infeasibility (Seiford and
Zhu 1999; Chen 2005; Cook et al. 2009; Chen and Liang 2011; Lee et al. 2011).

2.2 DEA models

We use subscript iNon to denote the non-controllable inputs INon ⊆ {1, 2, . . . ,m} and the
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where λ
p
j and θi are intensive and efficiency variables, respectively. Note that the second

constraint is imposed an equality in model (11) for non-controllable inputs (Cooper et al.
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2007; Cook and Seiford 2009). And Dp(X p′
k , Y p′

k ), p, p′ = t, t + 1 can be calculated by the
following linear program:
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Note that we also use the traditional input-oriented and non-radial VRS DEA model to
calculate hospitals’ efficiency. Our DEA models are based upon the assumption of VRS
considering the inputs and outputs used in the current study (see next section). For example,
it makes no sense to expect the total number of surgical operations to double as the total
number of hospital beds is doubled.

3 Hospital performance in Pennsylvania

In this section, we conduct a DEA analysis on how the Great Recession affects hospital
performance in Pennsylvania over 2005–2012. TheDEAmodels and globalMalmquist index
developed in Sect. 2 are used to calculate efficiency and productivity scores of hospitals. We
also examine the performance changes in Pennsylvania hospitals pre-recession and post-
recession.

3.1 Input and output measures

Data for the study were obtained from the American Hospital Association’s (AHA) Annual
Surveys 2005–2012 and publically available economic data from Federal Reserve Economic
Data (FRED).1 We combine these two data sources to select our five input variables and five
output variables reported in Table 1. Four of the input variables, including the number of
total hospital beds, the number of full-time physicians and dentists, the number of full-time
registered nurses, and the number of full time equivalent licensed practical or vocational
nurses, are taken from the AHA Annual Survey of Hospitals to capture hospitals’ physical
inputs. The remaining input variable, PA county-level unemployment rates, is taken from
FRED Database. All of the five output variables, namely, total facility admissions, total
facility inpatient days, inpatient surgical operations, total surgical operations and emergency

1 Data Accessed on June 25, 20014. Available at http://research.stlouisfed.org/fred2/categories/29613.
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Table 1 Input and output measures

Measure Meaning

Inputs hospbd Total hospital beds

ftemd Full time equivalent physicians and dentists

ftern Full time equivalent registered nurses

ftelpn Full time equivalent licensed practical or vocational nurses

unemrat County-level unemployment rates

Outputs admtot Total facility admissions

ipdtot Total facility inpatient days

suropip Inpatient surgical operations

suroptot Total surgical operations

vem Emergency room visits

roomvisits, are taken from theAHAAnnual Survey ofHospitals to capture hospitals’ physical
output.

The five input and five output measures for our DEA models are reported in Table 1.
In order to capture hospital inputs, we first select the total hospital beds, which measures

the hospital size. As doctors and nurses are the main staff of hospitals, we include three
related variables, i.e. full time equivalent physicians and dentists, full time equivalent reg-
istered nurses and full time equivalent licensed practical or vocational nurses. Recognizing
the effect of the Great Recession on economy, we use an important variable, county-level
unemployment rates, to reflect the overall economic condition facing each hospital. We use
the unemployment rate to model the impact macroeconomic environment on resources out-
side hospitals’ control. However, the unemployment rate must remain fixed as the hospitals
have no power to change them. So this variable is non-controllable.

For the output part, we choose five variables to reflect the treatment and care. They are total
facility admissions, total facility inpatient days, inpatient surgical operations, total surgical
operations and emergency room visits. All of them reflect the healthcare services that a
hospital provides. We use these measures to quantify the physical output of hospitals.

3.2 Data

As shown above, the dataset used in this paper was obtained from the American Hospital
Association’s (AHA) Annual Surveys and Federal Reserve Economic Data. We gather the
data of 65 hospitals from 34 counties in Pennsylvania. Considering that only the data for the
counties’ unemployment rates are available, in this paper, we directly use the unemployment
rate of a county for each hospital in the county.

