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Summary 
This study performed a comparative efficiency analysis from the perspective of the Dutch 

health care insurer in order to determine the usefulness of efficiency measures for contracting 

primary care organizations. The introduction of regulated competition on the Dutch health 

care market has forced the health care insurers to become more concerned with the 

performance of health care organizations. Health care insurers are interested into both the 

costs and the quality of the health care services when meeting the needs of their insured. 

Efficiency analysis can be a useful instrument that health care insurers can use to get insight 

into the (relative) efficiency level of health care organizations.   

 

Several different efficiency assessment techniques are available to assess the efficiency of 

primary care organizations from the perspective of the health care insurer. Beforehand there is 

no ‘best method’ denotable. A comparative efficiency, where several techniques are applied 

and the results are compared, can narrow the uncertainty about the assumptions underlying 

the techniques that may bias the derived efficiency measures. This study has examined four 

efficiency assessment techniques, namely a Cost Effectiveness Ratio, Data Envelopment 

Analysis and two parametric techniques, one comparable to Corrected Ordinary Least 

Squares and one comparable to Stochastic Frontier Analysis.  

 

This study used data from two health care insurers and nine primary health care organizations. 

The data from the health care insurers consists of administrative data, 1372 observations, and 

the data from the primary health care organizations consists of administrative and medical 

data, 265 observations. This study assessed the efficiency of primary care organizations by 

examining the relationship between the quality of care and the activities by health care 

providers. The output measures are specified as the score on quality indicators. This study is 

restricted to assessing the efficiency of primary health care organizations to deliver health 

care services to chronic patients, since quality indicators are developed for this patient group 

and it is feasible to define those quality indicators with the available data. Besides, the chronic 

patient population systematically causes high health care expenditures and therefore it is 

interesting to examine the efficiency level of the primary care organizations in providing care 

to this patient group.  

 

Despite the fact that this study does not examine every model, ‘only’ four models are 

examined, there are some clear inconsistencies in the results among the different efficiency 

assessment techniques. It does matter which technique is used and which choices are made to 

derive the efficiency of the primary care organizations. Health care insurers prefer simple 

techniques for an efficiency analysis. However, techniques that are less easy might lead to 
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more appropriate efficiency measures. Thus, for an efficiency analysis from the perspective of 

the health care insurer, it is about finding a balance between the simplicity of the technique 

and the appropriateness of the derived efficiency measures. The stochastic parametric 

technique (comparable to the Stochastic Frontier Analysis) is a less easy technique than the 

other techniques examined in this study, but this technique might yield more appropriate 

efficiency measures since it can account for measurement error and noise in the data. 

Nevertheless, further research is needed to examine the validity of the obtained efficiency 

measures, because no secure conclusions may be drawn on the results in this study. The 

sensitivity analysis in this study has not been extensive enough and a new approach of the 

Stochastic Frontier Analysis is applied, namely a Stochastic Frontier Analysis with a binary 

output measure on individual level data and a rate on organizational level data. This model 

needs further investigation before the conclusion can be drawn that this technique is indeed 

more suitable for efficiency assessment of health care organizations from the perspective of 

the health care insurer than the other techniques examined in this study.  

 

With the status quo, health care insurers have to rely on efficiency measures that are sensitive 

to the choice of technique and to the specification of the model. Therefore, it is not 

satisfactory to use those efficiency measures for contracting health care organizations. If the 

health care insurer wants to use efficiency assessment, then efficiency assessment could be 

used as an instrument to inform the health care insurer about the relative efficiency of the 

organization, while keeping in mind the sensitivity of the efficiency measures to the choice of 

technique and the specification of the model.  
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Introduction 
This study considers assessing the efficiency of primary health care organizations from the 

perspective of the Dutch health care insurer. Efficiency is a concept that describes the 

relationship between the inputs and outputs of a production process as follows. A technically 

efficient organization maximizes the output of the production process given a fixed level of 

inputs (Farrell 1957). The interest of the Dutch health care insurer to measure the efficiency 

of the health care organizations is part of a larger demand for efficiency assessment in the 

(Dutch) health care sector. With the Dutch Health Care Reform in 2006, the Dutch 

government purposes to realize an efficient health care system. Within the Dutch context, the 

regulators monitor the competition on the market and the health care insurers purchase care 

on behalf of their insured. Since the introduction of regulated competition on the Dutch health 

care market, the health care insurers become more concerned with the performance of health 

care organizations. The regulators and the health care insurers are interested into the 

efficiency of health care organizations in order to judge whether the health care expenditures 

are in line with the quality of care and the consumers’ preferences.  

 

Efficiency assessment from the perspective of the health care purchaser is not a commonly 

used perspective for efficiency analysis. A more common used perspective, besides the 

traditional managerial perspective, is the perspective of the policy-maker. The efficiency 

studies in the Netherlands have analyzed the efficiency of health care organizations from the 

managerial perspective or the policy-maker perspective (Blank & Eggink 1998; Eggink & 

Blank 2001; Van der Veen et al 2001; Blank & Eggink 2004; Bakker 2004). Within the Dutch 

context, this study uses a perspective not used earlier in efficiency studies. In efficiency 

literature, efficiency analysis from the perspective of the policy-maker or the health care 

insurer is called the regulatory perspective. An efficiency analysis from the regulatory 

perspective is concerned with measuring the relative efficiency of organizations; this is the 

efficiency of one organization compared to the other organizations in the sample. The policy-

maker as well as the health care insurer could use the information obtained by an efficiency 

analysis for benchmarking organizations, which is stimulating the organization to improve 

their own performance by comparing their performance to the performance of other 

organizations. The policy-makers could use the information obtained by an efficiency analysis 

for effective regulation, whereas the health care insurer could use this information for 

(selective) contracting the health care organizations (Parking & Hollingsworth 1997). The use 

of efficiency measures for explanatory or predictive purposes, such as monitoring the market 

or contracting health care organizations, lays a strong focus on the validity of the derived 

efficiency measures. A regulator or health care insurer should use only efficiency measures 

for explanatory or predictive purposes if those efficiency measures accurately reflect the 
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actual relative performance of the health care organizations. This study examines the 

usefulness of efficiency measures derived by an efficiency analysis to (selective) contract 

primary care organizations. This study will focus on the validity of the obtained efficiency 

measures. 

 

Traditional efficiency assessment techniques developed for managerial purposes are in 

principle useful tools to measure the efficiency of organizations from the regulatory 

perspective. Several efficiency measurement techniques are available to assess the efficiency 

of health care organizations. Every efficiency measurement technique has its advantages and 

disadvantages. The assumptions underlying each technique should be examined in order to 

determine the validity of the efficiency measures. The derived efficiency measures can be 

sensitive to the choices made in the analysis (Jacobs et al 2006). A comparative efficiency 

analysis is a useful method to determine the relative merits of the assumptions underlying the 

efficiency assessment techniques. A comparative efficiency analysis is an analysis whereby 

the researcher assesses the efficiency of organizations by more than one technique and 

whereby the researcher compare the findings from these different techniques. This study uses 

a comparative efficiency analysis to examine the sensitivity of the efficiency measures to the 

assumptions underlying the efficiency assessment techniques.  

 

This study applies four efficiency measurement techniques to assess the efficiency of primary 

care organizations. These techniques are the Cost Effectiveness Ratio, Data Envelopment 

Analysis, Corrected Ordinary Least Squares and Stochastic Frontier Analysis. Section 2 

provides a theoretical discussion of these techniques. The data and the model specify the 

boundaries of an efficiency analysis (Coelli et al 2005). Section 1 describes the data of this 

study and the conceptual model. Section 3 presents the method and the analysis on this study. 

First, is questioned, how can the efficiency of primary health care organizations be assessed 

from the perspective of the health care insurer by each of the four techniques? Two questions 

need some consideration by analyzing the results, namely what is the sensitivity of the 

efficiency measures to the assumptions underlying the techniques and what are the reasons for 

the consistency or inconsistency in the results? Section 4 tries to answer the question how the 

health care insurer can use the derived efficiency measures in this study for contracting health 

care organizations. The discussion in this study is a balanced critique on the used data and on 

the specification of the model for assessing the efficiency of primary health care 

organizations. The last section of this study concludes and points out areas for further 

research.  
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Section 1: Data and conceptual model 
The first step and probably the most difficult step in an efficiency analysis is the specification 

of the conceptual model. The available data specifies the boundaries for specification of the 

conceptual model. The data used for efficiency assessment is just as important as the 

efficiency measurement technique. This is because an efficiency measurement technique 

cannot overcome problems residing in the data, no matter how powerful the technique is 

(Coelli et al 2005). Efficiency studies in the health care sector often have to deal with missing 

data, omitted variables or small sample sizes (Jacobs et al 2006), which makes it hard to 

specify the model. The model should reflect the production process of the organization, which 

is the ability of the organization to convert inputs into valuable outputs (Coelli et al 2005). 

This section describes the data and the conceptual model used in this study.  

 

§1.1 Data of this study 
To perform an efficiency analysis from the perspective of the health care insurer, it is 

necessary to have data about the inputs and outputs of the production process and about 

environmental factors. Data about environmental factors is needed to control for factors that 

may influence the production or the quality of products, but that are beyond the control of the 

organization. This study uses data of health care insurers and primary health care 

organizations (PCOs) to define the inputs, outputs and the environmental factors.  

 

Health care insurers have individual administrative data. This dataset consists of individual 

data about the volume and the costs of health care services, the volume and costs of drugs 

usage and individual characteristics such as age and gender. An efficiency analysis solely 

based on the dataset of health care insurers can be restrictive since data is missing about to 

‘product’ of the health care organizations that is the improved health status and the 

responsiveness1 to the expectations of individuals (Murray & Frenk 2000). When data is 

missing about the actual ‘product’ of the health care organizations is the researcher forced to 

use intermediate outcomes as the output measure, such as the number of activities (Jacobs et 

al 2006). The use of intermediate outcomes in an efficiency analysis imposes limitations, 

because the actual ‘product’ of health care organizations is not defined (Parking & 

Hollingsworth 1997; Jacobs et al 2006). In order to measure the efficiency of health care 

organizations from the perspective of the health care insurer, it is valuable to append data of 

health care insurers and data of health care organizations. Health care organizations register 

                                                           
1 The World Health Organization defines responsiveness as enhancing the expectations of the 

individual in terms of respect for the person (dignity, autonomy and confidentially) and individual 

orientation (prompt attention, social support and choice of provider) (Murray & Frenk 2000).  
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both administrative data and medical data. The dataset of health care organizations consists of 

individual data about the volume of the health care service, the outcome of the health care 

service (outcomes of some medical tests) and individual characteristics. The use of 

administrative data as well as medical data enables the researcher to define the health status of 

individuals that can serve as a proxy for the ‘product’ of health care organizations, rather than 

relying on an intermediate output measure.   

 

A dataset consisting of data from health care insurers as well as data from health care 

organizations can only be derived when both parties are willing to share their data. The 

willingness to share data is not a usual incentive in the current Dutch health care sector since 

health care organizations operate on a (regulated) competitive market whereby the health care 

insurers (selective) contract these health care organizations. An efficiency analysis can give 

insight into the relative efficiency level of organizations that the health care insurer might 

want to use for (selective) contracting. This study uses data of health care insurers and PCOs. 

The focus of this study is, therefore, on assessing the efficiency of PCOs. In the Netherlands, 

to the best of my knowledge, it is the first study that uses data of health care insurers and 

health care organizations to perform an efficiency analysis.  

 

This study uses two datasets to analyze the efficiency of PCOs, because it was not possible to 

append the data of the health care insurers to the data of the PCOs for each unique individual 

in the datasets. The data for this study is obtained by appending 134 datasets of two health 

care insurers and nine PCOs2. The data is appended by using pseudonyms for each unique 

individual. First, one dataset, X, (1,372 observations) is the result of appending data of two 

health care insurers. Dataset X consists of individual administrative data records over the 

period 2007 to 2009. Another dataset, Y, (265 observations) is the result of appending data of 

the PCOs to the dataset X of the health care insurers. Dataset Y consists of individual 

administrative and medical data over the period 2007 to 2009. Dataset Y is used only when 

medical data is required to define the variable; in all other cases dataset X is used. This is 

because using dataset Y for the efficiency analysis would mean a large loss of information.  

 

§1.2 Conceptual model 
The conceptual model defines how the efficiency of the organizations in the sample is 

assessed. The model specification depends on the availability of data and the context of the 

efficiency analysis (Jacobs et al 2006). Figure 1 presents the conceptual model of this study. 

Figure 1 can be applied to cross-sections, but in this study, it is applied to panel data over the 

                                                           
2 The name of the health care insurers and primary health care organizations are confidential 
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period 2007 to 2009.  

 

Figure 1: Conceptual model 

        
In particular, three separate inputs are specified to analyze the efficiency of PCOs. The inputs 

include the number of activities by a GP (AC_GP), a GP assistant (AC_GPA) and a GP in the 

off-hours (AC_GPO). These three separate inputs are defined, because these inputs are  

attributable to an individual. This makes it feasible to appropriately examine the relationship 

between the indicator-score per individual (output) and the corresponding consumed inputs. 

Data about aggregate inputs used in general in efficiency studies, such as labor, capital, 

energy, material and purchased services, is not available in the data of this study. The three 

separate inputs in Figure 1 are aggregate input measures of several activities performed by 

each health care provider. Those activities are presented in Table 1. The activities are 

aggregated, because the interpretation of the results may become complex when many inputs 

and outputs are specified. Moreover, many activities have a zero-value, which can cause 

problems when using one of the techniques applied in this study (Section 3). The different 

activities are weighted by their administrative price in order to specify a single input for each 

health care provider. The administrative prices of the several activities presented in Table 1 

are constant over the period 2007 to 2009 (NZA 2007; NZ 2008; NZA 2009).  

