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ABSTRACT

This paper examines issues surrounding efficiency in the South African health sector with specific emphasis on public hospitals. Data Envelopment Analysis (DEA) is used to produce ‘efficiency figures’ for Gauteng’s public hospitals, which are different from the provincial efficiency measures. Public hospitals in South Africa use ‘Average Bed Occupancy Rate’ (ABOR) to measure of efficiency. From the existing literature it has been argued that efficiency scores depend heavily on input/output combinations, but, in this paper, the obtained figures of efficiency are incorporated in panel regressions to examine how internal management variables like: data accessibility; bed-utilisation; hospital size; and response time (time taken by a given hospital to make data available) can affect productive efficiency. 

This study makes use of panel data regressions applied to efficiency scores using bed-utilization, hospital size, response time, data availability to capture hospitals fixed specific effects. 

Importantly, the research finds that ABOR should not be given the credit of the perfect proxy to use for efficiency measurement. The results generally indicate that ‘bed utilization’ does not significantly explain efficiency scores. However ‘hospital size’ and ‘response time’ do affect efficiency scores more significantly than the ‘data availability’.  There is a negative relationship between the ‘response time’ and the efficiency scores, meaning that the shorter is the time taken by a hospital to assemble and produce data, the more efficient it is. 

Although all public hospitals fall under the same type of governmental management system, the findings of this research sustain that there is individual effects. There is heterogeneity among public hospitals with regard to efficiency scores.

INTRODUCTION
From the various World Bank’s policy studies on financing health services in developing countries (Akin et al. 1987), one study clearly indicates that inefficiency in government health programmes is one of the major problems in African health care systems, although there are many other problems related to allocation and inequality. To address the issue of inefficiency is, indeed, vital for progress in African health care systems. Efficiency is a way of generating more resources without necessarily looking for additional investment. Because resources are wasted in an inefficient system, an improvement in efficiency is similar to an increase in resources that can be used in the system. Although health resources are always scarce, inefficient use of those resources severely restricts the ability of many African countries to extend health services of acceptable quality to the vast majority of the population.

From a very general point of view, efficiency relates to the success of a firm in maximizing output from a given set of inputs (Farrell 1957). In microeconomic theory, the ‘production possibility frontier (PPF)’ shows all efficient combinations of output, which can be produced from that given set of inputs. From the point of view of the health care delivery sector, efficiency needs to be understood similarly. Decision making units (hospitals) maximize output (usually Inpatient/Days or Outpatient/Days) from a given set of inputs (number of doctors, nurses and approved beds). 

Concerning the sensitive issue of health care, the South African government has also included “productive efficiency” in its agenda. Since 1994, the government has been working to ensure that all who live in South Africa have access to appropriate and affordable quality care services. Despite large challenges faced (like: poverty, poor nutrition, high levels of interpersonal violence, Tuberculosis (TB), HIV and AIDS), the government has already undertaken considerable effort in order to provide efficient care. The Minister of health in South Africa set December 2004 as the target date for all health districts to implement the full primary health care service package. The Department recognizes that many people depending on the health care system are not getting the care they need, meaning that measurable improvements can be made. 

The overall socio-economic situation in Sub-Saharan Africa is characterized by remarkably high poverty rates, numerous and devastative epidemics like, HIV/AIDS, and insufficient health resources.

Furthermore, of the total budget allocated to health in Sub-Saharan Africa, public hospitals account for more than 80%. Public hospitals are resource intensive therefore require an efficient management system.

Very few studies have been conducted on South African hospitals using DEA and no studies could be located, which questioned the use of ‘ABOR’ as an appropriate measure of efficiency. It is imperative to know how reasonable it is for hospital management to use ABOR (= Inpatient Days/ Bed Days available * 100) as an efficiency proxy, when it is easily manipulated. ABOR is a single-input/ single-output ratio, which can be, manipulate by altering patient hospital visits in order to increase the ‘inpatient days’. Additionally, the efficiency figures captured through ABOR are biased due to the fact that, for many South African hospitals, the population area served has risen tremendously while the number of available beds remained constant or increased insufficiently. The result is more patients frequenting the hospitals (more inpatient days) using the same number of beds ending in a higher ABOR, which does not necessarily reflect a real increase in efficiency.

One also needs to know to what extent management (internal or external) can affect efficiency in public hospitals. A DEA approach, as used by Charnes et al. (1978), has the advantage of calculating both technical and scale inefficiencies, via the optimal value of the ratio. It does not require a priori specifications of the weight or explicit delineation of assumed functional forms of the relations between inputs and outputs. In fact, the nonparametric and semi-parametric methods potentially offer considerable reward to applied researchers, owing to the methods ability to adapt to many unknown features in the data (Pagan & Ullah 1999). 

After spending more than a year working in close collaboration with Gauteng’s public hospitals, we have developed a clear desire to built integrated models able to identify the impact of management on efficiency and determine appropriate measures of efficiency within the public health system. 

With the data we have collected, we are able to determine whether organisational structures are strongly related to efficiency scores and which public hospitals more efficiently deliver services. For example, we expect hospitals with good managers are better equipped to get results. Furthermore, we expect that smaller hospitals should be easier to control, and, thus, be more efficient. We used data availability and response time as proxies for internal managerial organisation. Hospitals with data available from 1999 are considered to be well organised, compared within hospitals only able to produce data from 2002 or 2003. It is our hope that the outcomes of the present paper will help to bring a change in the official thinking concerning how to understand and, possibly, solve inefficiency problems in health sector. 

In addition to the assumption that health is a good that can also be incorporated in a production function, we assume that addressing the issue of inefficiency in the province will help authorities in their policy making and implementation process. The use of DEA to obtain ex post facto evaluations of the relative efficiency of management accomplishments will definitely be emphasized. Primary data used and results obtained in this paper will be made available for further research.