Tables 2 shows the summary statistics of input and output measures for all the hospitals.
There are 65 hospitals in our sample. The average for some measures (hospbd, admtot,
ipdtot, suropip and suroptot) in each year is close to each other while it changes a lot
for other measures (ftemd, ftern, ftelpn, unemrat and vem). For hospbd, admtot, ipdtot,
suropip and suroptot, the differences between their maximum and minimum of mean are
15.54 (=306.92−291.38), 974.23 (=14922.94−13948.71), 4782.72 (=79161.83−74379.11),
167.18(=4743.31−4576.12) and 415.38(=11988.85−11573.46), respectively. The maximal
changes of ratio for the mean of these five variables are 5.33, 6.98, 6.43, 3.65 and 3.59%,
respectively. However, the differences between the maximum and minimum of mean for
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Fig. 1 Tendency of the mean in 2005–2012 for all the input/output variables

ftemd, ftern, ftelpn, unemrat and vem are 35.98, 107.08, 16.28, 4.16 and 9441.22, respec-
tively. And the maximal changes of ratio for the mean of the five variables are 65.39, 23.10,
58.71, 91.90 and 24.32%, respectively.

Moreover, we further report the tendency of themean in 2005–2012 for all the input/output
variables, which is illustrated in Fig. 1. As shown in Fig. 1, the mean of two variables (ftern
and vem) strictly increases monotonically while ftelpn’s mean strictly decreases monotoni-
cally. For admtot and ipdtot, the mean first increases and then decreases. For the rest of the
variables (hospbd, ftemd, unemrat, suropip and suroptot), the mean increases and decreases
interchangeably.

Except for unemrat, all the other variables show a relatively large standard deviation. This
information implies that the hospitals included in our smaple vary greatly in hospital size. For
some variables (hospbd, unemrat, admtot and vem), the mean is larger than its corresponding
standard deviation, while the opposite is foundfor other variables (ftemd, ftern and suropip).
For ftelpn, ipdtot and suroptot, the mean is either greater or less than its corresponding
standard deviation.

3.3 Results

3.3.1 Hospital efficiency

Hospital efficiency in 2005–2012
Based on the data and models above, this section calculates efficiency scores of all hospi-
tals. First we show the efficiency scores of each hospital in each year. Tables 3 reports the
results.
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Table 3 Efficiency scores of hospitals in 2005–2012