 

Table 1: health care provider activities and their administrative prices  

Activities Price (Euro’s) 
GP consult† 9.00  
GP consult > 20 minutes 18.00 
GP visit 13.50 
GP visit > 20 minutes 22.50 
GP telephone consult 4.50 
GP repeated prescription 4.50 
Assistant off-hours consult 37.70 
Assistant off-hours visit 49.10 
Assistant off-hours telephone consult 16.40 
† The same activities are taken into account for the GP assistant. The prices for a GP assistant are the 

same as for a GP. Source: NZA 2009 
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Notice that weighting the inputs by their administrative price does not mean estimation of a 

cost-function. The administrative prices do not reflect the costs of PCOs, since that are the 

costs on labor, capital, material and other resources needed to deliver the health care services. 

The administrative prices are used to attach a relative value to the different activities in order 

to aggregate them into a single input for each health care provider. This study examines the 

efficiency of PCOs through analyzing production relationships.  

 

Unlike most previous efficiency studies in the health care sector where the output measure is 

defined as measures of activities, such as the number of patients treated, the number of 

operations undertaken or hospitals days (Hollingsworth 2003), the output measure in this 

study is a measure for improved health status. This study does not incorporate responsiveness 

as one of the ‘products’ of health care organizations, since the data to define this ‘product’ is 

not available3. This study uses quality indicators to define the output of PCOs whereby the 

score on those quality indicators is the output measure. Quality indicators are developed to 

measure the quality of care of organizations and health care insurers can use those quality 

indicators for contracting health care organizations. This study uses those quality indicators to 

assess the relationship with the activities of PCOs that is the efficiency of PCOs. For the 

health care insurer it can be interesting to examine the efficiency of PCOs to deliver care to 

chronic patients, because chronic patients systematically cause high health care expenditures. 

This study is restricted to analyze the efficiency of PCOs to provide health care services to the 

chronic patient population (Diabetes Mellitus, Chronic Obstructive Pulmonary Disease and 

Cardiovascular Risk Management). This is because quality indicators are developed for the 

health care services to chronic patient groups (ZN 2008). It is not feasible to define a variable 

for the improved health status of individuals that have not one of the three chronic disorders.  

 

When an output measure ‘health effects’ is used, it is required to measure the health status of 

an individual before and after the health care service (Evans et al 2000). It is not feasible to 

make a comparison of the health status of an individual with and without an intervention, 

since it is in the health care sector not legitimate to let an individual untreated (Jacobs et al 

2006). Health status measurement is therefore restricted to a before/after comparison. This 

study uses such a before/after comparison to define the health effects produced by PCOs. The 

assumption made here is that the health status of the individuals is the same among all chronic 

patients. Thus, being a chronic patient serves as the baseline (‘before intervention’). The 

indicator score then presents the health effects produced by the PCO (‘after intervention’).  

                                                           
3 Consumer Quality Index-data (CQ-data) could be used to define the ‘product’ responsiveness.       

CQ-data is data about the individual experience of the quality of care.   
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The output measure used here is a binary variable on individual level and a rate on 

organizational level. An example of a quality indicator is the number of patients with a 

chronic disease-related outpatient visit per patient per year (nominator) to the total chronic 

patient population (denominator). On individual level, the indicator score is a ‘yes’ (1) if the 

individual has visit outpatient care and a ‘no’ (0) if the individual has not visit outpatient care. 

On organizational level, the indicator-score is a rate from 0 to 100 whereby a 0 denotes a bad 

performer and a 100 stands for an excellent performer. One can imagine that an organization 

with a high indicator score, in other words a low prevalence on the nominator of the indicator, 

indicates being a good performer, because the PCO does succeed in preventing disease-

related outpatient care. The output in this study differs from traditional output measures in 

efficiency assessments. Output measures at the individual and organizational level in 

traditional efficiency assessments are continuous variables that can take any positive value. 

The traditional efficiency assessment techniques, therefore, are developed for the use of 

continuous variables. This study uses a new approach; applying traditional efficiency 

assessment techniques with a binary variable on individual level and a rate at the 

organizational level. The use of an output measure as a binary variable or as a rate depends on 

the efficiency measurement technique used to analyze the efficiency of PCOs (Section 3).  

 

This study uses three separate outputs. The output ‘efficiency’ (O_EFF) consists of indicators 

that measure the ability of the PCO to prevent outpatient care and hospitalization. The output 

‘effectiveness’ (O_EFFEC) measures the medical outcomes of the health care service or the 

process of the health care service. The output ‘efficient prescribing’ (O_EP) measures the 

behavior of health care organizations to prescribe (expensive) drugs or combinations of drugs. 

The indicators are defined according to the definitions of the Dutch Health Insurance 

Association (ZN 2008). This study uses sixteen indicators to analyze the efficiency of PCOs, 

seven indicators for the category ‘efficiency’, eight indicators for the category ‘effectiveness’ 

and one indicator for category ‘efficient prescribing’. Not all three chronic disorders are 

proportionally incorporated into the analysis of this study. Most of the indicators of the 

Diabetes Mellitus patient group are definable with the available datasets (Appendix 1). The 

indicator-score on each category is the average score of the quality indicators within the 

category. Assumed is that each quality indicator is of similar importance. Five quality 

indicators, three quality indicators of the category ‘effectiveness’ and two indicators of the 

category ‘efficient prescribing’, could not be defined with the available datasets (Appendix 2). 

The performance of the PCOs on those five quality indicators is unknown. The indicator-

scores used in this study reflect a part of the overall quality of care of PCOs.  
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A comparative efficiency analysis from the regulatory perspective requires taking into 

account external influences (Jacobs et al 2006). In order to make a fair comparison among the 

organizations in the sample, it is necessary to account for factors that are beyond the control 

of the organization and that may influence the output of the organization. A method to account 

for differences in environmental factors is by adjusting the output measure for these 

differences (Jacobs et al 2006). This method is applied in this study.  

 

This study accounts for case-mix differences. Other external influences, such as variations in 

policy regulation, variations in the organization of hospital care and differences in the 

preferences of the local community, are not taken into account. The reason for this is that the 

data to define those factors is not available. This study assumes that there is no significant 

variation among the PCOs in the mentioned external factors. This may be an appropriate 

assumption, because the PCOs in the sample are located in the same local geographical area. 

The case-mix of an organization is a measure for the characteristics of the patient population 

of the PCO, such as the gender, age, social-economic status and health status of the 

individuals. This study adjusts the output (O_EFF) for case-mix differences since for a PCO 

with a ‘bad’ case-mix, for example a relative old individual with co-morbidity, it may be 

harder to attain a health effect than for a PCO with a ‘good’ case-mix, that is a relative young 

individual with one chronic disease. The case-mix of the organization has no influence on the 

score of the outputs (O_EFFEC) and (O_EP) (ZN 2008) and therefore the score on those two 

outputs are not adjusted for case-mix differences. To adjust the output (O_EFF) for case-mix 

differences are four variables defined, a variable for age (AGE), a variable for gender 

(FEMALE) and two variables to proxy the health status of the individual, a variable for co 

morbidity (COMOB) and one for the usage of more than five drugs (POLYF). Assumed is 

that an individual with more than one chronic disease or using more than five drugs in a year 

has a relative less good health status than individuals with one chronic disease or using less 

than five drugs. Social economic status is not taken into account, because it is not feasible to 

define a variable for this with the available data. The method to adjust the output (O_EFF) for 

case-mix differences depends on the efficiency measurement technique used for the efficiency 

analysis (Section 3).  

 

Table 2 reports the descriptive statistics of the variables in the conceptual model on 

organizational level. The rows are the PCOs per specific year and the columns are the 

variables used in the analysis. The output (O_EFFEC) in Table 2 is based on dataset Y, 

because medical data is needed to define this variable. All the other variables in Table 2 are 

based on dataset X. The three input measures in Table 2 are the weighted number of activities 

per patient per year. The output measures are the average score on the indicators within that  
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output. The indicator-scores on (O_EFF) in Table 2 are not adjusted for case-mix differences 

in order to present the ‘absolute’ indicator-score instead of the relative indicator-score that is 

used in the analysis of this study. The variable for age (AGE) denotes the average age of the 

patient population of each PCO. The other three environmental factors are binary variables 

reported into frequencies. In this study, technical efficiency is defined as the ability of the 

PCO to maximize the indicator score given a level of consumed activities. In Table 2, PCO 4 

seems to be an efficient PCO in 2007 since it uses a relative low number of activities per 

patient to produce the highest indicators-scores in that year. PCO 1 in 2008 seems to be a 

relative inefficient PCO, because it uses far more activities per patient and produces one of 

the lowest indicator-scores. Based on Table 2, it is difficult to determine the relative efficiency 

of each PCO in the sample, because PCOs uses more or less activities at one or two of the 

inputs and produce a higher or lower score on one or two outputs. Table 2 shows large 

variation in the environmental factors over time, such as PCO 3, while it is expected to have 

quite stable environmental factors or a (slightly) increase over the years due to an increase in 

the patient population of PCOs. This leads to the conclusion that data is missing, which sets 

doubts about the reliability of the data. The differences in the organizational efficiency level 

of the PCO in this study will not solely be attributable to the assumptions underlying the 

efficiency assessment technique, but the differences in the derived efficiency measures may 

also be (partly) attributable to the data used in this study. The quality of the data needs 

consideration when drawing conclusions on the derived efficiency measures in this study.  

 

Dataset Y is a selective dataset of dataset X that means that there is selection bias in the score 

on the output (O_EFFEC) presented in Table 2 (Appendix 3).  Most of the PCOs delivered an 

older and/or sicker population than the population in dataset X. The level of the quality of 

care on the output (O_EFFEC) is therefore an underestimation of the actual quality of care of 

PCOs on those indicators, when assuming that it is harder to attain a health effect by an older 

and/or sicker individual. The selection bias is largest for PCO 2 and PCO 4, since those two 

PCOs delivered the most selective patient group. The selection bias into the results of this 

study requires attention when determining the usefulness of the obtained efficiency measures 

for contracting PCOs. Underestimating the efficiency level of PCOs can cause problems when 

the efficiency measures in this study will be used to set a baseline for efficiency assessments 

in a next year(s). For a PCO it may be easier to improve their organizational efficiency in the 

next year(s), because the baseline is an underestimation of the actual efficiency level.  

 

Since the efficiency analysis is restricted to examination of the efficiency of PCO in 

delivering health care services to the chronic patient population, it is necessary to select this 

population in the data. No data is available about the diagnosis of individuals in the data of 
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this study. The population for the efficiency analysis is identified by using registered drugs 

usage. Table 3 reports the variables used for the identification of the chronic patient 

population. There is no certainty that indirect identification of the population by the drugs 

usage of individuals has lead to identification of the actual patient population. It could be that 

individuals are missed with the selection procedure, because individuals can use other drugs 

than those used here. In the Dutch context, an individual using disease-specific drug over a 

longer period, six months, will be assigned to a Pharmaceutical Cost Group (PCG). PCGs are 

not used to identify the patient population in this study, because a PCG is more restrictive 

than the usage of some disease-specific drugs that would lead to a considerably loss of 

information (Appendix 3). Besides, it is unlikely that an individual that is not chronically ill 

uses one of the disease-specific drugs in Table 3.  

 

Table 3: variables for identification of chronic patient population 

Chronic patient groups Drug usage 

Diabetes Mellitus type 2 (DM) Oral diabetes drugs 

Chronic Obstructive Pulmonary Disease (COPD) Inhalation steroid drugs  

Cardiovascular Risk Management (CVRM) Beta-blocker drugs  

 

In order to measure the efficiency of PCOs, it is necessary to assign each individual in dataset 

X to a PCO, because health care insurers do not register where the individual has received the 

health care service. Insurers only identify the individual providers working at the PCOs in 

order to pay the provider claims, not the PCOs where they work. In dataset Y, this information 

is available. This study has used the GP-code registered in the database by Vektis4 to assign 

individuals to PCOs. From the Vektis database, it can be concluded that no GPs working at 

more than one of the PCOs in the sample of this study. This makes it appropriate to assign 

each individual uniquely to a PCO. Individuals with a missing value for the GP-code are 

excluded from the analysis, because it is not feasible to assign these individuals to a PCO 

(Appendix 3). The assumption made here is that each individual has received the health care 

service at the PCO where the GP works according to the Vektis database. Notice that the 

individual still may have received the health care service elsewhere in practice. It is 

unavoidable to make assumptions about the identification of individuals and the assignment 

of these individuals to PCOs when data of health care insurers is used, as long as the health 

care insurers do not register this information.   

The restriction of an efficiency analysis to examine a part of the entire production process of 

                                                           
4 Vektis is a database with general information, such as contact information and information about the 

working place, of all the health care providers in the Netherlands (www.vektis.nl).  
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an organization can impose limitations (Jacobs et al 2006). The assumption made in this study 

is that the health care services to chronic patients are independent of the health care services 

to other patients. This means that the potential influence of other actions of health care 

providers or other providers than those incorporated into the analysis that contribute to the 

health care service to chronic patients is ignored. The results should be judged as the 

efficiency of PCOs in delivering health care services to chronic patients insured by the two 

health care insurers. For the health care insurer the restriction of the analysis imposes no 

serious limitations, because the health care insurer is interested in the efficiency of PCOs in 

delivering health care services to their insured, as long as the efficiency measures reflect the 

actual relative efficiency level of the PCOs. The PCOs should be cautious with an 

interpretation of the results in this study. In this study, the efficiency of PCOs is analyzed for a 

part of their total patient population and not all quality indicators are incorporated into the 

efficiency analysis.  