The rest of this research paper is organised as follows. In Chapter 2, we give a review of the literature on the use of efficiency models related to health from Farrell (1957) to McIntyre and Zere (2001). In Chapter 3, we discuss the use of DEA as one of the most appropriate methods to analyse efficiency. We discuss the procedure suggested by Charnes, Cooper and Rhodes (1978) called CCR ratio and Banker’s (1984) approach and the use of econometric regression models. In Chapter 4, we comment on the data and variables used in this research, highlighting how they have been obtained and transformed into ratios. We also present my results and point to further research that would improve our understanding. Finally, Chapter 5 contains the general conclusion and some policy recommendations. 
A BRIEF HISTORY OF THOUGHT
Data Envelopment Analysis: Background, Intuition, and Concerns
Although DEA has been elaborated and used for only a few decades (Charnes et al. 1978 and 1981), there is an extensive literature on its use for calculating technical, allocative and scale inefficiencies. Most of the work done on technical and allocative efficiency analysis follows Farrell’s (1957) measure of technical efficiency, whereby a frontier is constructed from an envelope of input-output data from the sample. The envelope allows for the identification of efficient and inefficient observations. In his framework a firm’s efficiency is measured relative to the efficiency of all other firms in the industry, subject to the restriction that all firms are on or below the efficiency frontier
. 

The purpose of his paper (Farrell, 1957) was to provide a satisfactory measure of productive efficiency and show how it could be computed in practice, based on obtaining estimate of the relevant production function. Farrell applied his method to agricultural production in the United States. He also highlighted the similarity between the measure of “technical efficiency” and Debreu’s “coefficient of resource utilization” (Debreu, 1951). However, Farrell’s Framework contained several restrictions throwing scepticism to some, especially in defining efficiency of individual DMU (hospitals). 

Therefore, Charnes, Cooper and Rhodes, later on (1978) provided extensions to the Farrell findings. They developed measures for ‘decision making units’ more referring to public programs like libraries, etc. rather than the traditional ‘firms’ and ‘industries’. In fact, by approaching efficiency measurement using additional extensions like the famous CCR (Charnes, Cooper and Rhodes) ratio, Charnes et al. have described the DEA which they defined as: “a method for adjusting data to prescribed theoretical requirements such as optimal production surfaces, etc., prior to undertaking various statistical tests for purposes of “public policy analysis” (Charnes, Cooper and Rhodes, 1978a and 1981). The real intuition behind the CCR ratio is that it refers to the set of production functions as an “envelope” forming an efficiency frontier relative to each DMU to be evaluated. Its measure of technical and allocative efficiency has been conducted using Shepard’s work (1953, 1970) via optimisations conducted with respect to already generated observations. In fact, after characterising a production possibility set and determining the efficiency subset, the Shepard’s work is used to define the input possibility set. Therefore, we make use of linear programming to distinguish between points, which are in the efficient subset, and those, which are on the boundary. It is also important to mention the fact that Charnes et al. (1984) have performed a detailed estimation of productive scale using DEA. From a two-dimensional section of the Production Possibility Set by a plane determined by n inputs and m outputs they have defined three types of efficiency output: Technical Efficiency; Scale Efficiency and Technical and Scale Efficiency; to find a disturbing lack of concordance between different results obtained. The conclusion drawn from their work is that extreme caution needs to be exercised while using DEA in public sector analysis especially from a single time period. 

Compared to other efficiency measurement methods like the SFA (Stochastic Frontier Analysis), the MI (Malmquist Index), or the FDH (Free Disposal Hall), the DEA as described through the CCR ratio by Charnes et al. finds its principal use in evaluation of “management” and “program” efficiencies of DMU of not-for-profit (NFP) variety such as schools, hospitals, libraries, etc. It provides the ability to deal directly with multiple outputs and inputs forms. 

Many researchers have made use of DEA to quantify the Malmquist Index. In fact, the relationship that exists between the two approaches is based on the fact that the rate of total factor productivity can be decomposed into efficiency scores and rate of technological progress. One has full opportunity to choose between a purely parametric approach like the SFA and a non-parametric approach. 

The SFA has the advantage to treat the measurement errors while the DEA does not capture random noise. Any deviation from the estimated frontier is interpreted as being due to inefficiency. Also the nonparametric approaches do not usually allow conducting statistical tests. On our view and related to our research, the reason why DEA remains the most preferred efficiency methods for not-for-profit organisation is that, in contrast to SFA, the frontier function is determined without requiring any functional or distributional assumptions using linear methods. It might not always be easy to elaborate functional assumptions concerning not-for-profit institutions especially public hospitals. DEA uses a direct comparison with only the observations compiled in the sample. Despite the fact that DEA has been the most popular efficiency method used in efficiency analysis, some researchers like Chirikos and Sear (2000) went beyond the simple application of the methodology. They draw a comparison between two approaches: the DEA models and the SFA models. They estimated the models to obtain and analyse the efficiency indices yielded by each. They found that DEA and SFA models can yield divergent results, reason why they clearly advised policy makers to run additional research to establish the reason of that divergence before selecting a method for the policy making process. 

The Malmquist Index, which is fairly close to the DEA, is a useful method to quantify productivity without including price information or equilibrium information and it allows for decomposing the change in the factor productivity into change of productive efficiency and technological change. However, like for DEA, the Malmquist Index cannot be calculated for a DMU in isolation and instead needs a balanced panel of quantity data. We did not have any real need to refer to the Malmquist Index in our research since the DEA could provide reasonable scores. 