DMU Efficiency

2005 2006 2007 2008 2009 2010 2011 2012

1 0.8896 0.8631 1 1 1 1 1 1

2 0.7468 0.7065 0.7223 0.6768 0.6565 0.8174 0.8331 0.9560

3 1 1 1 1 1 1 1 1

4 0.6569 0.6281 0.6365 0.7735 1 0.9222 0.8707 0.8323

5 1 1 1 1 1 1 1 1

6 1 1 1 1 1 1 1 0.9628

7 0.7312 0.7357 0.7310 0.7853 0.7557 0.7209 0.7450 0.7687

8 0.6783 0.7492 0.7862 0.9796 0.8334 0.8866 0.8118 0.8098

9 1 1 1 1 1 1 1 1

10 0.7988 1 1 1 1 1 1 1

11 0.7361 0.7879 0.5706 0.6705 0.6605 0.6093 0.6095 0.5721

12 0.6251 0.8108 0.6635 0.6642 0.6033 0.5482 0.6251 0.5916

13 0.7909 0.8135 0.6211 0.5613 0.5698 0.6071 0.7223 0.6045

14 1 1 1 0.4449 0.4935 0.5001 1 1

15 0.6272 0.7480 0.8331 0.7861 0.9004 0.8809 0.8596 0.8373

16 0.6038 0.6706 0.6496 0.7223 0.8699 0.6568 0.7600 0.9080

17 1 0.9726 1 1 0.8385 1 1 0.7820

18 1 1 1 1 1 1 1 1

19 1 1 1 1 1 1 1 1

20 0.6563 0.7257 1 1 1 0.8893 0.8308 0.8770

21 0.5602 0.5254 0.5049 0.4781 0.5003 1 0.6716 1

22 0.9121 0.9029 0.9896 0.9381 0.8943 1 1 1

23 0.8369 0.7655 0.7272 0.5973 0.5973 0.5896 0.5805 0.6091

24 1 1 1 0.8343 0.8627 0.8845 0.8178 1

25 0.6449 0.5879 0.5645 0.5366 0.5035 0.4961 0.4996 0.5076

26 0.8385 0.8298 0.8578 0.7682 0.5196 0.4785 0.4759 0.4983

27 0.9223 0.8717 0.8703 0.7774 0.8144 0.7219 0.7240 0.8079

28 0.6915 0.6668 0.6675 0.6139 0.6348 0.6118 0.5123 0.5644

29 0.9276 0.9821 0.8844 0.7934 0.6492 0.8415 1 1

30 0.7525 1 0.9296 1 1 1 0.9907 1

31 0.8715 0.8591 0.8365 0.9073 0.8603 0.9119 1 1

32 0.6034 0.6660 0.6185 0.6846 0.6320 0.6558 0.6831 0.6798

33 0.8571 0.8048 0.7237 1 1 1 0.9676 0.8410

34 0.7834 0.8617 0.8093 1 0.9909 0.8435 1 1

35 1 1 1 1 1 0.8797 0.9959 0.7549

36 1 1 0.8292 0.9694 0.9331 0.9677 1 1

37 0.6174 0.6248 0.6470 0.6188 1 0.9089 0.6099 0.7681

38 1 1 1 1 1 1 1 1

39 0.8993 0.7969 0.8801 1 1 0.8782 1 1

40 0.7131 0.7047 0.6984 0.6307 0.6543 0.6338 0.6052 0.6257

41 1 1 0.9683 1 1 0.9491 0.8946 0.8947
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Table 3 continued

DMU Efficiency

2005 2006 2007 2008 2009 2010 2011 2012

42 0.9939 0.9531 0.8604 0.6424 0.6135 1 0.5458 0.5240

43 0.9446 1 1 1 0.7521 1 1 1

44 0.7902 0.7834 0.9854 0.9111 0.8813 0.8414 0.7551 0.8764

45 0.8948 1 0.8326 1 0.9985 1 1 1

46 0.8817 0.5954 0.5732 0.5730 0.8666 1 1 1

47 1 1 1 1 1 1 1 1

48 0.6885 0.7913 0.7911 0.8956 0.8194 0.6831 0.7180 0.7311

49 1 0.7895 0.6503 0.6556 0.5352 0.4596 0.6618 0.6484

50 0.7173 0.7992 0.6984 0.8220 0.9646 0.9774 0.9728 0.8893

51 0.9967 1 1 1 1 1 1 1

52 0.6041 0.6389 0.5578 0.7646 0.6694 0.5648 0.6081 0.5925

53 0.8879 0.8589 0.8786 0.8712 0.7863 1 1 1

54 0.5849 0.6800 0.7454 0.7148 0.6880 0.7143 0.7750 0.6527

55 0.6042 0.5631 0.6285 0.5683 0.5387 0.5202 0.5813 0.7585

56 0.8573 0.8227 0.7759 0.7352 0.6944 0.5704 0.6049 0.6488

57 0.5499 0.5830 0.5254 0.5716 1 0.6117 0.5583 0.5526

58 1 1 1 1 1 1 1 1

59 0.8639 0.7957 0.9536 0.8792 1 0.9040 0.9890 0.9421

60 1 1 1 1 1 1 1 1

61 1 1 1 1 1 1 1 1

62 0.7688 0.7026 0.9843 0.5871 0.6233 0.7646 1 1

63 0.6696 0.6005 0.8321 0.7474 0.6123 0.5892 0.6644 0.9188

64 0.9521 1 1 1 1 0.9636 1 1

65 0.7747 0.6985 0.6832 0.5742 0.4978 0.4890 0.6378 0.6172

Table 3 shows the efficiency for 65 hospitals in 2005–2012. For each year, the number
of efficient hospitals is relatively large even though there are more DMUs (65) as compared
with the input/output (5/5) metrics. Basically, the number of efficient hospitals gradually
increases from 2005 to 2012. The minimum for the number of efficient hospitals is 18 in
2005, and the maximum reaches 29 in 2012. However, the number of hospitals which are
efficient for all years from 2005–2012 is less. There are 10 efficient hospitals for all years,
including DMUs 3, 5, 9, 18, 19, 38, 47, 58, 60 and 61. The number of inefficient hospitals
across all years is 24, including DMUs 2, 7, 8, 11, 12, 13, 15, 16, 23, 25, 26, 27, 28, 32, 40,
44, 48, 50, 52, 54, 55, 56, 63 and 65. Their efficiency is less than unity for all years. Among
the inefficient hospitals across all years, DMU 44 has the maximal efficiency (0.9854) in
2007 and it is almost efficient. Three hospitals (DMUs 6, 10 and 51) are inefficient in one
year of 2005–2012 while six hospitals (DMUs 4, 37, 42, 49, 57 and 59) are efficient in only
one year of 2005–2012.