 

With the remarks of the data and model in mind, we now turn to the assessment of the 

efficiency of PCOs by several efficiency methodologies. The next sections focus on efficiency 

assessment methodologies and the comparison of the efficiency measures obtained by those 

efficiency assessment methodologies given the data and the specification of the conceptual 

model described in this section.  
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Section 2: Efficiency assessment methodologies 
The focus of an efficiency analysis from a regulatory perspective lies on the relative 

efficiency of organizations. Frontier techniques measure the efficiency of an organization by 

comparing the efficiency level of that organization to the best practice in the sample. Frontier 

techniques are often used for efficiency assessment (Hollingsworth 2003). A common 

classification for these frontier techniques is to distinguish parametric from nonparametric 

techniques and stochastic from deterministic techniques. Parametric techniques estimate 

econometric functions in order to derive the efficiency of organizations, whereas 

nonparametric techniques use linear programming. Stochastic techniques accounts for noise 

in the data, while deterministic techniques ignores measurement error and noise in the data.  

 

This study uses four efficiency measurement techniques to assess the efficiency of PCOs, 

namely the Cost Effectiveness Ratio (CER), Data Envelopment Analysis (DEA), Corrected 

Ordinary Least Squares (COLS) and Stochastic Frontier Analysis (SFA). DEA, a 

nonparametric deterministic technique, and SFA, a parametric stochastic technique, are the 

most frequently used techniques to measure the efficiency of health care organizations 

(Hollingsworth 2003). These techniques have some important properties that make them 

useful for efficiency assessment in the health care sector. Despite the fact that DEA and SFA 

are used frequently, they have been also highly criticized for efficiency assessments of health 

care organizations. Just as with every methodology, DEA and SFA require making 

assumptions. These assumptions can make efficiency assessment by DEA and SFA complex. 

For the health care insurer it is interesting to seek for simple methodologies for efficiency 

assessment. Both for DEA and SFA exists a technique that is almost similar, but that is more 

easy to use. A simple variant for DEA is a CER. A  CER is just as DEA a nonparametric 

deterministic technique, but it is the only technique in this study that is not a frontier 

technique. The simple variant of SFA is the COLS, which is a parametric deterministic 

technique.  

 

Unlike the ‘standard’ efficiency assessment techniques measure the efficiency of 

organizations on organizational level, this study will assess the efficiency of organizations by 

parametric techniques on individual level. Nonparametric techniques do not allow for 

individual data and therefore the two nonparametric techniques in this study will be applied to 

organizational data, which is the individual data aggregated to the organizational level. 

Parametric techniques do allow for individual data. Individual data has never been used 

before in efficiency studies. It is interesting to apply a new approach to the parametric 

techniques and to find out how individual data in efficiency studies could be used. Although 

the parametric techniques in this study are applied on individual data, the assumptions 
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underlying those techniques will be similar to the ‘standard’ COLS and SFA. This section 

provides a theoretical overview of the four efficiency assessment methodologies in order to 

clarify the assumptions underlying those techniques. The ‘standard’ COLS and SFA will be 

discussed here. Section 3.3 will describe the specification of the parametric techniques 

applied in this study. The model of the parametric techniques applied in this study will deviate 

from those discussed in this section. The discussion of the four efficiency measurement 

techniques in this section begins with the simplest technique to go on with techniques that 

increasingly become more complex.  

 

§ 2.1 Nonparametric efficiency assessment methodologies  
Nonparametric techniques are techniques that rely on linear programming. Linear 

programming is solving a record of problems by maximization or minimization of a subject to 

some constraints (Sarafadis 2002). The use of nonparametric techniques for efficiency 

assessment requires making some assumptions. This section discusses the two nonparametric 

techniques, the CER and DEA, used in this study.  

 

§ 2.1.1 Cost effectiveness ratio 
The simplest method to measure the efficiency of organizations is the CER. A CER is an 

index number that measures the efficiency of organization as follows: 

 

TECER,i = (∑ usysi ) / (∑ vmxmi)  i = 1, 2…, N                            (1.0) 

     s =1, 2,…, S 

     m = 1, 2,…, M 

     , with u and v given 

 

TECER,i denotes the ratio of the weighted outputs to the weighted inputs. The y represents the 

output of the ith organization of N organizations in the sample; u denotes the weights to the sth 

output; and x represents the mth input of the ith organization and v denotes the weight to the 

mth input. The researcher specifies the weights u and v a priori. If the cost effectiveness of all 

the organizations in the sample is calculated, then the organization with the highest ratio is the 

most efficient organization, since this organization produces the most output given a level of 

inputs. All the organizations in the sample with a lower ratio are inefficient, whereby the 

inefficiency is the extent to which the organization can increase the units of outputs while 

consuming the same units of inputs.  

 

The advantage of the CER above the frontier techniques is that the efficiency measure is not 

sensitive to the presence of other PCOs in the sample (Coelli et al 2005). The CER reports the 
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organizational specific index of the outputs to the inputs whereas the frontier technique 

reports the relative efficiency level. A second advantage of the CER is that the method is 

straightforward and easy to use for health care insurers. Besides, the CER is just as any other 

nonparametric technique free from the assumptions underlying parametric techniques 

(Section 2.2).  

 

A common critique on the CER for efficiency assessment is that it is too simple to analyze 

complex multiple input-multiple output production processes such as the production process 

of health care organizations (Sarafadis 2002). The use of simple methods often corresponds to 

making strong assumptions (Jacobs et al 2006). The same accounts for the CER. The 

limitation of the CER is that certain strong assumptions needs to be hold to derive appropriate 

efficiency measures. Two assumptions underlying the CER are in particular of interest in this 

study since one of the other efficiency assessment techniques applied in this study relaxes one 

of the two assumptions. First, an important assumption underlie the CER is that the weights of 

the inputs and outputs needs to be known a priori in order to construct a single index. In the 

health care sector, the weights of the inputs and output are unknown, since there are no 

market prices available that can serve as a weight. The use of quasi-market prices may yield 

misleading results, because those prices do not reflect the relative importance of the inputs 

and outputs.  Moreover, it is difficult to specify a weight for each organization in the sample. 

Therefore, often the weights take the same value for all the organizations in the sample 

(Sarafadis 2002). Organizations can operate in different circumstances that lead to variation in 

the importance to the inputs and outputs and therefore it may not always be legitimate to 

attach the same weight to all the inputs and outputs (Sarafidis 2002). DEA is a technique that 

does not require a priori specification of the weights (Section 2.1.2). Another important 

assumption underlying the CER is the assumption about stochastic. The CER is just as DEA a 

deterministic technique implying to assume that all relevant inputs and outputs is observed 

and is measured without error (Jacobs et al 2006; Coelli et al 2005). SFA is a technique that 

relaxes this assumption about stochastic (Section 2.2.2).  

 

§ 2.1.2 Data Envelopment Analysis 
DEA is a technique developed to measure the efficiency of organizations with multiple inputs 

and multiple outputs when the weights of these inputs and outputs are unknown. DEA 

involves solving a linear program. The (primal) linear program of DEA is (Coelli et al 2005): 

 

max TEDEAi subject to TEDEAi = (∑ usiysi) / (∑ vmixmi)                             (2.0) 

    ∑usiysj – ∑vmixmj ≤ 1   i = 1,2,…,N             j= 1,2,…,N 

     usi, vmi ≥ 0                               s = 1, 2,…,S            m = 1, 2,…,M 
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Equation (2.0) is similar to equation (1.0), but the only difference is that DEA imposes some 

constraints to seek automatically the weights u and v. The constraint is that these weights are 

non-negative. Equation (2.0) will be solved N times, since for each organization the efficiency 

score will be calculated. DEA seeks weights that maximize the efficiency score of each 

organization with the constraint that the efficiency score cannot exceed one. In other words, 

DEA sheds each organization in the best possible light and compares only those organizations 

that are comparable to their size and input-output mix (peers) (Charnes et al 1981). DEA 

constructs a linear piecewise frontier. A frontier is the line that represents the best practice. 

DEA shapes the frontier by the maximum ratio of outputs to inputs in the sample. The frontier 

envelops all the observations in the sample. The organization(s) with the highest efficiency 

ratio lies on the frontier and this organization(s) is judged (technically) efficient. The 

organizations that lie below the frontier are judged (technically) inefficient. The efficiency 

score of each organization is a ratio where the nominator is the distance from the origin to the 

estimated point of the organization and the denominator is the distance of the origin to the 

frontier (Grosskopf & Valdmanis 1987; Charnes et al 1994). The assumptions underlying 

DEA needs consideration in order to determine which choices needs to be made to assess the 

efficiency of PCOs by DEA. 

 

Assumption of the weights 

The first important assumption is about the determination of the weights and the weight 

restrictions. The flexible weighting of DEA is an advantage above the CER, because the 

researcher does not need to specify weights a priori. However, this flexible weighting may in 

some situations lead to odd outcomes (Wong & Beasley 1990; Doyle & Green 1994; Jacobs et 

al 2006). In an extreme situation, an organization can be assigned efficient when it performs 

extremely well on one particular aspect, one input and output combination, and on all the 

other input and output combinations the organization is a bad performer. This extreme 

situation can occur since flexible weighting could attach a zero weight to some inputs and 

outputs if this yields the highest ratio for the organization (Doyle & Green 1994). For this 

reason, some authors have suggested ways of imposing restrictions (Allen et al 1997, Wong & 

Beasley 1990, Roll & Golany 1993). These weight restrictions can avoid such odd outcomes 

as mentioned above. However, the drawback of imposing weight restriction is that these 

restrictions do not rely on any economic theory (Jacobs et al 2006). Besides, a weight 

restriction requires specifying a priori some limits or weights which implies that the 

researcher should have an idea about the relative value of the inputs and outputs. A critique on 

applying weights restrictions to the data is that the pure objective of DEA gets lost (Roll & 

Golany 1993). DEA is a technique developed to measure the efficiency of organizations 

without the need to specify a priori the weights of the inputs and outputs. In this study, no 
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weight restrictions will be imposed in order to see what happens when DEA is applied in its 

pure objective.  

 

Assumption of the operating scale 

A second assumption that the researcher has to make relates to the production technology of 

the organizations under consideration. The operating scale, which is the relationship between 

the inputs and outputs of the production process, needs to be specified in order to run a DEA 

model. Two options are available to specify the operating scale, namely constant returns to 

scale (CRTS) and variable returns to scale (VRTS). A CRTS DEA model assumes that each 

additional unit of input results into the same additional proportional increase in a unit of 

output (Coelli et al 2005). With a VRTS DEA model, one assumes that each additional unit of 

input results into a varying additional increase or decrease in a unit of output (increasing or 

decreasing returns to scale). The relationship between CRTS and VRTS can be written as: 

TEi, CRST = TEI,VRST x SEI (Coelli et al 2005), where SEi denotes the scale efficiency of the 

organization. The CRTS DEA model yields biased efficiency measures if the organizations 

under consideration are scale inefficient (Parking & Hollingsworth 1997). The choice 

between a CRTS and a VRTS model depends on the context of the analysis and the 

perspective of the study. It is legitimate to assume a CRTS DEA model when one measures 

the efficiency of organizations from the regulatory perspective (Smith 1997). This is because 

from a regulatory perspective - a societal perspective - one is interested into the long-term 

efficiency of organizations and not into the scale efficiency of organizations (Jacobs et al 

2006).  

 

Assumption of the orientation 

A third assumption is the orientation of the analysis. There are two options: an input 

orientation or an output orientation (Charnes et al 1994; Coelli et al 2005). An input 

orientation focuses on reducing the inputs of the production process while holding the same 

production level. With an output orientation one wants to examine the extent to which the 

output can be increased with consumption of the same units of input. The choice between 

these two orientations is only relevant when one assumes a VRTS DEA model since the two 

orientations yields different efficiency measures under VRTS, but both orientations will yield 

the same efficiency measures under CRTS (Jacobs et al 2006). The choice between the two 

orientations depends on the assumption about the operating scale and the context of the 

analysis.  
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Assumption of slacks 

The construction of a piecewise linear frontier has one inherent problem, which is the 

existence of slacks. A slack is the ability of an organization to improve the efficiency level by 

reducing the input quantity or increasing the output quantity while this organization lies on 

the estimated frontier (Coelli et al 2005). In other words, DEA judges this organization 

efficient while this organization indeed is inefficient. The existence of slacks is inherent to 

solving equation (2.0), because it is possible that solving the linear problem leads to a frontier 

that is for a part parallel to one of the axes. There is a debate about dealing with slacks in 

DEA (Cooper et al 2007). Some authors address the bias into the efficiency measures when 

slacks are present and propose alternatives for dealing with these slacks, Bessent et al 1988; 

Tofallis 2001, Ali & Seiford 1993, while others authors argue that we should use DEA, 

despite the inherent problem of slacks (Jacobs et al 2006; Coelli et al 2005). Coelli et al 2005 

stated that slacks are the result of using finite samples since slacks would disappear with an 

infinite sample size. Regarding Coelli et al 2005 should the importance of the presence of 

slacks not be overestimated (Coelli et al 2005). There is no guideline about how the 

researcher should deal with slacks in an efficiency analysis by DEA, since it is an unresolved 

issue.  

 

Besides the above assumptions, some other important properties of DEA need attention. First, 

DEA is a deterministic technique that implies that noise in the data is ignored. The efficiency 

measures derived by deterministic techniques do not distinguish between the inefficiency of 

the organization and measurement error when measurement error is (expected to be) present 

(Jacobs et al 2006). Second, the efficiency measures are very sensitive to sample size and 

outliers (Smith 1997). The inclusion or exclusion of organizations in the sample, the inclusion 

or exclusion of relevant variables or atypical input and output combinations can influence the 

efficiency measures, since DEA constructs the frontier by the observed data (Smith 1997). 

