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Abstract

:

A data envelopment analysis was used to evaluate the efficiency of 18 primary healthcare centres in a health district of the Valencian Community, Spain. Factor analysis was used as a first step in order to identify the most explanatory variables to be incorporated in the models. Included as variable inputs were the ratios of general practitioners, nurses, and costs; as output variables, those included were consultations, emergencies, avoidable hospitalisations, and prescription efficiency; as exogenous variables, those included were the percentage of population over 65 and a multimorbidity index. Confidence intervals were calculated using bootstrapping to correct possible biases. Efficient organisations within the set were identified, although the results depend on the models used and the introduction of exogenous variables. Pharmaceutical expenditure showed the greatest slack and room for improvement in its management. Data envelopment analysis allows an evaluation of efficiency that is focussed on achieving better results and a proper distribution and use of healthcare resources, although it needs the desired goals of the healthcare managers to be clearly identified, as the perspective of the analysis influences the results, as does including variables that measure the achievements and outcomes of the healthcare services.
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1. Introduction


Health care is one of the pillars of the Welfare State, together with education, the pension system, and social services. Health expenditure in developed countries amounts on average to 8.8% of the Gross Domestic Product GDP [1]. Spain, at 6.4% (74,000 million Euros of public health expenditure in 2017, 1594 per capita) [2], is below the European average, although with an upward trend due to population ageing and the incorporation of better but more expensive technology.



The Spanish National Health System is structured into two health care levels, primary care and specialist care, in which there is an inverse relationship between accessibility and technological complexity. The main care facilities are the health care centres, staffed by multidisciplinary teams comprising general practitioners, paediatricians, nurses, and administrative staff. Since primary health care services are located within the community, they also deal with health promotion and disease prevention [3].



Within the healthcare services, primary health care (PHC) represents the entry point for the healthcare system, therefore its correct functioning determines that of specialised care and directly impacts on the health of the population [4,5].



Among the main objectives of the Spanish National Health System is the promotion of health in an environment of high health expenditure and its progressive increase [3], which makes it necessary to adopt containment measures so that the quality of health services is not impaired. Evaluation of the efficiency of PHC services is relevant, therefore, to detect the set of varied problems that affect its ability to offer high quality services to the population within the restraints of the healthcare expenditure. Furthermore, evaluation and analysis of this will allow for a better distribution and use of healthcare resources.



The recent pandemic caused by SARS-CoV-2 has revealed many of the weaknesses of healthcare systems, both European and worldwide, as well as the need to introduce changes in the organisations and give PHC the importance it deserves [6,7,8,9]. In some countries, the PHC network constitutes a pillar sustaining the containment measures [10].



Although alternative methods exist to measure the efficiency of service organisations, such as the parametric, one of the most widely used is data envelopment analysis (DEA), which is applicable to the case of healthcare services as it measures the production and efficiency of these organisational units, which use numerous resources to produce multiple results.



DEA was developed with the goal of evaluating performance in the public sector from the point of view of production efficiency, a sector in which there was neither a "market" to select the most efficient organisational units, nor a regulatory model that guaranteed greater efficiency [11,12]. Each unit evaluated (or Decision Making Unit (DMU)) uses multiple inputs to produce multiple outputs. DEA models seek to determine which of the “n” DMUs compared constitute the efficient frontier (or enveloping surface) from a Pareto-Koopmans perspective: a DMU is on the efficient frontier if and only if there is no other observed DMU that improves any input or output without the worsening of other inputs or outputs. Once the DMUs with the best practices are identified, the DEA models construct an empirical production frontier.



This methodology holds the advantage that it does not presuppose any production function, nor the need for economic evaluation of many outputs that are sometimes difficult to quantify.



DEA has been used to analyse efficiency in the service sector in general. In the healthcare field, it has been used to evaluate healthcare systems [13,14,15,16], reform [17], hospital services [17,18,19,20,21,22] and, to a lesser degree, primary health care. In a recent systematic review, 54 studies were identified that used DEA to evaluate the efficiency of primary health centres [23].