Another nonparametric method of production frontiers estimation based on envelopment techniques is the FDH. While researching for a reliable estimator to measure efficiency of enterprises, Deprins, Simar and Tulkens (1984) introduced the FDH used to estimate the boundary function. That estimator is used to set a generally monotone increasing function comparable to the efficiency production function (Hall and Byeong, 2002). In fact, nonparametric estimations suffer from endpoints estimation problems. In order to attenuate the effects of outliers on nonparametric estimation methods, Cazlas et al. (2002) described an estimator based on the FDH and DEA theory and more robust than the DEA/FDH estimator in the sense that it does not envelope all the data points but exclude the outliers using the Wilson method to detect outliers (1993, 1995). It is possible to recover the entire population by bootstrapping the FDH estimator applied to a selected sample. As we took care of compiling reliable data, we have excluded the presence of any outliers.

Weighting the above-mentioned pro and cons, we opted to use DEA to calculate our efficiency scores followed by Panel Data modelling to describe the effects of some exogenous managerial variables on efficiency of the public health sector.  Without ignoring the quality of the method chosen, the value of our measures depends also upon the quality of the output and input data used. We have been able to locate and specify outputs and inputs that accurately capture the technology of the hospitals.

Application of Efficiency Analysis to Public DMU’s and its use to Public Hospitals

Some policy makers argued that divergence in results of mathematical approach to measure efficiency is a good reason why they more rely on generic indicators like ABOR to estimate efficiency. But the problem here is that the use of such indicators is not without negative consequences. In fact, they don’t include the technical and allocative aspect of efficiency. No matter how much input is used, as the objective is achieved the system is assumed to function perfectly. Generic indicators do not show that the use of excess inputs leads to loss of resources; it may be a useful tool for health managers but does not provide enough information to a health economist. Those indicators usually don’t follow the dynamic of the system. They are conceived based on specific criteria and are no longer update. However, it has been shown by Zere et al. that there is a positive significant association between the ABOR and the DEA-based measure of technical efficiency. Our research may provide more confidence to Health Care policy makers in the use of DEA to sustain their managerial estimation of efficiency. 

A successful use of DEA within the Health sector will produce interest in other sectors to use it as well. The fact that production efficiency does not constitute a major determinant of wage rate within the public sector has somehow produced negligence. Workers do not really need to be performant because they know that they will get paid at the end of the month regardless whether the job is well done or not. But when productive efficiency influence the remuneration productivity is increased significantly. It is important to notice that some efforts are actually deployed in that way. Hospitals managers are actually assessed based on their performance and bad performance can lead to the simple termination of their contract. ABOR does not give any information on how to rearrange input-output combinations in order to increase efficiency. Managers need to have an idea about the distance between actual combinations and efficiency envelope and to reduce that distance. A link needs to be established between the production ‘technology’ efficiency and the managerial efficiency.

The use of DEA in our research paper finds supportive arguments in the health literature. DEA has successfully been used on public hospitals and we have selected a number of studies that have shown interesting results. 

In 1987, Grosskopf and Valdmanis introduced a new technique for assessing performance of firms that they applied to 66 hospitals in California. They established hospital performance comparing hospitals on the basis of their relative technical efficiency from observed outputs and inputs. The alternative used was to model the production of “health services” which is intermediate good and which is modelled as a multiple-output, multiple-input production correspondence. Following the Farrell’s measure of technical efficiency, they constructed a frontier by enveloping the input-output data from the sample, which allowed them to identify efficient and inefficient observations. Efficient observations were those inside the frontier and inefficient were those outside. The observed points were enveloped using piecewise linear segments, in which the best practice frontier was the lower bound just corresponding to the notion of an isoquant. The points on that were considered as operating on the best practice frontier and were therefore considered to be technically efficient. To solve the question of possibility that different types of hospitals face different operating environment objectives and may employ different technologies, Grosskopf and Valdmanis used a method (developed by Byrness) to decompose the technical efficiency of each hospital into a within-ownership group and a between-ownership group component that allow to compare the frontier of two ownership types. 

As Grosskopf and Valdmanis’ empirical study could be subject to several types of error, they performed a sensitive analysis specifying multiple outputs rather than a single output, which should reduce measurement error due to the case load mix and using “beds” instead of “Net Plant Assets” as the capital variable. They recalculated the mean slack for the beds variables and they found that mean slack was higher for NFP than for public hospitals. They included another model specification in which the number of admissions (ADMITS) was dropped as an input (using NPA) in the model as capital variable. Finally, Grosskopf and Valdmanis concluded that mean efficiency was higher in public hospitals, implying that public hospitals in the sample considered are less resource using than NFP hospitals providing indirect evidence that NFP hospitals provide higher quality care. 

In 1992, Valdmanis produced another paper where he applied DEA to a sample of public (government-owned) and not-for-profit hospitals operating in Michigan in 1982. He used a sensitivity analysis in order to ascertain the robustness of the DEA applied to the hospital sector and aimed to prove whether NFP hospitals are relatively more efficient than public hospitals. Basically, Valdmanis’ sensitivity analysis consisted in conducting first a relative efficiency analysis using DEA and second to alter the model specification and to see whether results will be altered or not and he did not find alteration in his results and then he concluded that the model was “robust”.

Analysts like Seiford & Thrall (1990) made more recent developments in DEA. They discussed the “Mathematical Programming Approach” to frontier analysis that is developed with more detailed in the next chapter.

Recent studies on “Efficiency Analysis” have made use of more sophisticated methodologies like “Flexible Translog Cost Functions (Grannemann et al. 1986)” and DEA models but DEA remained more popular. However some researchers still show reluctance to the use of DEA because of its non-parametric form and its lack of error term. In order to assuage that fear, Valdmanis suggested a method of evaluating the DEA approach. He used data obtained from the 1982 American Hospital Association (AHA) limited to Standard Metropolitan Statistical Areas (SMSAs) on a population of 500,000 and large hospitals operating in urban areas with 200 beds or more.