The model specification is highly important for deriving appropriate efficiency measures. A 

drawback of DEA is that no diagnostic test is available to determine whether the model is 

specified correctly, which is inherent to deterministic techniques (Smith 1997; Parkin & 

Hollingsworth 1997). Specification error is a serious problem when small sample sizes and 

(too) simple models are used for efficiency assessment of complex multiple input-multiple 

output production processes (Smith 1997). 

 

§ 2.2 Parametric efficiency assessment methodologies 
The use of a parametric technique for efficiency assessment requires parameterization of the 

production process. These techniques rely on econometric estimation of a model. The 

researcher has to make some assumptions in order to estimate a parametric model for 
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efficiency assessment. There are two main assumptions underlie efficiency assessment by 

parametric techniques, these are an assumption about the function and one about the 

functional form.  

 

Assumption of the function and functional form 

The first assumption that the researcher has to make is the choice of the function. The 

researcher can choice either estimation of a production function or estimation of a cost 

function. Related to the assumption about the function is the assumption about the functional 

form. The functional form describes the relationship between the inputs and outputs. This 

study analyzes the efficiency of PCO through production functions. Production functions are 

used when no cost information is available or when it is not appropriate to assume cost-

minimizing behavior (Jacobs et al 2006). In the datasets of this study, no cost information is 

available and therefore this study estimates production functions. The cost function will not 

be discussed in detail here. The drawback of the use of production functions is that multiple 

outputs needs to be aggregated into a single output, without the researcher can rely on a 

convenient weight such as market prices (Jacobs et al 2006; Coelli et al 2005).  

 

A production function determines the maximum feasible operating scale that maximizes the 

output of the organization (Coelli et al 2005) and the econometric production model takes the 

form,  

 

yi = F (xi; α, ß)      i = 1,2,…N                            (3.0) 

 

The yi denotes the output in quantities of the ith organization in the sample; x is the inputs; α 

and ß are the parameters to estimate and F(.) is the function that describes the relationship 

between the inputs and outputs. There are different functions available, but the Cobb-Douglas 

function is used most frequently in combination with a production function (Coelli et al 

2005). A production function with logs of the variables, a Cobb-Douglas function, is usual 

linear in the parameters that leads to desirable statistical properties (Greene 2005). Other 

functions used frequently are the linear and translog functions (Coelli et al 2005). The choice 

of the functional form F(.) is important since it can yield different efficiency measures (Jacobs 

et al 2006). Coelli et al 2005 give some criteria for choosing the functional form. In general, 

one prefer those functional forms that are flexible, linear in parameters, regular (satisfying the 

statistical properties) and parsimonious (simplest model that is adequate) (Coelli et al 2005). 

If the variables in the model are expressed in their natural units, thus without transformation, 

then the researcher assumes a linear relationship between the inputs and outputs (Jacobs et al 

2006). The appropriateness of the assumption of linearity depends on the context of the 
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analysis.  
 
§ 2.2.1 Corrected Ordinary Least Squares 
COLS is a technique that relies on econometric estimation of a function described in the 

section above. COLS estimates the model by Ordinary Least Squares (OLS) implying the 

COLS model having some similar statistical properties as usual econometric estimation by 

OLS. Those OLS properties are only of interest if one is concerned with the estimation of the 

parameters α and β. However, for efficiency assessment, you may also be interested in the 

estimation of the parameters α and β, lays a strong focus on the estimation of the residual ε. In 

this case, the OLS properties are not of main interest. The COLS production model takes the 

form: 

 

yi = α + βxi + εi            i = 1,2,..., N               (4.0) 

 

, where yi present the output of the production process for the ith organization; α and β are the 

parameters that will be estimated; x present the input of the ith organization; and ε is the 

residual. The residual is the unexplained variation of the performance of organizations that is 

used to derive the efficiency level of the organization. COLS derives the efficiency of the 

organization by first lifting the estimated regression line by OLS with the maximum residual 

in the sample. The lifted regression line denotes the frontier. Then, the inefficiency of the 

organization is the deviation of the observation to the theoretical frontier. The efficiency score 

of the organization is derived by, 

 

TEi, COLS = (ŷi + εi) / (ŷi + max(ε))  i = 1,2,…,N 

0 < TEi, COLS ≤ 1 

 

, where TEi, COLS is the technical efficiency score of the ith organization in the sample; ŷi is the 

estimated point of the ith organization; εi is the estimated residual of the ith organization and 

max(ε) is the maximum error in the sample.  

 

The advantage of COLS is that it is the simplest parametric technique. However, the 

researcher should be aware of the underlying assumptions. The first assumption is that the 

entire residual of the organization is attributable to inefficiency of the organization and any 

other influence or other factor, such as random error or measurement error is ignored (Greene 

2005). Just as other deterministic techniques, the limitation is likewise that the efficiency 

measures may be biased by measurement error.  
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§ 2.2.2 Stochastic Frontier Analysis with cross-sectional data 
SFA is a stochastic frontier technique developed to account for random error and noise in 

estimation of the efficiency of organizations. SFA relaxes the assumption about stochastic 

underlying the deterministic techniques. The accompanying effect is that SFA becomes much 

more complex than the earlier mentioned efficiency assessment techniques. There are several 

SFA models available. Let us start with the simplest SFA model. The SFA production model 

for cross-sectional data is: 

 

yi= α + βxi + νi - υi                    i = 1,2,…, N                                         (6.0)  

 

This is the same function as with COLS, but the only difference with COLS is that SFA splits 

up the residual (εi = νi - υi). The υi is a non-negative term interpreted as the inefficiency 

component. The νi is the random component.  

 

The decomposition of the residual likewise corresponds with making an assumption. First, the 

researcher needs to specify a distribution for the inefficiency component and the random 

component in order to distinguish them econometrically (Jacobs et al 2006). To be consistent 

with classical OLS models is in the SFA cross-sectional model assumed that the random 

component is normally distributed. Several different distributions are available for the 

inefficiency component, such as the half-normal, the truncated normal, the exponential and 

the gamma distribution (Greene 2002), each yielding different efficiency measures (Jacobs et 

al 2006). There are no criteria available to guide the researcher which distribution should be 

assumed for the inefficiency component (Jacobs et al 2006). The drawback of the SFA model 

for cross-sectional data is that the assumption about the error distribution is unavoidable and 

may influence the obtained efficiency measures.  

 

The inefficiency component should be estimated indirectly, because OLS will only estimate 

the residual ε. The partition of the residual will be done in a next step of the analysis on basis 

of the expected value of the inefficiency component conditioned on the residual (Jacobs et al 

2006). The formula for this conditional expectation of the inefficiency component depends on 

the distribution chosen for the inefficiency component5. All these formulas are inconsistent 

estimators of the inefficiency component (Greene 2003). This implies that the efficiency 

measures obtained by a cross-sectional SFA model, no matter which distribution for the 

inefficiency component is chosen, is only an approximation of the actual efficiency of an 

organization (Jacobs et al 2006). The technical efficiency of the organization is derived by: 

                                                           
5 Jacobs et al 2006 provides an overview of the formulas of the different models. 
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TEi,SFA = (βxi – υi) / (βxi)   0 < TEi, SFA ≤ 1 

 

, where the ß is the coefficient of the estimated parameter. This formula only accounts when 

the variables are expressed into their natural units of measurement, thus without 

transformation.   

 

§ 2.2.3 Stochastic Frontier Analysis with panel data 
The use of panel data is in econometric analysis is in general preferred to the use of cross-

sectional data. Panel data allows the researcher to correct for unobserved heterogeneity that is 

due to unobservable factors. These unobservable factors are ‘picked up’ into the estimation 

when cross-sectional data is used and it is unknown to the researcher whether these 

unobservable factors are captured into the residual and/or any other estimated parameter. The 

ability to correct for unobservable heterogeneity is an attractive property of the standard panel 

model (Greene 2003; Greene 2005).  

 

The SFA production model for panel data takes the form: 

 

yit= α + βxit + νit - υi     i =1, 2,…,N                (6.0)  

  t =1, 2,…,T  

 

The interpretation of this function is similar to the SFA function for cross-sectional data, only 

this function specifies that the ith organization of N organizations in the sample in time period 

t is followed over T periods. Two approaches can be adopted when estimating a SFA model 

with panel data, namely a time-invariant approach or a time-varying approach.  

 

Time-invariant model 

The time-invariant approach implies assuming that the efficiency level of the organization 

does not vary over time. The estimation of the function with this approach relies on fixed 

effects or random effects models (Greene 2005). The fixed effects (FE) model assumes that 

the efficiency level of the organization is captured into the firm specific constant, αi = α - υi. 

This model is estimated by within group least squares estimation. The FE approach is 

equivalent to a dummy variable regression, which means adding a dummy for all, except one, 

organization in the sample. The constant of the regression presents the constant of the 

remaining organization (the organization not added as a dummy variable). The constants of 

the other organizations are derived by the mean within group deviation of yit and the estimated 

coefficients, the ß’s, which is used to obtain the relative efficiency of each organization. The 

method to establish the efficiency estimates from a FE model is analogous to the COLS 



The usefulness of the efficiency measures for contracting health care organizations 

28  
 

method, only with a FE model the frontier is the regression line lifted by the maximum 

intercept α if a production function is estimated (Greene 2005). The advantage of the FE 

model is that it is free from the distributional assumption about the inefficiency component. 

The FE model also allows correlation between explanatory variables and the inefficiency 

component. However, the FE SFA model might lose the attractive property of correcting for 

unobservable heterogeneity. Unobservable firm specific characteristics that are not related to 

the efficiency level of the organization, still can be picked up in the estimation (Greene 2005; 

Polachek & Yoon 1996) and thus in the organizational specific constant that is used to derive 

the inefficiency of organizations. This may lead to a situation where the efficiency measures 

may be a mixture of unobservable organization-specific effects and the inefficiency of the 

organization (Polachek & Yoon 1996; Greene 2004). This requires making the same 

assumption as with the SFA model for cross-sectional data, namely all relevant factors have 

been observed and the model is correctly specified.  

 

A random effect (RE) model assumes that the organizational specific effects are random 

draws from the population and therefore do not use the intercept α to extract the efficiency of 

the organizations. The random effects model estimates the inefficiency component just as the 

cross-sectional SFA model separately. This leads to that the RE model requires making an 

assumption about the distribution of the inefficiency component. In addition, the RE model 

requires a tighter parameterization than the FE model, namely the RE model assumes that the 

explanatory variables included in the model is uncorrelated with the inefficiency component 

(Greene 2005).  

 

If long time series are used then a shortcoming of the FE as well as the RE model is the 

assumption of time invariance (Greene 2005). It is unlikely that the efficiency level of 

organization does not vary over long periods. In that case, it may be more appropriate to use a 

time varying approach.  

 

Time-varying model 

A time varying approach assumes that the efficiency level of the organizations changes over 

time. The time-varying model estimates an additional parameter, namely the residual will be 

decomposed into an inefficiency component, an industry-wide component and the random 

error component. There are several methods to estimate the industry-wide parameter (Lee & 

Smidt 1993, Kumbhakar 1990 and Battese & Coelli 1988). The time-varying model is the 

most complicated SFA model. This model will not be discussed in detail here, since this 

model will not be applied in this study. This study uses data with time-series of ‘only’ three 

years and it goes beyond the limits of this study to develop a time-varying SFA model with a 



The usefulness of the efficiency measures for contracting health care organizations 

29  
 

binary output measure on individual level.  

 

The question that arises after discussing the four efficiency measurement methodologies in 

the above sections is which methodology the health care insurer should use for efficiency 

assessment. There is no consensus on the ‘best method’ for measuring the efficiency of 

(health care) organizations. Comparison of different techniques can provide useful insight into 

the relative merits of the assumptions underlying the different techniques. The next section 

describes the method for comparison of the four efficiency assessment techniques in this 

study and presents the comparative efficiency analysis of this study.  
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Section 3: Comparative efficiency analysis 
A comparative efficiency analysis is a useful method to examine the relative merits of several 

techniques in order to narrow the uncertainty about the extent to which the assumptions 

underlying those techniques biases the results (Chirikos & Sear 2000). This study uses a 

comparative efficiency analysis to determine the role of the assumptions underlying each 

methodology. The comparative analysis in this study focuses on the main assumptions 

underlying the four techniques and compares the results of the different techniques as follows. 

Section 3.2 will make a comparison of the results from the nonparametric techniques, the 

CER and DEA. This section examines the role of the weights in deriving the efficiency 

measures. Both techniques share the assumption about stochastic. Section 3.4 compares the 

results from the parametric techniques, the COLS and SFA. This section examines the role of 

stochastic. Section 3.5 compares and discusses the results from DEA and SFA. This section 

focuses on a comparison of the two frequently used efficiency assessment techniques. The 

role of the weights, stochastic and the function and functional form will be examined here. 

Section 3.1 and 3.3 provides the specification of the model for each efficiency assessment 

technique. It goes beyond the limits of this master thesis to review every model that could be 

applied to examine the efficiency of PCOs. The sensitivity analysis in this study is therefore 

restricted to a comparison of the efficiency measurement techniques by four models, a model 

for each efficiency assessment technique. Those models are selected that are parsimonious 

and (as most as possible) similar to each other. The sensitivity of the results to the 

specification of the conceptual model will be examined in the discussion of this study. For the 

analysis of this study, the software packages STATA and Efficiency Measurement System 

(EMS) are used. EMS is a specific software package for DEA used to derive the weights 

chosen by DEA. 