The statistics of hospital efficiency for each hospital are shown in Fig. 2, which reflects
each hospital’s relative performance/position among all hospitals. For example, there are
10 (15.4%) most efficient hospitals that have equal minimal and maximal efficiency scores,
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Fig. 2 Minimal, maximal and average efficiency for each hospital

Fig. 3 Minimal, maximal and average efficiency for each year

which is also shown above. These 10 hospitals should dominate others for the best perfor-
mance. Clearly, 24 (36.9%) hospitals are inefficient for all years in 2005–2012 because their
maximal efficiency scores are less than unity. DMU 14’s minimal efficiency score is smallest
though its average efficiency score is not smallest. In fact, DMU 14 has the largest efficiency
difference as its maximal efficiency score is unity. DMU 25’s maximal efficiency score is
smallest and its minimal efficiency score is almost the smallest one. Moreover, DMU 25 has
the smallest average efficiency score. This result suggests that DMU 25’s performance is
worst.

Figure 3 graphically reports the maximal efficiency, minimal efficiency and average effi-
ciency of all hospitals in each year. For the maximal efficiency, all the maximal efficiency
scores for all hospitals in each year are unity, which represents an efficient status. For the
minimal efficiency, the smallest minimal efficiency score for all hospitals across all years is
0.4449, which corresponds to DMU 14 in 2008. The minimal efficiency curve first decreases
until 2008 and later decreases again in 2010. There are three hospitals for which the efficiency
score is the smallest among all hospitals in two years. DMUs 14, 21 and 26 are the most
inefficient ones in 2008–2009, 2006–2007 and 2011–2012, respectively. Compared with the
minimal efficiency, the average efficiency nearly keeps unchanged until 2007, decreases in
2008 and then increases. The average efficiency scores are very high in 2005–2012. Among
them, the minimum reaches 0.8266 in 2008 and the maximum (0.8524) is even more than
0.85 in 2012. Moreover, the change of average efficiency is not significant for hospitals
in 2005–2012. The maximal difference of average efficiency is only 0.0258. This finding
implies that the average efficiency only has minor changes over the years.
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Fig. 4 Statistics of average frontier-group efficiency pre-recession and post-recession

Table 4 Pearson correlation coefficients for efficiency scores of hospitals in 2005–2012

Year 2005 2006 2007 2008 2009 2010 2011 2012

2005 1 0.859∗∗ 0.736∗∗ 0.549∗∗ 0.372∗∗ 0.493∗∗ 0.611∗∗ 0.482∗∗
2006 0.859∗∗ 1 0.816∗∗ 0.707∗∗ 0.489∗∗ 0.555∗∗ 0.662∗∗ 0.504∗∗
2007 0.736∗∗ 0.816∗∗ 1 0.733∗∗ 0.529∗∗ 0.581∗∗ 0.697∗∗ 0.632∗∗
2008 0.549∗∗ 0.707∗∗ 0.733∗∗ 1 0.801∗∗ 0.715∗∗ 0.710∗∗ 0.587∗∗
2009 0.372∗∗ 0.489∗∗ 0.529∗∗ 0.801∗∗ 1 0.765∗∗ 0.681∗∗ 0.592∗∗
2010 0.493∗∗ 0.555∗∗ 0.581∗∗ 0.715∗∗ 0.765∗∗ 1 0.776∗∗ 0.741∗∗
2011 0.611∗∗ 0.662∗∗ 0.697∗∗ 0.710∗∗ 0.681∗∗ 0.776∗∗ 1 0.874∗∗
2012 0.482∗∗ 0.504∗∗ 0.632∗∗ 0.587∗∗ 0.592∗∗ 0.741∗∗ 0.874∗∗ 1

** Correlation is significant at the 0.01 level (2-tailed)

The average efficiency in Fig. 3 reflects the relative distance between the best-practice
frontier and the group of hospitals. We call this type of efficiency as average frontier-group
efficiency in order to differentiate it from the average efficiency in the next section. As shown
in Fig. 4, the mean of average frontier-group efficiency pre-recession and post-recession is
0.8333 and 0.8357, respectively. And the change of ratio for the mean between the frontier-
group efficiency is only 0.29%. So the average frontier-group efficiency is almost the same
post-recession than pre-recession. It suggests that the relative distance for the group of hos-
pitals to the frontier is almost unchanged post-recession than pre-recession.