As he could not easily quantify the conceptual output of improved health status into a model he therefore used the intermediate good of health services categorized by type of care or age of patient. He basically selected variables used primarily in the DEA hospital efficiency literature. Using the overall technical efficiency measure, with statistical significance tested by Mann-Whitney test in all specifications of the DEA model, Vladmanis found that public hospitals are significantly more efficient relative to NFP. Public hospitals are consistently more scale efficient than the NFP hospitals.
In 1997, Parkin & Hollingsworth came up with another study in order to confirm whether DEA is a potentially useful technique for measuring production efficiency increasingly applied to health care services. They paper examined the efficiency of a sample of acute hospitals in Scotland through the analysis of production relationships. They used a test of internal validity in order to compare the results obtained using different selections of inputs and outputs and they found that in both cases there is a disturbing lack of concordance between different results obtained. They also advised to exercise caution in the use of DEA in the health sector particularly from a single period. 

In 1998, Mobley & Magnussen examined empirical evidence from public, highly regulated Norwegian hospital sector and the private, highly competitive and unregulated California hospital sector to ascertain whether institutional environment and level of market competition significantly affect the degree of productive efficiency in hospitals. They made use of DEA to provide the empirical link between productive and capacity utilisation securing robust results. They noticed substantial difference in utilisation of bed capacity between Norwegian (76 % of excess capacity) and the urban Californian (93 % of excess capacity) hospitals suggesting that Californian hospitals are overcapitalised compared to the Norwegian ones. And the Norwegian system faces the problem of excess demand for hospital services.

A similar study was published in 2000 by McCallion et al. The study consisted on a nonparametric frontier approach to analyse the productive efficiency of larger ands smaller hospitals in Northern Ireland during the 1986-92 pre-Trust periods. Their problematic consisted in giving answer to a particular question: “Is the ongoing change in the hospital sector compatible with the objective of improved efficiency in health care provision?” By investigating productivity growth in hospitals they made use of the Fare (1994 b) distance function approach. This non-parametric frontier approach defines productivity growth as the net change in output due to change in efficiency and technical change. In their findings they indicated that hospitals, starting from a less efficient base, achieved greater productivity gains than larger hospitals over 1986-92.         

Further, South Africa has not been left apart on the challenge of using efficiency models in the heath sector. In 2001, Zere et al. introduced the use of DEA models in efficiency analysis of public hospitals in South Africa by evaluating the technical efficiency of non-academic, acute care hospitals in three provinces in SA to identify some of the factors that are likely to influence the efficiency of hospitals and to assess changes in the productivity of acute care hospitals in the Western Cape province. They measured efficiency using ratios like: ratio analysis/ average cost per inpatient day, bed occupancy rate; and frontier models. They relied on data from the “Annual Statistical Publications” of the former Department of Health (Cape Province) and the new Department of Health, Provincial Administration. The selection of the time period was entirely dictated by the availability and completeness of the data. Zere et al. provided figures of efficiency of the health care in South Africa highlighting that the overall level of technical efficiency of the three groups of hospitals considered is in the range of 35.1 to 46.8 per cent when the US health system goes already beyond the line of 90 %. Their decomposition of the overall levels of Technical Efficiency showed that pure technical efficiency in all levels of hospitals considered is similar; scale efficiency is higher in certain category of hospitals. Using the Tobit model Zere et al. found that ‘occupancy rate’ and ‘outpatient visits as proportion of inpatient days’ explain significantly technical efficiency. In their paper, they also included an output-oriented Malmquist Index of Total Factor Productivity making it sounder to measure productivity in the public sector. They used a panel data to assess productivity of hospitals in the Western Cape (10 hospitals) covering the period between 1992/93 and 1996/1997. For output they used: outpatient visits and inpatient days; and for input: recurrent expenditure and beds. They calculated the technical efficiency scores and the productivity indices using a DEA programme, version 2.1 (DEAP 2.1). Looking at the determinants of inefficiency in South Africa, Zere et al. concluded that institutional factors have a considerable impact on hospital efficiency including the ABOR. Our study supports major of Zere et al. findings, although it presents additive outcomes and a complete rejection of Zere et al.’s finding concerning the role of ABOR in determining Efficiency. In fact, we came up to conclude from our analysis that the ABOR is simply an inadequate and unreliable determinant of efficiency for public hospitals in South Africa. As we mentioned above, ABOR is a ratio that can be easily manipulated and increased. Many public hospitals keep patient longer in hospital in order to increase the ABOR. ABOR, as ratio between Inpatient Days and Bed Days, cannot be considered as a good determinant of efficiency when we know that, for the majority of public hospitals in the country, the number of approved bed has remained in average constant while the population served has tremendously increased. We have been able to describe better indicator of efficiency like the response time defined earlier.  In our paper we have uncover the role of management in efficiency of hospitals with recent data. Our results constitute a useful tool to assess the results of the South African government after 10 years of democracy in term of its health policy. 

THEORETICAL AND EMPIRICAL FRAMEWORK/ MODEL
Introduction
The main objective of a public hospital in society is to help people to overcome illnesses that disable them from enjoying their lives. Public hospitals can only perform this function using the knowledge and expertise of its staff (doctors, nurses, management and auxiliary employees), its physical facilities, drugs, financial resources and any other inputs too numerous and specialized to mention. The assistance that public hospitals bring to society can be captured with throughputs like: number of “inpatient days” or “outpatient days”, number of surgeries or ambulatory visits, etc
. The objective of public hospitals is to attain the most outputs from the available inputs. Technical inefficiencies are identified with failures to achieve the best possible output levels and/ or usage of an excessive amount of inputs (Banker et al. 1984). 