 

Comparison of several different techniques can be quite difficult when there is no consensus 

or guidance. It is unlikely that the different techniques applied in this study yields consensus, 

so that the efficiency measures are not sensitive to the choice of technique. Bauer et al 1998 

argue that the following set of conditions should be met when efficiency measures will be 

used for explanatory or predictive purposes. “The efficiency estimates should be consistent in 

their efficiency levels (comparable means, standard deviations, and other distributions), 

consistent in their ranking, consistent in their identification of the best and worst performers 

and consistent over time” (Bauer et al 1998). The efficiency measures are useful for 

contracting purposes if these consistency conditions are satisfied. The use of efficiency 

measures for contracting health care organizations can have a large (financial) impact on the 

practice of health care organizations. Therefore, the health care insurer should make such 

contracting decisions only when the efficiency measures reflect the actual difference in 
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efficiency level across organizations rather than the analytical choices made in deriving those 

efficiency measures.  
 

§ 3.1 Model specification nonparametric techniques 
The first question that arises is how the efficiency of PCOs can be assessed by a CER and 

DEA. The CER and DEA are techniques that rely on an index approach, which is a simple 

ratio of output(s) to input(s). The CER and DEA examine the efficiency of organizations on 

organizational level. This has the following consequences for the specification of the 

variables in the conceptual model.  

 

First, the output measures in this study are rates on organizational level. The score on the 

output (O_EFF) in Table 2 needs to be adjusted for case-mix differences across the PCOs in 

order to be able to compare the efficiency level of the PCOs. This leads to defining the output 

(O_EFF) as a case-mix indicator index, which is the ratio of the actual indicator score – as in 

Table 2 – to the expected indicator score on basis of the case-mix of the PCO. The expected 

indicator score is derived by first estimation of a regression for each quality indicator 

(dependent variable) separately with the case-mix variables (independent variables) on 

individual level. Then, the individual expected indicator scores are aggregated to 

organizational level that leads to the expected indicator score for each PCO. A score of ‘1’ on 

the case-mix indicator index means that the PCO performs as expected on basis of their case-

mix, a score of ‘<1’ denotes that the PCO performs worse than expected and a score of ‘>1’ 

stands for a better performance than expected. In order to express all the output measures in 

the same unit of measurement are the outputs (O_EFFEC) and (O_EP) also expressed as 

indices, whereby the nominator is the actual indicator score on organizational level and the 

denominator the average indicator score in the sample (Table 2). A score of ‘1’ denotes an 

average performer, a score of ‘<1’ stands for a more worse than average performer and a score 

of ‘>1’ denotes a better than average performer. The input measures are defined as the 

‘average weighted number of activities per patient per year’ as presented in Table 2.  

 

Second, although the data of this study consists of panel data, cross-sectional data are used for 

specification of the nonparametric models instead. Year-specific models are estimated since 

the use of panel data in an index approach requires deflating the inputs and outputs over years 

to a base year (Coelli et al 2005). There is no appropriate deflator available, such as the 

national growth of the quality of care or other changed circumstances in the operational 

environment of PCOs. This leads to estimation of cross-sectional models. 
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Third, the CER requires a priori specification of the weights. The CER here attaches a weight 

of ‘1’ to the all inputs and outputs. This is the simplest imaginable CER, since the researcher 

makes no judgment about the preferred input-output mix. The reason behind this is that 

comparison of the results from the CER and the results from DEA indicates the largest 

imaginable differences between no judgment about a preferred input-output mix and the 

preferred input-output mix that suits best regarding the observed data. The CER results will 

converge to the DEA results if the a priori chosen weights come closer to the weights applied 

by DEA.  

 

Fourth, several DEA models could be applied to analyze organizational efficiency levels. This 

study applies only one of all the DEA models. This study examines a CRTS DEA model with 

an output-orientation. From the regulatory perspective, it is preferred to examine a CRTS 

model (Jacobs et al 2006). Moreover, a CRTS model is most similar to the parametric models 

applied in this study that are linear in the parameters. The output orientation is used frequently 

for estimation of production functions (Coelli et al 2005).  

 

Fifth, some PCOs have a zero value for some inputs in the data of this study (Table 2). DEA 

does not accept zero input values in the data. The zero input values in the data therefore are 

changed into a value of 0.01 in order to be able to estimate a DEA model. Notice that the 

PCOs with the zero input values or the two input variables could be excluded. This option is 

not chosen, because that would mean a (large) loss of information due to exclusion of some 

PCOs in the sample and exclusion of two relevant inputs may yield misleading results, 

whereby the PCOs are benefited that consumes more units of those two inputs than another 

PCO, such as PCO 5. Appendix 4 reports the descriptive statistics of the data for the 

nonparametric techniques.  

 

§ 3.2 Results nonparametric techniques: the CER and DEA 
Table 4 reports the results of CER and DEA. The columns show the efficiency measure and 

their corresponding rank of the PCOs. The last two columns in Table 4 represent the weights 

that DEA has used to obtain the efficiency measures. Respectively those weights correspond 

to the inputs (AC_GP), (AC_GPA) and (AC_GPO) and to the outputs (O_EFF), (O_EFFEC) 

and (O_EP). An assumption made in the derivation of the cross-sectional efficiency scores is 

to not adjust the output measure for changes over years, such as changes in the circumstances 

across the PCOs. A panel of three years is likely to be short for major shifts in the operational 

environment of PCOs (Parking & Hollingsworth 1997), however still there may be temporal 

changes. This leads to careful drawing conclusions on cross-sectional results over time.  
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Table 4: results from the CER and DEA 

 DMU CER DEA Input weights Output weights 
TECER  rank TEDEA rank v1 v2 v3 u1 u2 u3 

year 
2007 

1 0.045 2 1.000 1 0,01 0,08 0,00 0,00 0,00 0,81 
2 0.042 3 1.000 1 0,00 100,00Θ 69,09Θ 0,00 0,00 1,00 
3 0.031 8 1.000 1 0,00 100,00Θ 0,00 0,94 0,00 0,00 
4 0.053 1 1.000 1 0,02 0,00 0,10Θ 0,00 0,00 0,67 
5 0.032 7 0.983 6 0,02 0,00 0,00 1,03 0,00 0,00 
6 0.038 4 1.000 1 0,01 0,03 0,03 0,96 0,00 0,00 
7 0.028 9 0.677 9 0,01 0,02 0,00 0,00 0,89 0,00 
8 0.036 5 0.870 7 0,01 0,00 29,26Θ 0,00 0,97 0,00 

 9 0.033 6 0.762 8 0,01 0,03 0,00 0,00 0,93 0,00 
 mean 0.038 -  0.921       - - - - - - - 
 1 0.021 9 0.424 9 0,01 0,00 0,00 0,00 0,00 1,02 

year 
2008 

2 0.044 3 1.000 1 0,00 2,44 0,00 0,00 0,00 0,84 
3 0.030 7 1.000 1 0,01 0,07 45,52Θ 0,26 0,49 0,25 
4 0.029 8 1.000 1 0,00 0,11 72,36Θ 0,87 0,00 0,00 
5 0.037 5 0.706 7 0,02 0,00 0,00 0,00 0,98 0,00 
6 0.043 4 0.912 6 0,02 0,00 0,00 0,00 0,00 0,86 
7 0.036 6 0.659 8 0,01 0,00 0,00 0,00 0,00 0,93 
8 0.058 2 1.000 1 0,01 0,00 52,17Θ 0,93 0,00 0,00 
9 0.062 1 1.000 1 0,00 1,98 7,01Θ 0,00 0,99 0,00 

mean 0.040 -  0.856       - - - - - - - 

year 
2009 

1 0.031 8 0.999 7 0,00 0,17 0,32 0,00 1,01 0,00 
2 0.042 2 1.000 1 0,00 2,04 0,00 0,00 0,00 0,83 
3 0.036 5 0.871 8 0,01 0,01 0,00 0,91 0,00 0,00 
4 0.042 2 1.000 1 0,00 0,00 100,00Θ 0,87 0,08 0,00 
5 0.036 5 1.000 1 0,01 0,00 0,09 0,00 0,17 0,78 
6 0.036 5 1.000 1 0,01 0,00 0,13 0,00 0,00 0,88 
7 0.030 9 0.808 9 0,01 0,02 0,14 0,00 0,00 0,93 
8 0.047 1 1.000 1 0,02 0,00 0,00 0,00 0,53 0,37 
9 0.041 4 1.000 1 0,01 0,05 0,03 0,00 0,95 0,00 

mean 0.038 -  0.964       - - - - - - - 
† standard deviation in parentheses.  
Θ The corresponding observation has a zero value (Table 2).  

Note: There are no slacks present for the PCOs judged efficient by DEA. 

 

The CER and DEA results presented in Table 4 will be analyzed by considering the questions: 

what is the sensitivity of the results to the assumptions underlying those techniques and what 

is/are the reason(s) for this? The CER and DEA results will be compared by using their 

ranking. This is because the CERs are organizational specific indices whereas the efficiency 

measures by DEA are relative efficiency scores. If the results of the CER and DEA differ 

considerably, then it is expected that these differences primarily are affected due to the 

assumption about the weights.  
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Jacobs et al 2006 describes sorting the organizations into three groups when the researcher 

compares efficiency scores from different techniques (Jacobs et al 2006). The first group 

consists of organizations where the efficiency score is sensitive to the choice of technique. It 

is inadvisable to draw conclusions about the relative efficiency of those organizations (Jacobs 

et al 2006). Most of the PCOs in Table 4 would belong to this group, namely all PCOs over 

all the years except for PCO 4 and PCO 7 in 2007, PCO 1 and PCO 9 in 2008 and PCO 7 and 

PCO 8 in 2009. In the second group are organizations consisted that appearing to be efficient 

irrespective of the technique adopted or the model specified (Jacobs et al 2006). Those 

organizations seem to be efficient, however further analysis can be informative to identify 

which organization is indeed the ‘best practice’. Identification of the organizations within this 

group requires attention, since the ranking can be very sensitive to specification of the model. 

According Table 4, PCO 4 in 2007, PCO 9 in 2008 and PCO 8 in 2009 would belong to this 

second group. The third group of organizations consists of organizations that appear to be 

inefficient whichever technique is applied (Jacobs et al 2006). Those organizations seem to be 

inefficient, and require further analysis to ascertain the reasons for their relative worse 

performance. In Table 4, only PCO 7 in 2007 and 2009 and PCO 1 in 2008 is the worst 

performer in both applications of CER and DEA. However, PCO 1 is efficient (or the second 

best performer by CER) in 2007. For PCO 4 in 2008, the extreme difference occurs in which 

a technique assigns a PCO efficient while the other technique judges the same PCO (one of 

the most) inefficient. To conclude, not all the consistency conditions by Bauer et al are 

satisfied. There are some similarities in the ranking of PCOs by CER and DEA, but there is 

no consistency in the ranking over time. The Spearman rank correlation coefficient show how 

close the rankings of PCOs are between two methods. The Spearman rank correlation 

coefficient for the results between the CER and DEA are rs = 0.6390 for results in 2007, rs = 

0.475 for results in 2008 and rs = 0.749 for results in 2009. Those correlation coefficients 

determine a weak correlation between the results from the CER and DEA in 2007 and 2008 

whereas the two techniques yield in 2009 more consistent results. The data used in the 

analysis can be the reason for the large differences in the correlation coefficient across the 

years. Those correlation coefficients do not only show that the choice of technique is 

important, but that the data used for the analysis is just as, if not even more, important to 

derive the efficiency measures.  

 

The following point can be made regarding the appropriateness of the weights used in the 

analysis to derive the results in Table 4. Variation in the inputs and outputs (Table 2) indicates 

that some of the PCOs are inefficient, but some of the variation might also be due to the 

operational environment of the PCOs. If one health care provider is more efficient in attaining 

a health effect than another health care provider, then is it not appropriate to attach the same 
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weight to all the inputs in this study. The same accounts for the outputs, if it is easier to attain 

a higher score on of the indicators, then the outputs should weighted differently. The weights 

DEA has used presented in Table 4 largely differ that suggest that it may not be appropriate to 

attach the same weight to all the inputs and outputs according to the observed data. Moreover, 

more PCOs are assigned efficient by DEA (Table 4) that also might indicate that some PCOs 

have another input-output mix, because DEA compares only those organizations that are 

comparable to their input-output mix. It is the question if the PCOs can adopt the input-output 

mix of any PCO in the sample. As long as this is unclear, one should be aware that the 

assumption underlying the CER might be too restrictive within the context of the analysis. 

Moreover, one can also have doubts whether the flexible weights by DEA represent the actual 

relative value of the multiple inputs and outputs (Table 4). DEA has attached many zero 

weights implying that DEA has judged a PCO efficient, because it performs well on one 

particular output and input mix, while the other inputs and outputs are ignored. Notice that 

observations with a zero input value has received a (extremely) high weight, such as a value 

of 100. The change of the zero inputs into a value of 0.01 has influenced the results, but it is a 

problem stemming from the data used when assessing the efficiency of PCOs by DEA.  

 

Some other points that can be made regarding the sensitivity of the CER and DEA results in 

Table 4. The ranking of the CERs and the efficiency measures of DEA are sensitive to the 

presence of other PCOs in the sample. A difference of 0.003 in the CER determines if a PCO 

is ranked 2nd or 3rd (PCO 1 and PCO 2 in 2007). A difference of 0.001 in the efficiency 

measure of PCO 1 and PCO2 in 2009 by DEA determines if the PCO is ranked 7th or 1st. 

Exclusion of one of the PCOs yields different efficiency measures and ranks. In addition, 

there are relative many efficient PCOs assigned by DEA, respectively 5 PCOs (54%), 5 PCOs 

(54%) and 6 PCOs (67%) of the 9 PCOs in the sample are efficient. This is one of the 

drawbacks of using DEA for efficiency assessment when the sample size is small. The larger 

the fraction of the PCOs assigned efficient, the less discriminative power the analysis will 

have with the consequence that the efficiency assessment might be less informative. The 

usefulness of the results from DEA therefore may depend on the sample size and the 

comparability of the PCOs in the sample. Moreover, it is unclear whether the observed 

differences across the PCOs are significant. Confidence intervals can help to determine the 

significance of the observed differences in the efficiency measures, but confidence intervals 

are not applied in this study. This leads to careful drawing conclusions on the observed 

differences across the PCOs.  