One of the first applications of DEA to PHC was carried out by Goñi-Legaz (1998), differentiating in clusters the rural PHC from the urban [24].



Filipe Amado and Dyson (2008) indicate that performance evaluation and improvement in primary health care should include structure, process, products, and results [25], that evaluation in primary care should be formative, involving the stakeholders if unintended consequences are to be avoided and performance is to be improved; and, in principle, DEA provides the basis for an appropriate methodology [26,27]. In this sense, Romano and Choi (2016) concluded that it is necessary to introduce quality indicators in the models [28].



On the other hand, Cordero et al. (2015) stated that in the measure of efficiency, exogenous variables should be introduced because this has a modulating effect on efficiency. It is not the same to estimate the efficiency of a health centre with a very aged population compared to others with younger population, for example [29].



Other authors use these models to measure the trade-off between efficiency and equality in healthcare systems, taking as reference the case of New Zealand, where there are differences between ethnic subpopulations, attempting to maximise gains in health care while minimising inequalities [16].



In the studies that apply DEA to PHC evaluation, we must consider the input and output variables used and the models. One of the most important aspects is the selection of the best input and output variables to be included in the model and the exploration of the effect of the exogenous variables [30]. Regarding the outputs, discussion with primary health centre managers focusses on whether greater weight should be given to the productivity variables or those that reflect health outcomes. This last has been little explored in the literature, as access to this kind of information is difficult and the majority of studies focus on the so-called “activity oriented” outputs and models, not on healthcare results measured, for example, in hospitalisations or avoided mortality. The most used input variables in these studies were identified as personnel costs, gross expenditure, referrals and hospitalisation days, pharmaceutical prescription, and research carried out. Outputs include consultations or visits, patients registered, procedures, treatments, and services, and also, instead of being considered as inputs, variables such as prescriptions and research. Some of these studies incorporate variables of quality as outputs, which in the majority of cases refer to compliance with protocols or standards, experience of professionals, patient satisfaction, or the accessibility and equality of attention, but few of them use variables that measure results in patient health. The studies use different DEA models without having a standard focus that allows comparison of results [23].



Regarding the models, Cordero Ferrera et al. (2014) used an input orientation in primary care centre efficiency measurements because managers can determine only those resources attributed to each primary care centre and the demand for health services cannot be controlled [31,32]. Other authors justify the use of output-oriented models, considering that the health care sector is very specific and that health care services should concentrate on increasing the outputs, that is achieving the best healthcare outcome, and it is assumed that greater output is associated with technical efficiency [33].



In this work, real world data from the basic health units (BHU) of PHC in a health district of the Valencian Community are used, from which the output variables, input, and exogenous variables are elaborated in order to develop and compare useful models to measure the efficiency of the BHUs that will be the DMUs in this study. The objective is to verify how the variables that are introduced in the models with the DEA methodology influence the efficiency measurement, to evaluate the usefulness of the methodology, as well as to examine the requirements and limitations to be considered in improving the measurement of efficiency.




2. Materials and Methods


2.1. Data and Variables


The Valencian Community (east of Spain) health map is composed of 24 health districts with each divided into a number of basic health units (BHU) that may vary from one health district to another. The Valencia Clínico–La Malvarrosa Health District is one of the biggest health districts of the Valencian Community. It covers a wide geographical area and very diverse zones. It contains 18 BHUs serving an approximate population of 320,000 inhabitants. These are the BHUs that were incorporated in the analysis. Each BHU consists of one or more primary care centres.



The BHUs of the district analysed vary widely in terms of size and characteristics of the population they serve, their location (urban and rural), etc. Although the intention was to introduce more health districts into the efficiency analysis, at this time only the data for this health district is available for evaluation.



As well as the information system of the Regional Ministry of Health (Conselleria de Sanitat i Salut Pública) and the Hospital Clínico Universitario of Valencia (Valencian Community), the information sources used were: the electronic outpatient clinical records (ABUCASIS), which include the Ambulatory Information System (SIA) and the Pharmacy Prescriptions Manager (GAIA); the Hospital Minimum Data Set (MDS); the Population Information System (SIP); the Economic Information System (SIE); the database of emergencies from the Hospital Information System (HIS); and the databases for Hospital Pharmacy of the Regional Ministry of Health.