DEA Modelling Process
Data Envelopment Analysis is a Mathematical Program that obtains ex post facto evaluations of the relative efficiency of management accomplishment, however that accomplishment has been planned or executed. DEA extends and improves the role of mathematical programming as a tool for control and evaluation of past accomplishments, as well as a tool to aid in planning future activities. The basic foundation of DEA is a ratio of a weighted sum of the outputs of a productive unit to a weighted sum of its inputs. In this research, my DEA is based on a ratio calculated from the weighted sum of three outputs of a hospital (inpatient days; outpatient days and the number of surgeries) to a weighted sum of three inputs (the number of medical doctors; the number of nurses and the number of approved beds). The indicator of efficiency found from the DEA constitutes my efficiency scores. The more output a hospital can get out of the inputs in a month the more technically efficient it is compared to other hospitals or itself in another period.        

The model applied here is based on the model proposed by Charnes et al. (1978). This model will be help to illustrate how DEA can be used to estimate efficiency in the case of public hospitals. The model supplies a complete theory in terms of replacing the fractional programming problems by linear equivalents. The fractional problem can be illustrated in its primal and dual formulations. But the present paper only considers the primal side of the problem: maximize the efficiency ratio of a DMU given efficiency ratios of other DMUs. In fact, our model did not make any use of financial variables like costs or prices that need to be minimised using the dual.
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With:     -      Oro and Nio: weighted outputs and inputs of the measured DMU (hospital)

· Ur, Vi ≥ 0, the variable weights

· ho : relative efficiency ratio of each hospital

The efficiency of any of the DMU in the problem is related to another DMU’s relative efficiency.

We have to position the DMU (hospital) compared to others in term of relative efficiency. 

Applying the theory of linear fractional programming we can show up similarities between the two (the dual and the fractional problem).

Once we find the required weights V*i   and U*r we only need the solutions of one of the above equation to determine whether 

h*o< 1.

If  h* = 1 → Efficiency is prevailing

Econometric modelling
While the simple efficiency ratio provides a clear view of the efficiency trend, based on multiple inputs and outputs over time and according to categories of hospitals, it does not address the question of how differences across hospitals can influence efficiency scores. Contemporary econometrics, after being enriched through several theories, is able, at this stage, to offer a remarkable variety of estimation methods
.  

In an attempt to combine both parametric and nonparametric approaches this paper uses panel data analysis for the five years of data organised on a monthly basis. Specifically, efficiency scores (Scores) – generated from the nonparametric DEA – are regressed against a number of explanatory variables, including ABOR and other exogenous and managerial variables. Panel methods are used due to the fact that the data is cross sectional; there are 18 hospitals in the sample, and temporal, covering as many as 60 months for some hospitals. Taking advantage of the time series and cross-sectional properties improves the efficiency of the estimates and enables the identification of hospital specific effects as well as time specific effects that are extremely important in the policy making process. 

We assume that Scores are a function of ABOR (A), managerial variables (Z), and vary by public hospital (H), such that we have the following equations to estimate:
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Scores = g (An) + un           with           
2)  Scores = f1 (Zi) + v1i                                               
3) Scores = f2 (Hm) + v2m                                           
4) Scores = f3 (Hmt) + v3j                                    
Due to an increasing popularity of panel unit root and stationarity tests, the choice of an appropriate test to use has become more difficult. In our paper we use the IPS (Im, Pesaran and Shin, 1997) to test for stationarity of our efficiency scores as well as other variables. The IPS test for unit roots is well appropriated for heterogeneous panel allowing for individual hospital specific effects as well as time specific effects. This test refers to the Dickey-Fuller t-statistic of each unit in the panel and has a null hypothesis stating that all series are non-stationary.   
DATA AND RESULTS
Data and variables
To address the issue of efficiency in the South African health sector we empirically analyse the calculations obtained thru the DEA. The empirical analysis relies on quantitative and qualitative information collected from public hospitals. The Gauteng Provincial Department of Health could not provide us the necessary data, due to lack of a centralized database system. Therefore, data had to be collected from each hospital. Although the province contains twenty-eight public hospitals, data could only be collected for a sample of eighteen hospitals primarily due to administrative shortages. We basically relied on collaboration with hospital management, meaning that we could not include in this study hospitals where officials denied any collaboration. We use primary data collected from a panel of eighteen Gauteng public hospitals from 1999 to 2004; data was collected on a monthly basis adding up to a maximum of 1200 observations. In order to collect the data we had to physically v
isit each hospital. We do remain grateful to the different health workers, who have been able to contribute to our research by providing reasonably good data, despite the difficulties.

Due to managerial and administrative constraints we could only access eighteen hospitals, representing sixty five percent of the twenty-eight provincial hospitals. Only fourteen percent of the hospitals provided data from 1999. 
The average waiting time before receiving data was 4.35 months, due to reasons like: existing confusion about which offices were to collect the information; pronounced absenteeism of the statistician on duty; misunderstanding with the staff on the real objective of the study; denial to access information due to short staff problems; lack of records due to renovation, etc. It was a very outrageous exercise involving phoning and making contact with hospitals several times before receiving any positive answer. Contacting efforts delayed the research; however those same difficulties allowed us to capture and understand some problematic aspects of the public health sector from a practical point of view. Due to their size, small hospitals were generally more diligent than large ones.
In their paper, McIntyre et al. (2001) mentioned that data used was derived from the annual statistical publications of the former Department of Health of the Cape Province and the New Department of Health, Provincial Administration of the Western Cape, which made their data collection much easier. Since 2001, no other study has been published, especially one based on primary data collected from the Department of Health, Provincial Administration of Gauteng. Our study, based on primary data, is expected to reflect a more recent situation of health care delivery in the province and even in the country, than the study conducted by McIntyre et al.. 