 

There are two other sources of bias into both the CER results and the DEA results in this 

study relating to other assumptions underlying those techniques than the assumption about the 
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weights. First, both techniques assume constant returns to scale. Misspecification of this 

assumption is most serious when the input variables have a low correlation (Smith 1997) and 

therefore may be expected that the returns to scale assumption largely have influenced the 

obtained results in Table 4 (Table 5). The derived results by CER and DEA can be biased by 

the scale efficiency of PCOs.  

 

Table 5: correlation input measures 

 AC_GP AC_GPA AC_GPO 
AC_GP 1.000   
AC_GPA 0.000 1.000  
AC_GPO 0.330 -0.145 1.000 
 

Another source of bias is into the results of the CER and DEA relates to the assumption about 

stochastic. In this study, and in general in efficiency assessment in the health care sector 

(Jacobs et al 2006; Coelli et al 2005), is it unlikely that all the relevant factors are observed 

and measured without error. Measurement error into one of the variables can have a large 

impact into the results, because the results are very sensitive to the efficiency score of the 

other PCOs in the sample. The role of stochastic into the results needs to be examined in 

order to establish whether the assumption underlying deterministic technique is appropriate 

within the context of the analysis. 

 

Conclusion 

The results in this section show that not all consistency conditions of Bauer et al are satisfied. 

This leads to concluding that the health care insurer should be cautious with using the 

obtained results from the CER and DEA for contracting health care organizations, because the 

results of the CER and DEA are sensitive to the assumptions underlying the technique and the 

data used to analyze the efficiency of PCOs. The ranking is used to judge whether a PCO is 

efficient. However, it is questionable if the observed differences in this section are significant. 

The results are very sensitive to the presence of other PCOs and the difference across some of 

the PCOs is (very) small. Measurement error into one of the variables in this study can 

therefore have a large impact on the relative efficiency of those PCOs. The next section will 

focus on the assumption about stochastic, in order to determine in what extent the results in 

this section are biased.   

 

§ 3.3 Model specification parametric techniques 
This section describes the specification of the parametric models used in this study. Here, the 

parametric models will be estimated on individual panel data. The advantage of parametric 

techniques above nonparametric techniques is that panel data can be used more easily, 
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because parametric techniques do not rely on an index approach where it is necessary to 

deflate the variables to a base year. The two parametric techniques in this study both use panel 

data. The panel in this study is unbalanced; not every individual has an observation for each 

year. According to the definition in literature, one should not label a COLS or SFA model as a 

COLS or SFA model when it is applied to individual data, despite the fact that the model may 

have the same properties. To be analogous to the definitions in literature, this study will refer 

to the COLS model by a deterministic parametric technique and the SFA model by a 

stochastic parametric technique. 

 

In this study, estimation the efficiency of PCOs on individual level data leads to a binary 

output measure. To the best of my knowledge is such an output measure never been used 

before in an efficiency assessment. The deterministic parametric approach for efficiency 

assessment in this study uses a logistic regression. This leads to estimation of a logistic 

production function whereby the variables are defined into their natural units of measurement. 

The assumed functional form F(.) is the logistic cumulative distribution function. Hence, this 

leads to a deterministic parametric model formulated as:  

 

yit
* = α + βmxmit + βSit + εit   i = 1, 2,…,n (individual)               (7.0) 

      t = 1, 2,…,T 

      m = 1, 2,…,M 

         yi
* = 1  if yi ≥ 1    (the nominator of the quality indicator is ‘yes’) 

         yi
* = 0  if yi = 0    (the nominator of the quality indicator is ‘no’) 

 

The yi* denotes the score on the quality indicator; x is the mth input of M inputs defined as 

‘the weighted number of activities’ per individual in the data; the case mix variables denoted 

by S are regressed against the output variable. The ‘i’ denotes the ith unique individual in a 

specific year of n unique individuals in a specific year. The deterministic parametric model 

uses the residual εit to extract the efficiency score. The residual for each individual is 

aggregated to the organizational level whereby the average residual per PCO is used to derive 

the efficiency of that PCO. This method is comparable to the ‘standard’ COLS approach, 

since the residual in equation (7.0) is used to extract the organizational efficiency. The PCO 

with the highest average residual serves as frontier and all the other PCOs are compared to 

this frontier. The limitation of the parametric model used in this study requires specifying a 

single output, yi, instead of multiple outputs as defined in the conceptual model of this study. 

Therefore, both parametric models estimate the efficiency of PCO for each quality indicator 

separately. Then, the average score on the separate indicators within each output is the 

efficiency score on this output. The efficiency of a PCO is the average score of the three 
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outputs.  

 

The stochastic parametric model estimates the efficiency of PCOs by a dummy variable 

logistic regression. The stochastic parametric model in this study takes the form: 

 

yit
* = α + βmxmit + βSit + βIDI + νit  m = 1,2,…,M                 (8.0)  

i = 1,2,…,n  (individual) 

I = 1,2,…,N  (organization) 

      t = 1,2,…,T 

 

, where just as in equation (7.0) the yit
* denotes the score on the quality indicator; the x the 

input variables and the S the case-mix variables. The D stands for the dummies for all, except 

one, PCO. The νit is the random error component. The intercept α is the constant of the 

remaining PCO (not included with dummies). The intercept, α, and the β-coefficients of the 

organization-dummies are used to derive the organizational specific constant: αI = α + βI is the 

constant for the Ith PCO of N PCOs in the sample. The inefficiency of a PCO is obtained by,  

υI = max(αI) - αI and then the efficiency score is:  

 

TEI,SFA = (max(αI) – υI) / max(αI)   ,with 0 < TEI, SFA ≤ 1.  

 

An approach, comparable to the FE SFA approach (Section 2.2.3), is used for the efficiency 

assessment in this study, since this approach does not require specification of distributional 

assumptions nor assuming that the inefficiency component is uncorrelated with the input 

variables. The drawback of the use of this approach is that it requires existence of sufficient 

variation in the explanatory variables in the data for some individuals or over time. The 

variables that do not vary across individuals and over time are automatically omitted from the 

estimation procedure. In this study, the observations with zero-input values are omitted from 

the estimation, because for all the individuals within this PCO the explanatory variable does 

not vary. In that case, the estimation is based solely on the remaining input variables. With a 

approach comparable to SFA FE, there may also not be a perfect linear relationships with the 

explanatory variables. In this study a perfect linear relationship occurs when a PCO produces 

an indicator score of ‘100’. This PCO in that case is omitted from the analysis. The 

assumption made here is that the PCO is efficient on the indicators where it produces a score 

of ‘100’, thus the PCO has received an efficiency score of ‘1’. PCO 4 has benefited most of 

this assumption, since PCO 4 produces relative to the other PCOs more times an indicator-

score of ‘100’ (Appendix 5).  

 



The usefulness of the efficiency measures for contracting health care organizations 

39  
 

Table 6 reports the estimated parameters that are used to derive the efficiency of the PCOs. 

Most of the parameters are not significant and the coefficient of the constant is large 

compared to the other coefficients, which may indicate the presence of unobservable factors 

into the estimated parameter(s). The advantage of parametric techniques is that statistical tests 

can be used to improve the model specification, however, this study assesses the efficiency of 

PCOs by using the model as specified in Section 1. The coefficients presented in Table 6 are 

used to derive the efficiency score of the PCOs. 

 
 

§ 3.4 Results parametric techniques 
This section focuses on sensitivity of the results to the assumptions underlying the parametric 

techniques, which are the assumption about stochastic and the assumption about the function 

and functional form. The two parametric models used here have not been applied before and 

therefore the model specification of the parametric techniques needs to be discussed in order 

to examine the validity of the obtained efficiency measures. Table 7 presents the efficiency 

measures by the deterministic parametric technique and the stochastic deterministic 
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technique. The column ‘mean TE’ represents the average efficiency score on the three 

outputs. The ranking is based on this ‘mean TE’.  

 

Table 7: efficiency scores derived from two parametric techniques 

PCO 
Deterministic parametric model Stochastic parametric model 

mean TE rank mean TE rank 
1 0.547 8 0.810 8 
2 0.614 6 0.799 9 
3 0.642 5 0.909 4 
4 0.692 2 0.938 1 
5 0.652 4 0.926 2 
6 0.728 1 0.906 4 
7 0.448 9 0.836 7 
8 0.609 7 0.886 6 
9 0.675 3 0.922 3 
mean 0.623 - 0.881 - 
std.dev 0.084 - 0.053 - 
 

In Table 7, the efficiency measures and the rankings of the two parametric techniques differ 

considerably, although the differences are not such extreme as with the CER and DEA, 

whereby one technique assigns a PCO efficient and the other technique judge this PCO 

inefficient. PCO 4 seems to be again a good performer, it is assigned efficient by the 

stochastic parametric technique and second best by the deterministic parametric technique. 

The Spearman correlation coefficient for the results in Table 7 is rs = 0.7364, which indicates 

a (quite) strong correlation. However, it still does matter which techniques is used to assess 

the efficiency of PCOs, since both techniques judge a different PCO as the best and worst 

performer.    

 

One of the reasons for the differences in the results in Table 7 is the assumption about 

stochastic. Consistent with theory, the stochastic parametric technique yields higher efficiency 

scores than the deterministic parametric technique. The efficiency estimates in Table 7 

suggest that the efficiency measures by deterministic technique are a mixture of inefficiency, 

measurement error and unobservable individual characteristics. This leads to the conclusion 

that stochastic techniques may yield more appropriate efficiency measures within the context 

of this study than the three deterministic techniques applied in this study. The question is 

whether the efficiency measures of the stochastic parametric technique are appropriate.  

 

The following points can be made regarding the sensitivity of the results in Table 7. First, one 

may question whether the approach used here is an appropriate method within the context of 

this study. An approach comparable to the FE model can have two limitations, one related to 
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all panel data applications and the other particular to efficiency assessment application 

(Jacobs et al 2006). First, the appeal to use an approach comparable to the FE approach 

reduces if there is insufficient variation within the PCOs in the explanatory variables over 

time. In this study, there is lack of within variation in the explanatory variables for some of 

the individuals. Lack of variation in the data can make it difficult to determine the relative 

efficiency of PCOs and to obtain appropriate efficiency measures. Jacobs et al 2006 proposed 

that the lack of within variation might indicate that the organizations are at a similar level of 

efficiency (Jacobs et al 2006). The stochastic parametric model yield high efficiency 

measures, on average 0.881, and there is no large variation in the efficiency measures across 

the PCOs. Based on the results in Table 7, no secure conclusions can be drawn whether a 

PCO is indeed more efficient than another PCO. 

 

An important limitation of the approach used here that needs attention is the fact that time-

invariant (unobservable) factors are captured into the organization-specific constant, which 

means that the model fails to distinguish between organizational inefficiency and time-

invariant unobservable heterogeneity (Jacobs et al 2006). The results in Table 7 underlie a 

strong assumption, namely that all the relevant data is observed and that the model is 

correctly specified so that the ‘effects’ arises solely from inefficiency. An unobserved 

organizational effect that might be captured into the results of this study can be the location of 

the PCO. It can be expected that the (average) health status of individuals vary across social-

economic areas and thus across the PCOs. This external factor can influence the output of 

PCOs in this study. This study does not take into account this external factor and therefore 

one can have doubts about the appropriateness of the results to reflect solely the inefficiency 

of PCOs rather than unobserved factors.  

 

Although the RE estimator can account for unobservable heterogeneity, it is not an alternative 

method for the method in this study, since it goes beyond the time limits of this master thesis 

to develop a stochastic parametric RE model with a binary output measure. The stochastic 

parametric RE model with a binary output measure is more complicated than the RE approach 

with continuous variables (already available in software package STATA) and the stochastic 

parametric model as used in this study. Development of a stochastic parametric RE model 

might provide useful insight for efficiency assessment from the perspective of the health care 

insurer when one is interested in the relationship between the quality of care and the 

corresponding inputs. 
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Conclusion 

The results in this section show that the consistency conditions by Bauer et al are not 

satisfied. The efficiency measures are sensitive to the assumptions underlying the parametric 

techniques. The stochastic technique may yield more appropriate efficiency measures than 

deterministic techniques due to presence of measurement error in the data. However, this 

comes at a price. The stochastic parametric technique is not an easy efficiency assessment 

technique to use for the health care insurer. The striking question is in what extent the 

stochastic parametric results deviate from those of a relative simple technique, such as DEA. 

In other words, does the use of a less easy efficiency assessment technique indeed leads to 

considerably different efficiency measures and ranking of the PCOs than those obtained by a 

relative simple technique?  

 

§ 3.5 Results of comparison DEA and the stochastic parametric model 
This section compares the results of DEA and the stochastic parametric model. To ascertain 

the reason(s) for the differences in the results from DEA and the stochastic parametric model, 

we compare the results to the results from a second stochastic parametric model. The second 

stochastic parametric model is similar to the stochastic parametric model defined by equation 

(8.0), but applies the weights of DEA presented in Table 4 to the inputs and outputs. Table 8 

reports the results from DEA and the two stochastic parametric models. The DEA scores in 

Table 8 are the average efficiency scores over the three cross-sectional efficiency scores in 

Table 4. The results from the second stochastic parametric model are presented in the last 

column in Table 8. 