For this analysis of efficiency, the data of the year 2015 of each BHU have been used, since, although more recent data have been requested, at the moment only the data corresponding to the year 2015 are correctly validated and available. The data gathered for 2015 from each BHU is explained in Appendix A.



The variables used as inputs and outputs in the evaluation of efficiency were compiled from the original data or developed specifically in each BHU.



In order to mitigate the difference in size, ratios per 10,000 inhabitants are used.



The percentage of population over 65 and a multimorbidity index (case-mix) are included as exogenous variables, as they do not directly participate in the production process and cannot be controlled, but do affect it, given that the organisations’ activity and healthcare results are conditioned by the characteristics of the population they serve [30].



Some of these variables were taken directly from the data provided by the BHUs, while others needed to be compiled, such as the case-mix, avoidable hospitalisations, and the efficiency indicator in pharmaceutical prescription.



Furthermore, three of the available output variables (emergencies, avoidable hospitalisations, and mortality) constitute undesirable health results, due to which they cannot be used directly in the DEA, as this methodology maximises results and in these cases it is important that their values be as low as possible. To correct this effect, a factor is applied to invert them [34]. The corrected ratio of hospital emergencies is obtained from the emergencies in the population assigned to each BHU as 10,000 minus hospital emergencies. The corrected ratio of avoidable hospitalisations is calculated as 100 minus the avoidable hospitalisation rate for each BHU. The corrected mortality rate is calculated a 1000 minus the mortality rate of each BHU. In this way, these corrected variables become favourable outputs of the BHUs.



The data obtained were anonymised and the study has strictly complied with the current personal data protection regulations, specifically Regulation 2016/679 of the European Parliament and of the Council of 27 April 2016 on the protection of natural persons with regard to the processing of personal data and on the free movement of such data, as well as the Organic Law 3/2018, of December 5 concerning protection of personal data and guarantee of digital rights.




2.2. Methodology


DEA is used in the measurement of efficiency with the principle goal of finding the frontier of efficient production formed by those resource combinations that optimise the amount of services produced while minimising resources used [35]. The variable return to scale (VRS) method was used. Unlike the constant return to scale (CRS) method, VRS does not assume that all the BHUs have the same scale of production and therefore it takes into account the different dimensions that may be found in each of them. This method has some advantages over others in regard to the heterogeneity of magnitudes, the lack of need for normality, and in not requiring all the variables to be evaluated in economic units. Nevertheless, it does have a restriction on the maximum number of variables that can be introduced as inputs and outputs in the models, established at one third of the BHUs evaluated. This limitation requires that the variables included in the models are very carefully chosen in such a way that they best detect the differences in efficiency of the BHUs. To choose the variables, factor analysis was used prior to DEA to avoid correlations and conveniently select the definitive inputs and outputs.



Public health service organizations in Spain are very rigid in modifying resources, especially with regard to the allocation of health personnel, which constitutes a high percentage of cost, and the management of the centres has little room to modify this. For this reason, the output orientation has been selected in this work, since the objective of these BHUs must be to obtain the best possible result with the resources available.



For each production unit, an input series x and an output series y are considered. The DEA estimator of the production of the set of n units,     ψ ^   D E A     can be defined as:


    ψ ^   D E A   = {    x , y   ∨ y ≤   ∑   i = 1  n   γ i   y i  ; x ≤   ∑   i = 1  n   γ i   x i  , f o r    γ i  , … ,  γ n    s o   ∑   i = 1  n   γ i  = 1 ;  y i  ≥ 0 , i = 1 , … , n  }  



(1)







For each specific unit, given inputs x0 and outputs y0, the estimation of the output orientated efficiency,     λ ^   D E A    , is given by:


    λ ^   D E A      x 0  ,  y 0     =    λ ∨    x 0  , λ  y 0    ∈   ψ ^   D E A        



(2)







Thus,     λ ^   D E A   = 1   indicates the technically efficient units, and     λ ^   D E A   > 1   denotes inefficiency in the unit. Considering the inverse of     λ ^   D E A    , the efficiency score between 0 and 1 is obtained, with values inferior to 1 denoting the degree of unit inefficiency in relation to the technically efficient units.