In order to examine the correlations among the hospital efficiency scores in each year, we
calculate the Pearson correlation coefficients for the efficiency scores in 2005–2012, which
are shown in Table 4. The maximal and minimal correlation coefficients are 0.874 and 0.372,
respectively. For each year, the maximal correlation coefficient occurs in its adjacent year.
For example, the largest correlation coefficient is in Year 2006 for Year 2005 (i.e. 2005 with
2006). Others include 2007 with 2006, 2008 with 2009, 2010 with 2011, and 2011 with 2012.
Moreover, for each year in 2006–2011, the first and second largest correlation coefficients
are in adjacent year. So, the hospital efficiency scores in these adjacent years are highly
correlated.
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Fig. 5 Efficiency distribution for hospitals pre-recession and post-recession

An interesting finding is that the minimal correlation coefficient occurs in Year 2009 for
Years 2005–2007 while it is in Year 2005 for Years 2008–2012. Possible reasons may be
(1) for Years 2005–2007 pre-recession, the minimal correlation coefficient is in the year
post-recession. The deepest effect of the financial crisis on the relative performance of the
hospitals is in Year 2009; (2) for Years 2008–2012 post-recession, the minimal correlation
coefficient is in the year pre-recession. And Year 2005 is the furthest (most different) year
for Years 2008–2012.

Hospital performance pre-recession and post-recession
In order to figure out the impact of the Great Recession on hospital performance, in this
section, we further analyze the average hospital efficiency pre-recession and post-recession.
Specifically, we calculate the efficiency of all hospitals in 2005–2012 together. In this case,
the total number of DMUs is 520.

First, we show the efficiency distribution for hospitals pre-recession and post-recession
due to the large number of hospitals. Figure 5 reports the results. The percentage of efficient
hospitals is 14.36% in pre-recession and it is 14.46% in post-recession. So the proportion
of efficient hospitals is almost unchanged pre-recession and post-recession. The minimal
efficiency is in the interval [0.3, 0.4) in pre-recession while it is in the interval [0.4, 0.5)
in post-recession. Besides, the percentage of efficiency in pre-recession is less than that in
post-recession for three intervals [0.4, 0.5), [0.5, 0.6) and [0.8, 0.9). However, it is larger than
that in post-recession for three intervals [0.6, 0.7), [0.7, 0.8) and [0.9, 1).

Next we quantitatively verify the impact of the Great Recession on hospital performance.
Figure 6 reports the average efficiency for hospitals pre-recession and post-recession. As
shown in Fig. 6, the average efficiency decreases from 0.7553 to 0.7369 (−2.43%) for hos-
pitals post-recession as compared to pre-recession. It suggests that the Great Recession may
have a negative effect on hospital performance. Hence, it supports the argument that the
hospital performance slightly decreases due to the Great Recession.
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Fig. 6 Average efficiency for hospitals pre-recession and post-recession

3.3.2 Productivity changes over time

Section 3.3.1 shows the efficiency that only reflects the performance in each single year.
To measure the productivity change of hospitals over time, we next calculate the global
Malmquist index of the hospitals during 2005–2012. Table 5 reports the results.

In Table 5, there is only one hospital (DMU 5) whose productivity keeps the same all the
periods in 2005–2012, and its globalMalmquist index is unity. For all the other hospitals, each
hospital’s productivity changes differently. And the global Malmquist index increases and
decreases interchangeably. It indicates that these hospitals experience progress and regress
in the total factor productivity at different points during 2005–2012.

The statistics of globalMalmquist index for each hospital are shown in Fig. 7, which partly
reflects each hospital’s productivity change. Except for DMU 5, the minimal (maximal) GMI
is less (larger) than unity for all the other DMUs. Only one DMU’s minimal/maximal GMI
is less/larger than 0.5/2.4, i.e. DMU 14. And seven DMUs’ maximal GMIs are larger than
1.5, including DMUs 4, 14, 20, 24, 37, 46 and 57. In comparison with the minimal/maximal
GMI, the average GMI for each DMU is closer to each other. And all the DMUs’ average
GMIs falls in the interval [0.9270, 1.1034].