 

Table 8: efficiency scores derived from DEA and the two stochastic parametric models 

PCO DEA Stochastic parametric (1)  Stochastic parametric (2)  
average TE rank average TE rank average TE rank 

1 0.808 8 0.810 8   0.204 7 
2 1.000 1 0.799 9   0.127 8 
3 0.957 4 0.909 4   0.632 1 
4 1.000 1 0.938 1   0.382 3 
5 0.896 7 0.926 2   0.324 5 
6 0.971 3 0.906 4   0.233 6 
7 0.715 9 0.836 7   0.120 9 
8 0.957 4 0.886 6   0.376 4 
9 0.921 6 0.922 3   0.579 2 

mean 0.914 - 0.883 -   0.33 - 
std dev 0.095 - 0.053 -   0.183 - 
 

This section will examine the sensitivity of the results to the choice of technique as follows. If 

the results from the second stochastic parametric model converge to the results from DEA 

then the role of stochastic and other properties of the parametric models are small, which 
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makes the assumption about stochastic, the assumption about the functional form and the 

function of less importance than the assumption about the weights. Whereas, if the results 

from the second parametric model converge to the result from stochastic parametric model 

then the role of the weights is small that makes the assumption about stochastic, the 

assumption about the functional form and function of greater importance than the assumption 

about the weights.  

 

The results from the second stochastic parametric model considerably differ from those of 

DEA and the stochastic parametric model. The Spearman rank correlation coefficient for the 

results from the two stochastic parametric models is rs = 0.6778 and for the results from DEA 

and the second stochastic parametric model is this correlation coefficient rs = 0.2689. The 

results from DEA and the stochastic parametric model (rs = 0.1646) are more weakly 

correlated than those from the two stochastic parametric models. Thus, there is more internal 

consistency within the stochastic parametric models than between DEA and the stochastic 

model. The second stochastic parametric model more converges to the stochastic parametric 

model than to DEA, although the correlation is weak for all results. This leads to concluding 

that the assumption about the weights is of minor importance than the assumptions underlying 

the parametric techniques.  

 

The primary reason for the difference between the results of DEA and stochastic parametric 

model relies on the assumption of stochastic and the assumption about the function and 

functional form. A part of the difference between DEA and stochastic parametric model is due 

to the presence of measurement error in the efficiency measures from DEA. Another part of 

the difference between the results from DEA and stochastic parametric model may be due to 

the imposed function and functional form of the stochastic parametric model in this study. 

The stochastic parametric model assumes that the relationship between the quality of care and 

the activities follows a smooth logistic relationship. DEA displays a frontier that fits the 

observed data and since the results from DEA and the stochastic model considerably differ, it 

can be concluded that the data might not seem to follow a smooth logistic relationship. 

Nevertheless, the efficiency measures from DEA are sensitive to the presence of other PCOs 

in the sample and to outliers in the data. This may perhaps have resulted in a (part of the) 

frontier being inappropriately shaped en positioned. No secure conclusion can be drawn 

whether the ‘true’ frontier of PCOs is shaped. The imposed function and functional form by 

the stochastic parametric model should approximate the ‘true’ frontier, which may not be an 

easy task. The assumption about the function and functional form may be (too) restrictive 

given the data of this study. This may have influenced the obtained results by the stochastic 

parametric model.  
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Conclusion 

Efficiency assessment from the perspective of the health care insurer is about finding a 

balance between using a simple methodology and deriving more appropriate efficiency 

measures. Stochastic parametric techniques seem to be a more appropriate efficiency 

assessment technique within the context of the analysis. However, the analysis in this study is 

too restrictive to conclude that stochastic techniques truly yield efficiency measures 

approximating the relative efficiency of PCOs. There are doubts about the appropriateness of 

the stochastic parametric model and the accuracy of the efficiency measures. Moreover, no 

hard conclusion may be drawn whether the observed differences in the efficiency level of 

PCOs is significant. To conclude, the health care insurer should be cautious with drawing 

conclusions based on the results in this study for contracting health care organizations. The 

question that remains is what the usefulness of the efficiency assessment is, if the obtained 

efficiency measures are sensitive to the choice of technique.   
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Section 4: Decision-making for efficiency assessment from the 
perspective of the health care insurer 
From the regulatory perspective, measuring the efficiency of health care organizations lays a 

strong focus on the validity of the results, because the efficiency assessment will be used for 

explanatory or predictive purposes (Parking & Hollingsworth 1997; Newhouse 1994a; 

Newhouse 1994b). In the context of this study, it is not satisfactory to use results that are 

sensitive to the choice of technique for contracting health care organizations. The validity of 

the results is not the only criteria that should be satisfied before the health care insurer can use 

the efficiency measures for contracting organizations. The criteria that should be satisfied are 

practicality, parsimony, freedom from bias (validity), plausibility, acceptability and freedom 

from reverse incentives (Jacobs et al 2006). Thus, even more criteria than the validity criteria 

need to be satisfied. The extensiveness of those criteria shows the complexity of an efficiency 

assessment from the perspective of the health care insurer for contracting health care 

organizations. The question is whether the health care insurers should only use the efficiency 

measures for contracting health care organizations when all the criteria proposed by Jacobs et 

al 2006 are satisfied. What happens if the health care insurer uses the efficiency measures in 

this study for contracting health care organizations?  

 

Newhouse 1994a raises an important issue when efficiency measures derived by the 

efficiency assessment techniques discussed in this study are used for regulatory of contracting 

purposes (Newhouse 1994a). Newhouse argues that the use of imprecise efficiency measures 

for reimbursement or other financial aspects may lead to welfare losses in terms of making 

wrong judgments about the relative efficiency level of PCOs in the sense that the best 

performer is not contracted and in terms of creating reverse incentives for the health care 

organizations. Therefore, one should pay attention to the degree of misestimating of the 

analysis. The next section will discuss the conceptual model of this study to point out the 

degree of misestimating in this study. For here, an efficiency analysis from the perspective of 

the health care insurer may always have some kind of misestimating, since the data used for 

the analysis is incomplete. The purpose of an efficiency analysis is to make a judgment about 

the relative efficiency level of an organization. Hereby the health care insurer uses their 

administrative data, which is data from outside the organization, and in the ‘optimal’ situation, 

the health care insurer may also use data from health care organizations. However, the health 

care organization will always have more relevant data about their production process than the 

health care insurer. This may lead to patient selection or the health care organization may only 

focus on those aspects incorporated into the analysis. This study does not incorporate all 

quality indicators and therefore there may be incentives for the PCO to focus solely on the 

indicators incorporated into the analysis (Appendix 1). The health care insurer can reduce this 



The usefulness of the efficiency measures for contracting health care organizations 

46  
 

incentive by improving the dataset of this study so that a coherent model can be specified. It 

is unclear in what extent the PCOs can select patients in practice. Therefore, the health care 

insurer should be aware of the reverse incentives that an efficiency analysis might create.  

 

The extent to which a welfare loss will truly occur depends on the behavior of the health care 

insurer to differentiate across the PCOs. Misestimating of the analysis will only lead to 

welfare losses when efficiency measures do not reflect the actual relative efficiency level of 

health care organizations. In that case, the health care insurer would make the wrong decision 

about which PCO performs better than another PCO. As long as the misestimating of the 

analysis does not affect the relative efficiency level, then misestimating in the analysis will 

not lead to wrong decision-making from the perspective of the health care insurer. The results 

in this study indicate that there are good and worse performers among the PCOs. PCO 4 

seems to be a good performer, since this PCOs is judged (one of) the best performer in most 

of the cases. However, based on the results in this study cannot be concluded whether this 

PCO is truly significant better than the other PCOs. This should need further investigation. 

 

With the status quo, it is inadvisable to make a real differentiation across PCOs based on the 

efficiency measures in this study. This study could not identify the ‘best performer’ with 

certainty. Therefore, the health care insurer should use an efficiency analysis not to 

differentiate among PCOs, but if the health care insurer wants to perform an efficiency 

assessment, then the efficiency assessment should be used in conjunction with other 

instruments to contract health care organizations. To conclude, the health care insurer has to 

trade-off the possibility of occurrence of reverse incentives with the corresponding 

consequences and the ability to get more insight into the relative efficiency level of 

organizations. This may lead to contracting those health care organizations that are a relative 

better performer.  
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Discussion 
In the current situation, the health care insurer should rely on incomplete information for 

contracting health care organizations, because the efficiency techniques cannot provide 

accurate estimates of the organizational efficiency. One of the reasons is the validity issues 

discussed earlier. Another reason is the difficulty of specifying a model that captures the 

multidimensionality and heterogeneity of the production process of PCOs. This section points 

out the strengths and weaknesses of this study related to the data and the specification of the 

conceptual model. 

 

In this study, two broad uncertainties are present, namely data uncertainty and model 

uncertainty. Data uncertainty relates to the limits of the data used in this study. This study has 

appended data registered by health care insurers and health care organizations in order to 

perform an efficiency analysis. The dataset from the health care organizations is a selective 

dataset of the dataset from the health care insurers. This imposes limitations to the usefulness 

of the efficiency measures, because the efficiency measures on the output (O_EFFEC) are an 

underestimation of the actual efficiency level of PCOs. The health care insurer should be 

aware of the underestimation of the scores in this study if the efficiency measures will be used 

to set a baseline for contracting health care organizations. Second, there is uncertainty about 

the identification of the actual patient population, which may have introduced measurement 

error in the analysis. As long as health care insurers do not register the diagnosis and the 

health care organizations where the individual receives the health care services, then indirect 

identification of the chronic patient population is unavoidable. Another limitation related to 

the data is that not all quality indicators are incorporated into the analysis, because it is not 

feasible to specify them all with the available data. This restriction may lead to misestimating 

of the organizational efficiency of PCOs in delivering health care services to chronic patients. 

An improvement of the quality of the dataset can reduce the degree of misestimating of the 

organizational efficiency levels.    

 

The second uncertainty introduced in this study relates to the specification of the model. The 

first problem that arises with efficiency assessment in the health care sector is the 

specification of the ‘product’ and the quality of the ‘product’. The output measures used here 

are measures of the quality of care to proxy the health effects produced by the PCOs. This is 

an improvement over other efficiency studies that rely on specification of intermediate 

outcomes as the output measure of health care organizations. However, also the output 

measure in this study is not complete. The actual ‘product’ of (primary) health care 

organizations is the health gains in terms of health gains and in terms of responsiveness. The 

difficulty of efficiency assessment is in first place the specification of the actual ‘product’, 
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followed by adjusting this ‘product’ for quality differences, which is the quality of care. The 

quality of care can be measured by quality indicators, which are used in this study as the 

output measure of PCOs. Adjusting the ‘product’ for quality differences requires 

determination of the level of quality one is willing to pay, in other words, what quality level 

would be an efficient organization? With the status quo, it is not feasible to define the actual 

‘product’ of health care organizations and to adjust this ‘product’ for quality differences. One 

should be aware that the output measure in this study is still a proxy of the actual ‘product’ of 

PCOs and the influence of other external influences than case mix differences are ignored. 

Error can be introduced in the analysis of this study, because another output than the actual 

output of an organization is specified, which may lead to the presence of unobservable factors 

in the results of this study.   

 

Besides the misspecification in the output measures, there are doubts about the accuracy of 

the inputs measures in this study. This study specifies the input of the production process as 

the number of activities by a GP, GP assistant or GP in the off-hours instead of relying on the 

input measures capital, energy and material. Not incorporating inputs that are used in practice 

to deliver health care services and assuming that those inputs are (partially) substitutes of the 

input measure used here, introduces error in the results since those omitted consumed 

resources may appear in the inefficiency component. For example, a PCO that may have 

invested in capital and material that contribute to the quality of care (the output measure in 

this study) are benefited in this analysis upon those who did not invest in such capital and 

materials.  

 

An important limitation of this study is the restriction to examine a part of the entire 

production process of PCOs. Thereby is assumed that the production process of each PCO to 

deliver care to the chronic patient population is independent of the health care services to 

other patients. This is a strong assumption, since actions of other health care providers and 

other actions than those incorporated into the analysis are ignored. The PCOs in the sample of 

this study are part of a joint venture that might lead to (some) collaboration in the delivery of 

health care services in practice. For example, one can have doubts about the independence of 

the health care services by the GP in the off-hours. Ignorance of cooperation among the PCOs 

may have introduced an underestimation of the efficiency of PCOs or an overestimation of the 

efficiency of PCOs, depending on the extent of independence of the production process of 

each PCO that is unknown in this study.  

 

Based on this can be concluded that it is highly complex to specify a model that accurately 

reflect the production process of health care organizations, certainly from the data available to 
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health care insurers. The health care insurer may not have all the relevant information to 

define a coherent model. Care should be placed on the interpretation and the use of efficiency 

measures obtained by an efficiency assessment that relies on incomplete data and a 

misspecification of the model. When a health care insurer wants to use efficiency assessment 

for contracting health care organizations, then the health care insurer should be aware of the 

error that stems in the analysis and the consequences that the use of those efficiency measures 

may have. Yet, there is no guidance available about the conditions that a model should satisfy 

in order to establish an appropriate model. This can make efficiency assessment difficult and 

there might always be doubts about the appropriateness of the specification of the model in 

the study. 
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Conclusion 
The purpose of this study was to determine the usefulness of efficiency measures for 

contracting health care organizations. The analysis in this study showed that the health care 

insurer cannot be indifferent to the specification of the model and the choice of technique. 

The specification error in the model stems from the availability of data and the quality of the 

data. This data used in this study consists of valuable individual panel data, but there are 

doubts about the reliability of the data of this study. Although the quality of the data should be 

improved in order to be able to decrease the degree of misestimating, one should keep in mind 

that the health care insurer always has to rely on their administrative data or in the ‘optimal’ 

situation, their data appended to data from health care organizations as the dataset of this 

study. In such a dataset there is (always) data missing to define a coherent model of the 

organizational efficiency. It is even questionable whether from the perspective of the health 

care insurer a coherent model could be defined.  