Compared to previous studies, our research has been characterized by an unusual, but somehow predictable resistance during the data collection process. Unfortunately, we had to exclude hospitals like Chris Hani Baragwanath from the sample, where the CEO denied any access to information due to renovation and short staff problem. However we managed to obtain for each size (large and small) the hospitals in my sample. Due to their location, some hospitals have been more difficult to access than others, but funds received for the project could cover all transportation costs.
To compute the efficiency scores we made use of triple inputs (Approved Beds; Nurses; Doctors) and triple outputs (Inpatient days; Surgeries; Outpatient visits) ratios. 
Although efficiency scores are, themselves good measures, we have included other variables in this analysis to further understand the factors that affect efficiency. In particular, the analysis attempts to capture the impact of management on efficiency through: size (Size); data availability (DA); bed utilization (BU); time spent by the hospital before releasing data (RT).

To avoid the hospital-size-mix problem which consists of ignoring the specific effects related to the size of hospitals, we grouped hospitals based on their size (Number of Active Beds and Admission per month) as follows:

· Level I: hospitals with more than five hundred Approved Beds called “large hospitals”;

· Level II: hospitals with less than five hundred beds called “small hospitals”.

Due to a limited number of observations for some hospitals the DEA is performed on pooled data (see Lovell, 1993), while using a computer package called Frontier Analysis to establish efficiency scores based on multiple inputs and outputs. Consequently, the panel data is set for 14 (because four of them did not contain enough data to compute efficiency scores) hospitals over the period of five years maximum with monthly data. For some hospitals, there were less than five years, reason our panels are unbalanced. 
[ Table 1 about here ]

All the variables used follow a normal distribution. For DA (Data Availability) we opted to create our own index. We have allocated a mark of 10 per series available out of the 9 series requested (No. of Inpatient days; No. of  Outpatient days; No. of Approved beds; No of Active beds; Average Bed Occupancy Rates; No. of Ambulatory visits; No. of surgeries; No. of Medical doctors; No. Nurses). The 10th mark is allocated to the fact that data provided is broken down in age groups.  To obtain a DA index of 100, a hospital needs to provide all the 9 series requested with the data broken into age groups.   

Results

It is important to notice that the efficiency scores obtained from Frontier Analysis treat monthly observations of individual hospitals as distinct production units, meaning that the relative performance for a hospital during a given month is assessed by comparison with its own performance in another month as well as performance of other hospitals. Scores of hundred percent are associated with months determined to be relatively more efficient than others.

From figure 1 and 2 we can respectively rank different hospitals in term of their efficiency scores. We observe that Sterkfontein, which is the largest hospital from our sample (840 approved beds with data available from 1999) and Tembisa (778 approved beds with data available from 1999) are the highest in our rank in term of efficiency scores. 

[Figures 1 and 2 about here]
The general assumption has usually been that small hospitals are more manageable that larger ones reason why they are expected to present better efficiency scores. Even among large hospital as it is for small hospitals, data availability remains a good indication of efficiency from an internal management point of view. If we consider our small hospitals (fig 2), again, a hospital like Heidelberg presents the highest efficiency scores. Heidelberg is a small hospital (156 approved beds) with data available from 1999. The internal management of Heidelberg as well as the one of Yussuf Dadoo account for the best in the group of small hospitals when it comes to data storing. 

Using the efficiency scores obtained, we can perform several kinds of operations, from very simple graphical analysis to more complex econometrics processes. In figure 3, we plot the efficiency scores of Heidelberg (best performing in the group of small hospitals) and Sterkfontein (among the best performing in the group of large hospitals) to see graphically the relation established between the two. In general, Heidelberg has higher scores compared to Sterkfontein.
[Figures 3 and 4 about here]
 Another interesting comparison is the one between Pholosong (low efficiency in the group of large hospitals) and Pretoria West (good performance among small hospitals). Pholosong has very low scores compared to Pretoria West.

As we have compiled a series with our obtained efficiency scores, we have applied several regressions to capture the effect of management on efficiency scores and to determine whether ABOR is a good indicator of efficiency.

[Table 2 about here]
The IPS test shows stationarity in our efficiency scores (table 1) as well as for other variables used. In fact we did expect stationarity in our scores as we deal with ratios. Therefore there is no need to proceed to the all cointegration process in this case. We use efficiency scores as a dependent variable explained by other variables like ABOR, size, bed utilisation or data availability (table 2). A negative, but weak relationship is observed between ABOR and Scores while a positive and strong relationship is observed between data availability and scores. These results provide an interesting contrast with those obtained by Zere et al. (2001), where the ABOR was found to be a good measure of efficiency for public hospitals in South Africa. Hospitals with data available from 1999 have a positive and strong coefficient.  

[Table 3, 4 and 5 about here]
URSS (Unrestricted Residual Sum of Square) = 73925.29
[Table 6 about here]

To assess the robustness of our results, we have excluded from our sample hospitals presenting some unusual characteristics like Cullinan Care (Center for Disabled Patients), Coronation (Hospital for Woman and children), etc.
[Table 7 about here]
RRSS (Restricted Residual Sum of Square) = 87255.16

LM Test for Random effects:
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 (Programmed with Eviews 5), we reject our null. There are individual effects. Despite the fact that hospitals are all public and under controlled of the government there is indubitable heterogeneity among them. In term of policy recommendation, a series of general measurements need to be taken into consideration for the overall group however each hospital has individual effects in term of efficiency scores.

Following one of our previous argument, response time is also included as an explanatory variable together with bed utilisation (tabl. 3). From this, it can be concluded that response time is preferred to bed utilization. It has a significant and negative effect on efficiency scores. It means that the longer a hospital takes to provide data the less efficient it is. When a hospital takes long to compile data we may suspect it to be disorganized and not efficient.