Similar to the efficiency results above, DMU 14 has the smallest minimal GMI (0.3872)
and the largest maximal GMI (2.4709), which shows a massive change of productivity during
2005–2012. In fact, DMU 14’s minimal GMI is from period 2008/2007, which is just the
time when the economic crisis occurred. Different from its efficiency results, DMU 14 has
the largest average GMI. This result may imply that the economic downturn had the greatest
impact on DMU 14’s hospital performance. DMU 25’s GMI is almost the same during
2005–2012, which also behaves differently from its efficiency shown in Fig. 2.

Figure 8 further reports the maximal, minimal and average GMIs of all hospitals in each
period of 2005–2012. The minimal (maximal) GMI is less (larger) than unity for all periods
of 2005–2012. For the maximal GMI, the curve increases smoothly before period 2008/2007
but changes sharply after the period. The largest maximal GMI is 2.4709, which corresponds
to period 2011/2010. For the minimal GMI, the smallest minimal GMI for all hospitals
across all years is 0.3872, which corresponds to period 2008/2007. So, the largest increase
and decrease of productivity are from different periods.
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Table 5 Global Malmquist index for hospitals in 2005–2012

DMU GMI

2006/2005 2007/2006 2008/2007 2009/2008 2010/2009 2011/2010 2012/2011

1 1.0832 1.2266 0.9751 0.7651 1.0415 1.1331 0.8710

2 1.0143 0.9946 0.9748 0.9221 1.0006 1.0467 1.2689

3 1.1459 1.0084 1.0000 0.8257 0.9737 1.0725 0.9569

4 0.9847 1.0148 1.0324 1.7705 0.8725 0.8022 1.0641

5 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000

6 1.0745 1.0484 0.8864 1.0470 1.0775 0.8716 1.0209

7 1.1397 1.0286 0.9569 0.8387 0.9854 1.0360 1.0990

8 1.1179 1.1640 1.1911 0.8770 1.0706 0.8386 1.1125

9 0.8847 1.1303 1.0000 0.8525 1.0212 1.1487 1.0000

10 1.1462 1.3088 1.0000 0.8425 1.0213 1.1622 0.9477

11 1.1558 0.8190 1.0601 1.0708 0.9529 0.9349 0.9664

12 1.2492 0.8294 0.9914 0.9418 0.9504 1.0650 0.9926

13 1.0703 0.8052 0.8669 0.9882 1.0139 0.9876 1.0605

14 0.9217 1.0850 0.3872 1.0622 0.9839 2.4709 0.8129

15 1.1188 1.0758 0.9039 1.3016 1.0094 0.8843 0.9138

16 1.0581 1.0645 1.0103 1.0727 0.9339 0.9530 0.9524

17 0.8488 1.2585 0.9302 0.7283 1.0041 1.0069 0.9002

18 1.0625 1.0000 1.0000 0.9969 1.0032 1.0000 1.0000

19 0.8812 1.1348 0.8123 1.2293 1.0014 0.8782 1.1387

20 1.0219 1.0967 0.8875 1.5392 0.8703 0.8484 1.0432

21 0.9732 1.0031 0.9356 0.9769 0.9411 1.0321 0.9180

22 0.9775 1.1448 0.9608 0.8828 1.0793 1.0332 1.1052

23 1.0059 0.9746 0.8229 0.9834 0.9072 1.0266 1.1207

24 1.0506 1.0881 0.7985 0.9513 0.9450 0.9165 1.5199

25 0.9321 1.0025 0.9358 0.9494 0.9977 0.9486 0.9857

26 1.2455 1.0047 0.6660 0.9530 0.9362 0.9431 0.9892

27 0.9934 1.0427 0.9379 1.0031 0.9709 0.8845 1.3372

28 0.9570 1.0750 0.9699 1.0050 1.1436 0.8259 0.9991

29 1.2593 1.0880 0.7332 0.9005 1.2853 1.0910 1.0171

30 1.1202 1.0089 1.0139 1.2429 1.0000 0.8244 0.9974

31 1.0306 1.0939 0.9223 1.0288 0.9795 1.2511 1.0282

32 1.0404 0.9915 1.0878 0.9107 1.0874 0.9740 1.0099

33 0.9481 1.0219 1.3935 0.9472 0.7817 0.9020 0.9789

34 1.0236 1.0004 0.9979 1.2009 0.7940 0.9739 1.2611

35 0.9710 1.0298 0.9592 0.9198 0.9690 1.0194 0.8332

36 0.9219 0.9172 1.0087 0.9364 1.0825 1.1437 0.9814

37 0.9518 1.1137 0.8846 1.7488 0.8574 0.6610 0.9748

38 1.0617 1.0000 1.0000 0.6797 1.0087 1.0473 1.0476

39 0.9348 1.1481 1.2640 0.8459 0.9049 1.2721 0.8877

40 0.9708 1.0538 0.9240 1.0313 0.9842 0.9305 1.0026

41 0.8965 1.0190 0.9286 0.9729 0.9243 0.8529 1.0218
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Table 5 continued