DEA efficiency scores may be biased upwards, due to the omission of important variables in the models or due to measurement errors in the data used. In this way, the empirical frontier may fail to incorporate unobservable but very efficient units [36]. To avoid the possibility of biases in the estimations, we employ the DEA bootstrap methodology described in Simar and Wilson [36] to calculate the bias-correction of technical efficiency scores of the analysed models as well as the 95% confidence intervals [37].



In addition, to account for the influence of environmental or exogenous variables not controlled by BHUs (percentage of population over 65 or case-mix), we use a two-stage procedure and implement bootstrap bias correction, following the methodology of Simar and Wilson’s second algorithm [38]. To explore the influence of these variables in the models, their corrected values have been used as the number of elderly and/or multimorbid people assigned to a BHU entails an increment of resources.



DEA with VRS and output orientation was used. Software R was used when exogenous variables were introduced in the model and STATA if they were not included [35].





3. Results


3.1. Factor Analysis


The analysed BHUs have very different sizes, with an average assigned population of 17,831 patients (maximum 37,497 and minimum 7148). Table 1 shows the descriptive statistics of the variables considered in the analysis and their type of variable, input, output, or exogenous.



Due to the limitation on the number of variables that can be incorporated in a DEA model, it is necessary to choose the inputs and outputs to be used that best detect differences in efficiency between the BHUs.



Factor analysis is used as a first step in the construction of DEA models. The choice of the most suitable variables is based on the relations observed between them, their discriminatory or explanatory power of the variability and, furthermore, by taking into account the availability of the variables (the possibility of obtaining the information) and the interest of the administration in the results of the BHUs that they wish to evaluate. This analysis allows us to determine which variables are most correlated with the factors or dimensions that have the greatest explanatory power of the variance and to avoid, as far as possible, those variables that are correlated with each other.



Four factors that explain 86.11% of the total variation in the data were identified by the factor analysis (Table 2). However, only variables related with the first three factors were selected, as even though the fourth factor achieved an eigenvalue greater than 1, it only increases the percentage of explained total variance 7.73% and the objective of this analysis is, due to the limitation in the number of variables that is possible to introduce in the models, to select those variables with greater explanatory power.



The composition of each factor is shown in Table 3.



The factor or dimension that most differentiates the BHUs is Factor 1, which explains 42.76% of the variance and concerns healthcare activity. It correlates to general practitioners’ and nursing consultations, referrals to specialised care and the corrected emergencies, pharmaceutical expenditure, and prescription efficiency. It is determined that those BHUs with a high number of general practitioners’ and nursing consultations, referrals, and pharmaceutical expenditure—that is, with high activity and low prescription efficiency—have a lower number of corrected emergencies. This indicates, therefore, that if the patients are well controlled by their general practitioners (which involves a greater number of consultations and higher pharmaceutical expenditure) there should be fewer emergencies. Factor 2 explains 21.99% and correlates to human resources, both in number and cost. Lastly, Factor 3 explains 13.63% and concerns patient morbidity. Those BHUs with a high percentage of people over 65 will have higher case-mix and a greater ratio of avoidable hospitalisations (or lower ratio of corrected avoidable hospitalisations). Both avoidable hospitalisations and the mortality ratio are clearly related to age and to a greater clinical complication in the patients.



If we analyse the factorial scores for each of the BHUs, in factor 1, which is related to healthcare activity, BHUs 12, 13, and 3 stand out as having the lowest factor 1 values and therefore few consultations, emergencies, referrals, and pharmaceutical expenditure. On the other hand, at the opposite end of the scale, with a high level of activity, are BHUs 6, 17, 4, and 5.



From this first factor, the variables pharmaceutical expenditure and prescription efficiency have been selected to use in the models and general practitioners’ and nursing consultations have been grouped into a single variable.