The use of an unbalanced panel data modeling approach to determine various hospitals fixed specific and periodic effects (tabl. 4 and appendix), led to an unusual discovery to be considered by health officials. 
In table 4 we can see which kind of fixed specific effects hospitals have on the overall efficiency scores for the province. Policy makers might make use of these results to select hospitals that need reforms and more attention in term of their fixed effects on efficiency scores. 

We find interesting features on our results when we use our panel data to analyze the periodic effects on our efficiency scores from January 1999 until November 2004 (see appendix ). The second half of 2001 and the all of 2002 constitute a period of good performance for public hospitals and the performance seems to have declined again by 2003. It is difficult to elaborate a priori explanation to that but the short staff problem due to movement of qualified staff toward either the private sector or foreign countries, faced by public hospitals constitute a reasonable determinant of low performance since end 2001.

It is also important to take into consideration the size of hospitals while explaining efficiency. Size has a considerable impact on determining efficiency (table 8).
[Table 8 about here]
Since we made use of both “fixed effects specification models” as well as “random effects models” a comparative analysis with regard to some criteria like Schwarz, Akaike, R square allowed us to conclude that the fixed effects model is more robust for this matter compared to the random effects model. 

Although public hospitals in South Africa have individual effects, fixed effects will be more recommended than random effects in explaining efficiency scores.

For policy makers, this outcome means that there are other variables interfering in efficiency scores that could not be captured in our model like: skill of employees, staff qualification, cost of capital equipment, personnel costs, etc. Doors remain open to further studies for that regard.

CONCLUSION
In our research we have managed to elaborate and analyze efficiency figures of a sample of public hospitals. The main idea driving the paper was to address the issue of inefficiency in the South African health sector starting by Gauteng and to determine which variables are most likely to affect inefficiency. On its popular use in managerial contexts, mathematical programming serves to evaluate a set of possible alternative actions to undertake and to select the one that is the best. This paper has produced more supportive information to health officials on how DEA can be used to obtain ex post facto evaluations of the relative efficiency of management accomplishments. Each hospital can position itself compared to others or compared to itself over different periods of time. We have proposed models that can be applied to other provinces and other countries as well for management control and evaluation.

We did not go any further than elaborating several models that can be used by scientists as well as policy makers to understand better the way exogenous factors, hospital specific effects or period specific effects can affect efficiency scores. To increase efficiency scores there is a need to highly consider variables like: data availability; response time; size… 

Part of our policy recommendations, we found that on the all set of considered hospitals large and well-organized (good data system with short response time) hospitals are the most performing and the most influent in term of efficiency. The Gauteng’s health Department needs to seriously revise their policy concerning hospitals like: Garankuwa (Dr. George Mukhari); Pholosong; Carltonville; etc, which are large hospitals with negative effect on efficiency scores.

Studies have shown that institutional factors at the discretion of management as well as environmental factors beyond its control can affect the efficiency of a hospital (Valdmanis, 1992). Health officials need to reconsider the use of ABOR as the only way to measure efficiency as it is revealed to be an inappropriate proxy for efficiency.
The present work constitutes a framework that one can use to improve on the study of efficiency within the health sector where many aspects remain uncovered. 
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          APPENDIX: Hospitals period fixed specific effects.
	Effects Specification

	R-squared
	0.918277
	    Mean dependent var
	53.07195

	Adjusted R-squared
	0.892502
	    S.D. dependent var
	31.78777

	Log likelihood
	-1243.153
	    F-statistic
	35.62765

	Durbin-Watson stat
	1.978852
	    Prob(F-statistic)
	0.000000

	Fixed Effects (Period)

	1999M01--C
	-1.953772
	2001M12--C
	9.439587

	1999M02--C
	3.036228
	2002M01--C
	1.895515

	1999M03--C
	-4.608772
	2002M02--C
	3.839412

	1999M04--C
	-2.133772
	2002M03--C
	5.838044

	1999M05--C
	-0.409052
	2002M04--C
	3.331455

	1999M06--C
	-4.684052
	2002M05--C
	3.049049

	1999M07--C
	-2.838772
	2002M06--C
	5.546637

	1999M08--C
	0.686228
	2002M07--C
	1.330330

	1999M09--C
	2.016228
	2002M08--C
	3.134973

	1999M10--C
	3.551228
	2002M09--C
	4.483492

	1999M11--C
	1.246228
	2002M10--C
	8.331088

	1999M12--C
	0.426228
	2002M11--C
	4.894246

	2000M01--C
	-0.303520
	2002M12--C
	-1.062098

	2000M02--C
	-3.384314
	2003M01--C
	-4.493695

	2000M03--C
	4.682961
	2003M02--C
	-3.679543

	2000M04--C
	-3.117039
	2003M03--C
	-9.614557

	2000M05--C
	2.791665
	2003M04--C
	-6.416534

	2000M06--C
	-0.589074
	2003M05--C
	-3.810236

	2000M07--C
	2.436294
	2003M06--C
	-2.724240

	2000M08--C
	1.918888
	2003M07--C
	-3.978461

	2000M09--C
	-0.045554
	2003M08--C
	-4.942205

	2000M10--C
	0.312961
	2003M09--C
	-12.77706

	2000M11--C
	-2.424076
	2003M10--C
	-7.852299

	2000M12--C
	-2.144438
	2003M11--C
	0.276791

	2001M01--C
	-0.292344
	2003M12--C
	-5.833015

	2001M02--C
	-1.117532
	2004M01--C
	-8.054281

	2001M03--C
	3.513207
	2004M02--C
	-4.912000

	2001M04--C
	-2.004938
	2004M03--C
	-4.467369

	2001M05--C
	-1.129750
	2004M04--C
	-1.923435

	2001M06--C
	4.506910
	2004M05--C
	1.761357

	2001M07--C
	4.648888
	2004M06--C
	1.837230

	2001M08--C
	4.062468
	2004M07--C
	-1.449040

	2001M09--C
	2.441482
	2004M08--C
	-1.126501

	2001M10--C
	-0.784199
	2004M09--C
	-0.165409

	2001M11--C
	7.307732
	2004M10--C
	-0.169445


Table 1: Summary of descriptive statistics results
	
	SCORES?
	ABOR?
	DA?
	BU?
	RT?