 

The analysis in this study showed that each efficiency assessment technique yields different 

efficiency measures and in most cases a different ranking of the organizations. The choice of 

technique is an important aspect for deriving efficiency measures for contracting health care 

organizations. This study concludes that from the perspective of the health care insurer, it is 

about finding a balance between the appropriateness of the efficiency measures that will be 

obtained and the easiness of the technique. The use of a simple efficiency assessment 

technique c.q. too simple technique for deriving the efficiency of organizations with a 

complex production process lays a strong focus on the specification of the model. This can 

become a highly difficult task and certainly with the data available to health care insurers. The 

use of a less easy efficiency assessment technique, such as a stochastic parametric model may 

yield more appropriate efficiency measures than those obtained by deterministic efficiency 

assessment techniques, which are the Cost-Effectiveness Ratio, Data Envelopment Analysis 

and the technique comparable to Corrected Ordinary Least Squares. However, the researcher 

should be aware that the other assumptions underlying the stochastic parametric technique are 

appropriate assumptions in order to obtain truly more appropriate efficiency measures. The 

results of the stochastic parametric technique in this study needs to be interpreted cautiously, 

because this study applied a new approach of Stochastic Frontier Analysis, namely a 

Stochastic Frontier Analysis with a binary output measure and the use of data on individual 

level. No hard conclusions can be drawn whether the assumptions underlying the stochastic 

parametric technique are appropriate assumptions.  

 

To conclude, it is not satisfactory to use efficiency measures that are biased by the 

specification of the model and the assumptions underlying the techniques for contracting 
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health care organizations. The efficiency measures may reflect a mixture of the inefficiency 

level, measurement error and unobservable heterogeneity rather than solely the organizational 

efficiency. In this study, one primary health care organization, organization 4, seems to be a 

good performer, but the sensitivity analysis in this study has not been extensive enough to 

conclude whether this organizations is truly the ‘best practice’. This study concludes that if 

the health care insurer wants to use an efficiency analysis for contracting health care 

organizations with the current state-of-art, then the efficiency assessment should be used in 

conjunction with other instruments, because the efficiency measures cannot provide a 

coherent overview of the performance of organizations.  

 

This study is restricted to examine some of all the efficiency assessment techniques and 

models that in principle are suitable for efficiency assessment. Further research can make a 

valuable contribution, since many questions remain to answer. Topics for further research are: 

1. Investigation on a conceptual model that specifies the actual ‘product’ of health care 

organizations in terms of health gains and responsiveness. Relying on incomplete 

models for efficiency analysis imposes limitations on the usefulness of efficiency 

measures for contracting health care organizations, since the efficiency measures 

consist of specification error.  

2. Health care insurers have individual (panel) data of their insured and will not have a 

complete dataset to assess the efficiency of an organization. From this perspective, it 

is interesting to investigate, more in detail than is done in this study, the ‘standard’ 

Stochastic Frontier Analysis models with the use of individual (panel) data. In 

addition, incorporation the selection-effects in the models are also of interest in order 

to obtain reliable efficiency measures.  

3. Development of a Random Effects model to account for unobservable heterogeneity 

that is not related to differences in the organizational efficiency level (with the 

approach applied in this study, unobservable factors might be captured into the 

organization-specific constant, those constants are indeed, compared to the other 

coefficients, large). Moreover, it is interesting to develop such a Random Effects 

model for multiple binary dependent variables, because health care organizations 

have multiple outputs. Development of such a Random Effects model goes beyond 

the limits of this study.  

4. Development of confidence intervals for parametric efficiency assessment techniques. 

Confidence intervals are not incorporated into the ‘standard’ stochastic efficiency 

assessment techniques, but it can help to determine whether the observed differences 

in organizational efficiency levels are significant. Development of those confidence 

intervals goes beyond the limits of this study.   
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Appendix 1: Definition output measures  

Variables Description and definitions 
O_EFF The indicators within the category “Efficiency” focuses on an effective 

organization of the primary care. This may lead to reduction of outpatient care 
and hospitalization.   

    DM_1 Nominator: The number of patients with a DM-related outpatient visit per year.    
Denominator: The total DM population. 

    DM_2 Nominator: The number of patients with a DM-related hospitalization per year.  
Denominator: The total DM population. 

   COPD_1 Nominator: The number of patients with a COPD-related outpatient visit per 
year.  
Denominator: The total COPD population. 

   COPD_2 Nominator: The number of patients with a COPD-related hospitalization per 
year.  
Denominator: The total COPD population. 

   COPD_3 Nominator: The number of patients with a prescription ‘Prednison’.  
Denominator: The total COPD population.  
(The drug ‘Prednison’ can give an indication for outpatient care).  

    CVR_1 Nominator: The number of patients with a CVR-related first outpatient visit per 
year. 
Denominator: The total CVR population. 

    CVR_2 Nominator: The number of patients with a CVR-related first outpatient visit per 
year.  
Denominator: The total CVR population. 

O_EFFEC Disease-Management may have a positive effect on the health status of chronic 
patients. The registration of medical information is important for good disease-
management. The indicators within this category focuses on the process of 
disease-management (registration of medical information) and medical 
outcomes.   

   DM_3 Nominator: The number of diabetes patients that uses a statin.  
Denominator:  The total DM population. 
(Statin lowers the LDL level, a lipid in the blood, and may contribute to a better 
health status).  

   DM_4 Nominator: The number of DM patients where the HbA1C level is known.  
Denominator: The total DM population. 
(HbA1C level is the glucose level in the blood) 

   DM_5 Nominator: The number of DM patients with a HbA1C level below 8.  
Denominator: The total DM population. 

   DM_6 Nominator: The number of diabetes patients with a HbA1C level above 9.5.  
Denominator: The total DM population. 

   DM_7 Nominator: The number of DM patients where their lipid profile is known.  
Denominator: The total DM population. 

   DM_8 Nominator: The number of DM patients with a LDL below 2.5.  
Denominator: The total DM population whereby the LDL profile is known.  

   COPD_4 Nominator: The number of COPD patients participating in a ‘stop with 
smoking’- program. 
Denominator: The total COPD with a positive smoking status.  

   CVR_3 Nominator: The number of CVR patients that uses a statin  
Denominator: The total CVR population. 

O_EP The indicators within the category “Efficient Prescribing” focuses on the 
behavior of health care providers to prescribe generic drugs.  

   EP_1 Nominator: The number of generic prescriptions ‘proton inhibitors’  
Denominator: The total number of prescriptions ‘proton inhibitors’. 
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Appendix 2: Indicators not incorporated in the analysis 

The following quality indicators are not definable with the available data. 

 

Category ‘effectiveness’:  

1. The number of DM patients where the following medical information is known: the 

blood pressure, the kidney functioning, the BMI, the outcome of a foot and eye test, 

of the total DM population.  

2. The number of COPD patients where the following medical information is known: 

the GOLD classification, the daily activity pattern, the BMI, the lung functioning and 

the outcome of lung tests, of the total COPD population. 

3. The number of CVR patients where the following medical information is known: the 

blood pressure, the daily activity pattern, the BMI, the smoking status, the family 

history, the lipid level and risk factors, of the total CVR population.  

 

Category ‘efficient prescribing’: 

4. The number of prescriptions for DM population of the total drugs costs.  

5. The number of antibiotics prescriptions (exclusive chinolon, cefalosporin, 

amoxicillin) of the total antibiotics prescriptions.  

In the NHG-standards, those are protocols for PCOs for the health care service to chronic 

patients, are descriptions about the prescription of drugs for chronic patients available that 

are more detailed. However, some of the information in those guidelines is not defined 

yet as quality indicators for contracting health care providers (NHG-standard Diabetes 

Mellitus type 2; NHG standard COPD; NHG standard Cardiovascular Risk Management, 

available at: www.nhg.artsennet.nl). 

 

 

 

 

 

 

 

 

 

 

 

 



The usefulness of the efficiency measures for contracting health care organizations 

57  
 

Appendix 3: Selection procedure data 
The datasets used in this study are a selection of the original datasets of the health care 

insurers and health care organizations. Table 9 reports the selection procedure to derive the 

dataset X and dataset Y.  

 

Table 9: selection procedure of data records  

Dataset X 
 original duplicates group selection 

by drugs usage 
PCO 
selection 1 

PCO 
selection 2 

number of 
observations† 51,900 51,885 4,908 1,665 1,372 

 original duplicates group selection 
by PCG’s 

PCO 
selection 1 

PCO 
selection 2 

number of 
observations 51,900 51,885 2,026 590 581 

Dataset Y 
 original duplicates group selection 

by drugs usage 
PCO 
selection 1 

PCO 
selection 2 

number of 
observations 2209 362 284 284  265 

 original duplicates group selection 
by PCG’s 

PCO 
selection 1 

PCO 
selection 2 

number of 
observations 2209 362 152 152  152 

 † An observation in the datasets stands for a unique individual in a specific year.  

 The PCO is known for each individual. 

 

The first step in the selection is the exclusion of duplicates. A duplicate is an individual that 

appears more than one time in a specific year. The duplicates are excluded in dataset X. The 

reason for the many duplicates in dataset Y is that the PCOs delivered a dataset whereby the 

data records denotes each activity that is done for a unique individual instead of the data 

record denotes an unique individual in a specific year. In the analysis, only those data records 

are selected that are required for defining the variables (temporary exclusion of those 

duplicates if it is necessary to define this variable). The second step in the data selection is the 

identification of the chronic patient population. Identification of individuals by 

Pharmaceutical Cost Groups (PCGs) is more restrictive than with identification by disease-

specific drugs. Therefore, the drugs usage of some specific drugs is used to identify the 

chronic patient population. The third step is assigning individuals to a PCO. Individuals that 

have not received a health care service at one of the PCO in the sample are excluded. The last 

step in the selection is excluding individuals that could not be identified due to a missing 

value for the GP-code.  
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In the first column in Table 10 is the completeness of the data delivery of PCOs presented. 

Table 10 shows a (large) variation among the PCOs and dataset Y represents on average 

19.315% of the observations in dataset X. The question is whether the PCOs delivered a 

selective dataset. In last three columns in Table 10 is the prevalence reported of some 

characteristics of the individuals, namely the age (AGE), the PCGs and Diagnostic Cost 

Groups (DCG). The prevalence is a ratio whereby the nominator is the prevalence of the 

variable in dataset Y and the denominator is the prevalence of that variable in dataset X. In 

Table 10, a score of ‘100’ denotes that the PCO delivers the same population as in dataset X 

occurs. A score ‘<100’ represents that in dataset Y relative less observations of this variable 

appears than in dataset X. A score of ‘>100’ stands for a higher prevalence than in dataset X. 

Based on Table 10 can be concluded that all PCOs delivered a selective patient group 

whereby most PCOs delivered a older and sicker patient population than the population in 

dataset X. PCO 2 and PCO 4 delivered the most selective patient group.  

 

Table 10: Selection bias in Dataset Y  

PCO 
Observations Characteristics of the population 

(%) Age (%) PCG (%) DCG (%) 

1 35.593 123.653 124.868 70.238 
2 21.769 131.677 259.009 275.625 
3   7.071 118.659 145.588 0.000 
4 19.737 105.673 154.203 316.667 
5 10.256 118.512 192.188 162.500 
6 18.304 123.458 153.242 28.755 
7 26.316 95.918 152.000 126.667 
8 25.926 115.415 160.220 148.352 
9 22.477 108.991 132.927 121.336 

mean 19.315 115.190 161.811 129.528 
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Appendix 4: Descriptive statistics nonparametric techniques 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 Those input values have been changed, since DEA do not accept zero input values. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  Inputs Outputs 
 DMU AC_GP AC_GP AC_GPO O_EFF O_EFFEC O_EP 
 1 68.75  1.25 2.73 1.05 1.01 1.24 
 2 69.90  0.01    0.01  0.94 1.01 1.00 
 3 94.50 0.01  8.18 1.06 1.10 1.00 
year 2007 4 64.96  6.46   0.01  1.08 1.19 1.49 
 5 59.46  10.08 1.75 0.97 0.43 0.85 
 6 69.17  2.48 0.63 1.04 1.04 0.69 
 7 106.03  3.23 2.56 0.96 1.12 1.00 
 8 72.10  6.61   0.01  0.94 1.03 0.90 
 9 80.21  6.23 0.36 0.95 1.07 0.84 
 1 118.89  8.05 4.31 0.87 0.96 0.98 
 2 67.83  0.41 0.59 0.84 1.01 1.19 
 3 93.80  6.70   0.01  0.96 1.00 1.03 
year 2008 4 107.22  2.54   0.01  1.15 1.04 0.96 
 5 66.32  9.26 1.43 1.04 1.02 0.83 
 6 65.19  3.43 2.37 1.00 0.88 1.16 
 7 83.25  2.97 1.12 1.05 1.04 1.07 
 8 47.75  3.49   0.01  1.07 1.04 0.87 
 9 47.57  0.47   0.01  1.02 1.01 0.92 
 1 85.97  0.95 2.58 0.89 0.99 0.87 
 2 74.95  0.49 2.97 1.02 1.04 1.21 
 3 74.00  6.30 2.91 1.10 1.03 0.84 
year 2009 4 60.26  6.26   0.01  1.05 1.08 0.65 
 5 69.68 14.11 1.91 0.97 1.05 1.06 
 6 76.26   5.92 1.94 1.00 0.91 1.14 
 7 96.03   4.60 2.23 0.95 1.08 1.08 
 8 60.04   3.63 4.64 1.01 1.07 1.16 
 9 69.90   1.64 3.19 1.00 1.05 0.99 
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Appendix 5: Descriptive statistics outputs parametric techniques 

 
 

 The corresponding DMU is omitted from the regression, because there is no within variation. The 

assumption made here is that those DMUs are efficient (has received efficiency score on this indicator 

of 1).   

- Note: the inputs are the total weighted number of activities as defined in Table 2.  

 
 