DMU GMI

2006/2005 2007/2006 2008/2007 2009/2008 2010/2009 2011/2010 2012/2011

42 1.0800 0.9494 0.7917 0.9465 0.9628 0.9639 0.9597

43 0.9554 1.0833 0.9056 0.9442 1.3466 1.1081 0.9843

44 0.9284 1.0801 0.8920 1.1842 1.0420 0.9671 1.0552

45 1.2781 0.7811 1.2802 0.6846 1.0424 1.1509 1.0922

46 0.6924 1.1871 0.9575 1.0978 1.4159 0.7710 1.5251

47 1.1886 1.0975 0.9165 1.0317 1.0575 1.0000 1.0000

48 1.1373 1.1226 0.9417 0.9228 0.9507 0.9954 0.9940

49 0.8113 0.8931 0.9219 0.7717 0.9783 1.3593 0.7533

50 1.0097 0.9485 1.0884 1.3060 1.0270 0.9229 0.9189

51 0.9446 0.9835 0.9820 1.0895 1.0388 1.0000 1.0000

52 0.9731 0.9993 1.2014 0.8201 1.0370 0.9458 0.9522

53 0.9976 1.0482 0.9372 0.9813 1.0463 1.0536 0.9396

54 1.0718 1.1193 1.0496 0.9877 1.0864 0.9903 0.9054

55 0.8984 1.1018 0.8917 1.0296 0.9974 0.9846 1.3917

56 1.0156 0.9851 0.8802 1.0016 0.8262 0.9980 0.9995

57 1.0048 0.9435 1.0163 2.0814 0.5977 0.8582 0.9811

58 1.0130 1.0348 1.0000 1.0000 1.0000 1.0000 0.8856

59 1.0456 1.2450 0.9542 1.0142 0.9664 1.1191 1.0493

60 1.1362 1.1041 0.8634 0.8606 0.9801 1.0589 0.9350

61 1.0569 1.0000 0.8440 0.8682 1.0687 0.9763 1.0047

62 0.9697 1.2107 0.7758 0.9667 1.1113 1.2935 1.2473

63 0.8686 1.1586 0.9257 0.9960 1.0394 0.9010 1.1705

64 1.0916 1.1392 1.0000 0.9540 0.9416 1.0297 1.0812

65 1.0144 0.9967 0.8011 0.9114 0.9961 0.9728 1.0321

Fig. 7 Minimal, maximal and average GMI for each hospital

As for the average GMI, five average GMIs are larger than unity, which indicates progress
in the total factor productivity. And two are less than unity, which indicates regress in the
total factor productivity. Moreover, the average GMI for period 2010/2009 is almost unity
(0.9988). The curve has a same increasing/decreasing tendency with the minimal GMI’s,
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Fig. 8 Maximal, minimal and average GMI for each period

Fig. 9 Statistics of average GMI pre-recession and post-recession

but it is smoother. The maximal difference of average GMIs is 0.0969. Except for period
2008/2007, the average GMI only changes slightly between periods.

In fact, if we focus on the quantitative change of the average GMI in 2005–2012, we find
that the average GMI increases and decreases interchangeably. The average GMI for period
2008/2007 is smallest and less than unity (0.9512). So it indicates regress in the total factor
productivity in 2008. And the average GMI for period 2009/2008 is larger than unity. So it
indicates progress in the total factor productivity in 2009. Note that year 2008 is the worst
of the recession. The V-shape change of the average GMI partly reflects the situation of the
economic crisis.

Next, we examine the change of GMI pre-recession and post-recession to further show
the impact of the Great Recession on hospital performance. As shown in Fig. 9, the mean
of the average GMI pre-recession and post-recession is 1.0350 and 1.0033, respectively.
And the ratio of change is −3.07%. There is a decrease in the average GMI post-recession
compared to pre-recession during 2005–2012. It implies that the economic downturn has a
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Fig. 10 Results for average GMI/EC/BPC

minor negative impact on hospital productivity. Namely, the hospital productivity slightly
regresses due to the economic downturn.