	 Mean
	 52.90290
	 59.99979
	 70.25907
	 87.51501
	 3.968912

	 Median
	 52.95000
	 61.76000
	 70.00000
	 88.92857
	 3.000000

	 Maximum
	 97.19000
	 97.19000
	 90.00000
	 100.0000
	 9.000000

	 Minimum
	 0.000000
	 0.000000
	 50.00000
	 65.61404
	 1.000000

	 Std. Dev.
	 24.51959
	 21.31284
	 10.17735
	 12.62096
	 2.205360

	 Skewness
	-0.171421
	-0.079052
	 0.245405
	-0.609250
	 1.175772

	 Kurtosis
	 2.637719
	 1.974568
	 1.879106
	 1.997330
	 3.525519

	
	
	
	
	
	

	 Jarque-Bera
	 2.000665
	 8.656919
	 12.04077
	 20.02448
	 46.68934

	 Probability
	 0.000002
	 0.013188
	 0.002429
	 0.000045
	 0.000000

	
	
	
	
	
	

	 Sum
	 10210.26
	 11579.96
	 13560.00
	 16890.40
	 766.0000

	 Sum Sq. Dev.
	 115432.3
	 87213.55
	 19887.05
	 30583.44
	 933.8135

	
	
	
	
	
	

	Observations
	994
	994
	994
	994
	994

	 Cross sections
	14
	14
	14
	14
	14

	Unit root tests (IPS)
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Fig 1: Scores for large hospitals.                                         Fig 2: Scores for small hospitals

Fig 3: Heidelberg against Sterkfontein                              Fig 4: Pretoria West against Pholosong
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Table 2: The unit root tests (Im, Pesaran, Shin)


Table 4: Hospitals fixed specific effects for 14 hospitals with Weskoppies as the benchmark

	Dpt. var. & R2

	Constant


	Explanatory variable



	Scores?

0.6355

 


	
	BU?

1.0016***

(48.2018)

	RT?

-9.741***

(-5.72100)
	DA?

56.762***

(18.9692)
	

	Hospitals


	Coefficients
	Hospitals
	Coefficients

	CARLTONVILLE
	-10.83755**  


	PHOLOSONG


	-18.00897**



	CORONATION


	-4.230624***


	PRETORIA  WEST


	34.23098***



	CULLINAN


	-52.57781**


	SIZWE


	20.18120***



	EDENVALLE
	-47.18948***
	STERKFONTEIN


	9.810619**



	GARANKUWA


	-11.60639***
	TEMBISA


	43.46846***



	GERMISTON


	-20.46430*


	YUSSUF DADOO


	29.91417***



	HEIDELBERG
	27.30969***


	
	


Table 3: Pooled regression of Scores on ABOR (Restricted Model 1 for the 14 hospitals)

	Dpt. var. 

	Constant

	Explanatory variable


	Scores
0.097

	105.2***

(9.1841)


	ABOR
-0.694***

(-4.58494)


	
	
	
	
	


Table 5: Hospitals random effects considering RT, BU, and DA for the 14 hospitals (Unrestricted Model for 7)



Table 6: Pooled regression on 7 hospitals (Unrestricted Model)
	Dependent Variable & R2
	Constant
	Explanatory variables

	Scores?

0.364745
	C

73.95478***

(4.792831)
	Rt?

-6.231855***

(-9.409311)


	Bu?

0.372113***

(3.28289)
	Da?

0.409640***

(2.865176)


Table 7: Random effect model using Scores as dependent variable and Da, Bu, Rt as variable with common coefficient (Restricted/ Within Model for the 7 hospitals)

	Variable
	Coefficient
	Std. Error
	t-Statistic
	Prob.  

	C
	136.0621
	62.66072
	2.171410
	0.0311

	DA?
	0.474990
	0.229461
	2.070027
	0.0398

	RT?
	-6.130138
	3.608512
	-1.698799
	0.0910

	BU?
	-0.282744
	0.614624
	-0.460027
	0.6460

	Random Effects
	
	
	
	

	_GAR--C
	-22.65964
	
	
	

	_GERM--C
	9.393584
	
	
	

	_PHOL--C
	-23.62459
	
	
	

	_PWEST--C
	28.62549
	
	
	

	_SIZWE--C
	13.24430
	
	
	

	_STERK--C
	-1.437480
	
	
	

	_WESK--C
	-3.541659
	
	
	


Table 8: Pooled regression of Scores on DA, Small Hospitals and BU
	Dpt Var. & R2
	Constant
	Explanatory variable

	Scores

0.7076
	115.1***

(8.1974)
	DA

57.9***

(19.292)
	Small Hosp

13.3***

(3.022)
	BU

-0.68***

(-6.49)


- n: tot. numb. of observation 


- i: number of managerial variables 


      - m: number of hospitals considered


      - t: period 
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� Clark (1957) stated that Farrell has designed a most ingenious procedure, which improves on anything available before, and still remains within the limits of practicability. He has contributed a paper, which has stimulated many works on the subject.


� Actually, the true output of a hospital is the health improvement imported on the patient. Unfortunately, health improvement cannot be measured, so throughput is used instead.


� Greene W.H.: “Econometric Analysis”. Fifth edition, 2003, New Jersey   
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