With respect to factor 2, BHUs 10 and 18 stand out, with fewer human resources (medical staff, nurses, and personnel expenditure), while BHUs 9 and 13 are those that obtain the highest scores in this factor.



From the second factor, the number of general practitioners and nursing has been introduced.



Factor 3, related to an older population, greater clinical complexity, and a higher ratio of avoidable hospitalizations, is found with the lowest scores in BHUs 12, 13, and 3. At the other extreme, BHUs 4, 5, 6, and 17 stand out.



From the third factor, corrected avoidable hospitalizations are taken into account in the models as an output and, later, as exogenous variables, the percentage of population over 65 years and the case-mix.



Finally, BHU 12 stands out as having the lowest burden of factors 1 and 2; that is, less aged population and less activity. BHU 4 is that with the highest load of factor 1 and factor 3, and therefore has a more aged population, morbidity, and less activity.




3.2. Data Envelopment Analysis


From the results of the factor analysis, the following models for evaluation by DEA are established (Table 4): Model 1, in which the healthcare results of the patient (emergencies and avoidable hospitalisations) and prescription quality were introduced as outputs and the ratio of general practitioners, ratio of nurses, and ratio of pharmaceutical cost as inputs; and Model 2, which includes the same inputs, but substitutes ratio of emergencies with general practitioners’ and nursing consultations, that is to say, the data for healthcare activity (consultations) is introduced. General practitioners’ and nursing consultations are included aggregated as a single variable.



Several models with different combination of inputs and outputs were implemented, but we only show the results of the two models that obtained the best results and show the greatest differences between the BHUs.



After applying the selected models (Table 4), the efficiency value is obtained (Table 5). The efficiency score obtained is in general quite high, as in the majority of cases it is above 90%.



In Model 1, the range of efficiency is between 0.789 and 1. Those units that are inefficient need to reduce their consumption of inputs proportionally between 2.9% and 21.1% for their level of outputs. On introducing healthcare activity (number of consultations) (Model 2), all the BHUs improve with the exception of one and the number of BHUs reaching the efficient frontier increases from 6 to 8. The range is between 0.777 and 1. In this model, the inefficient units need to reduce their inputs proportionally between 1% and 22.3%. Some BHUs, such as 1, 3, 11, 12, and 13 are shown to be efficient in both models, independently of the outputs used. On the other hand, BHUs 5 and 15 obtain the worst results, needing to reduce their inputs between 15% and 21% to reach the frontier, depending on the model.



On the other hand, information is also obtained on the slack of the inputs (islacks) and outputs (oslacks) that the inefficient BHUs should increase or decrease to place them on the efficient frontier (Table 6 and Table 7). This information is useful for decision making, as it allows identification of what each BHU must improve and if any of them are oversized for the results obtained.



In Model 1 (Table 6) the unit with the greatest slack in human resources is BHU9, both in general practitioners and nursing. This unit also presents one of the highest amounts of slack in pharmaceutical expenditure, although the worst unit is BHU6. Regarding the outputs, BHU4 is the most in need of increasing its corrected emergencies, that is, it is the one that should most reduce the number of emergencies attended. BHU7 should most reduce its avoidable hospitalisations and BHU15 should most increase its prescription efficiency.



The slacks found in Model 1 are greater than those of Model 2, where the variable ratio of emergencies is changed for that of consultations. In this model (Table 7), BHUs 5 and 17 are the only ones that should reduce their general practitioners, while BHU2 is the one that should most reduce its nursing personnel. In pharmaceutical expenditure, the unit most in need of improving management is BHU15. Regarding outputs, no slack was observed in the number of consultations, and only BHU15 needs to reduce avoidable hospitalisations. In prescription efficiency, BHUs 16 and 18 have the greatest margin for improvement.



Among the input and output variables, the one that most influences achieving the efficient frontier, together with human resources, is pharmaceutical expenditure, which represents the greatest cost for the BHUs (around 60% of the total cost of the primary healthcare centres, as also suggested by similar studies [39,40]). Among the inefficient units, there is a need to reduce pharmaceutical expenditure by between 93,415 and 751,928 Euros per 10,000 inhabitants, which entails, on average, a reduction of over 20%.