Other than the global Malmquist index, we can also obtain the results for efficiency
change and best practice change. Considering the goal of this paper, the detailed results
are not presented in this paper. And we only report the average EC/BPC over periods in
2005–2012. Figure 10 shows the results for the average GMI/EC/BPC by both bar diagram
(including data label) and line graph. Compared with the GMI curve in Fig. 8, the relative
magnitude for the average GMI in Fig. 10 is clearer and obvious (it is almost a horizontal
line in Fig. 8). By doing this, we can find/compare the tendency for these three indices more
easily.

Six values of average ECs are larger than unity. The average EC in period 2007/2006 is
1.0016, which is very close to unity. It suggests that there is almost no efficiency change in
period 2007/2006. So only the other five periods undergo progress in the efficiency change.
And only one averageEC is less than unity,which corresponds to period 2008/2007.However,
the smallest average EC is 0.9992 and also almost equals unity. In other words, there is nearly
no efficiency change in period 2008/2007. The average efficiency changes (increase/decrease)
are consistent with the results in Fig. 3 except for period 2007/2006. In fact, if we calculate
the ratio of change of average efficiency in Fig. 3, it is almost the same with the average EC
in Fig. 10 for each period. Compared with the change of the average GMI, the change for
the average EC is small.

Four values of average BPC are larger than unity, which indicates progress in the frontier
technology. The average BPC in period 2010/2009 is 0.9994, which is also very close to
unity. So there is almost no change in the frontier technology in this period. It is interesting
that the tendency for the average BPC is similar to that for the average GMI. The maximal
difference of average BPCs is 0.0968, which approximately equals the maximal difference of
average GMIs. Similarly, except for period 2008/2007, the average BPC shifts slight between
periods. This finding means that significant changes doe not occur in the frontier technology
for hospitals in Pennsylvania during 2005–2012.
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4 Conclusions

In general, the status of economy can have a strong impact on the development of firms and
organizations, human’s life and healthcare services, etc. For example, many financial crises
were associated with banking panics and many downturns cohered with these panics. The
2008 financial crisis directly triggers the global economic recession and has been regarded as
the worst financial crisis since the Great Depression of the 1930s. As a result, the real GDP
in the United States decreases 2.8% in 2009. The objective of this paper is to examine the
impact of theGreat Recession on hospital performance in Pennsylvania.We consider a period
2005–2012 where the global economic crisis occurs in the middle of period. And we use
several DEA models to measure the hospital efficiency and calculate the global Malmquist
index (GMI) for hospitals. The results suggest that the economic downturn or the Great
Recession only has a minor impact on hospital operating efficiency. Hospitals could adapt
different strategies to navigate through economic downturns. For example, hospitals could
downsize operations, layoff some staffs, offer fewer services, set collaborative relationships,
expand geographic areas to reach more well-insured patients, align with physicians more
closely, and increase healthcare service innovations. As such, our findings provide some
useful information for hospital administrators and have potential implications for hospital
management.

Note that models (11) and (12) rely on the positive assumption of the data set. Namely,
no hospital shows input variables with zeros. Otherwise the average efficiency score in
the objective function is incorrect. Future research could develop new models to evaluate
efficiency when non-negative data or input variables with zeros exists.

In this paper, we use several inputs where only one input is explicitly related to the
economy and there is no measure about hospital operating costs. Also, except for the main
staff, no other personnel are considered in the inputs. Moreover, no output is considered for
outpatient’s visits except emergency room visits due to the data availability. A potential effect
of the Great Depression can be a substitution between inpatients and outpatients to reduce
costs, which needs to be further investigated. At the same time, no quality metrics (process
measure and/or output measure) are included in our analysis and in the current paper. But the
provision of high quality standards is also an important goal of hospitals (and other health
services). Besides, new DEA models could be developed when undesirable quality data
exists. To fully capture the composition of inputs/outputs and precisely examine the effect
of the Great Recession on hospital performance, future research could include other inputs
considering hospital operating costs and other output measures. Although we do not find that
the economic downturn has a significant impact on hospital performance in Pennsylvania, we
cannot claim that the downturn has no impact on hospital performance in other states. Hence,
further research can investigate how the Great Recession affected hospital performance in
other states. Meanwhile, more research is needed to examine the longer term impact of the
Great Recession on hospital operating efficiency.
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