Figure 1 represents the efficiency value of the different BHUs in Model 1 with respect to the exogenous variables of percentage of population over 65 and case-mix. It shows the units situated on the efficient frontier (value 1) and the distance of those that fall below it. It shows which units serve more aged population and with higher morbidity, such as BHUs 5 and 15, and that both exogenous variables are highly correlated, with a correlation of 0.67 obtained in the factor analysis.



It can be seen that the results for efficiency obtained with this methodology depend on the variables introduced as inputs and outputs in the established models. Thus, Model 1, where the variable ratio of corrected emergencies is introduced as output, gives worse results for efficiency than Model 2, where this variable is substituted by ratio of consultations. This fact implies that emergencies are worse managed than consultations, as many of the BHUs need to lower their ratio of emergencies to be efficient. Certain BHUs are efficient in both models, while other BHUs are always inefficient. It can be seen that the worst rated BHUs in the set are 5 and 15, as these are in the worst place in the efficiency rankings of both models.



The results also show which input and output to improve in each BHU, but the models reach different results. Pharmaceutical expenditure is the input with greatest amount of slack and is most open to better management and control by healthcare professionals in order to reach efficiency. Use of human resources is the second.



Table 8 shows the results of technical efficiency scores in comparison to technical efficiency bias-corrected (by bootstrapping) and the bootstrap confidence intervals (BCI).



Once the bootstrapping has been carried out, the results indicate lower efficiency scores for every BHU, confirming, as other authors have stated, that the standard procedure may be biased upwards [36]. However, those BHUs that were previously efficient continue to be those with higher results in both models and are almost the only ones that could achieve the efficient frontier (score equal to 1) according to the confidence intervals.



The biggest differences with the original scores are achieved by BHUs 3, 10, 11, 12, 13, and 18, and these differences are superior in model 1.



The variables collected that can be used as exogenous variables are the case-mix and the percentage of population over 65. Incorporating these variables (which take into account the characteristics of the assigned population) into the models leads to different results in bias-corrected efficiency scores by bootstrap (Table 9), and therefore needs to be considered in correctly evaluating the BHUs.



Including one exogenous variable or the other leads to slightly different results. Using case-mix allows the units to obtain, in most cases, better results. It is important, however, to bear in mind that the percentage of population over 65 is always available, while the case-mix may not be (as it is obtained from the CRG classification, which is not implemented in other regions). Furthermore, as has been determined in other studies, both variables show a high correlation and therefore could provide similar information in the models [41,42].



If we compare the results including the exogenous variables with those obtained in Table 8, in Model 1 with percentage of population over 65, eleven units achieve better results. When introducing case-mix as the exogenous variable, one unit more improves its score. In Model 2 with percentage of population over 65, half of the units show worse efficiency results and the other half improve their scores. If instead we use case-mix, BHUs 3 and 4, which get worse results when using percentage of people over 65, now improve their scores, while BHU 18 shows the opposite effect.



BHUs 5 and 15, which achieved the worst results in the original models (Table 5), and have more aged population and higher morbidity, show the greatest increase in their efficiency scores when including both exogenous variables, especially in Model 1. Contrarily, BHUs 7 and 14 obtain a higher decrease, more pronounced in Model 2.



By introducing the case-mix exogenous variable, better efficiencies are obtained generally than with that of population over 65. These variables have a high correlation (0.67 in the factor analysis and are related to the same factor (Table 3)), so they similarly affect the efficiency of the BHUs, although the case-mix has a greater influence.



There is no clear combination of inputs and outputs that allow the units to obtain higher results, but it is clear that the characteristics of the population they serve affect their performance to some extent.



Some units achieve, in general, the best results (higher scores) in all the models, no matter which combination of inputs and outputs and exogenous variable are included, such as BHUs 1 and 10. The majority, though, show differences in their performance depending on the variables used in the evaluation.





4. Discussion


DEA is a useful methodology for the evaluation of efficiency of BHUs and provides very valuable information for managers, but it does have some disadvantages and limitations that are not always easily overcome. The objective is to find the BHUs that are on the efficient frontier, which will be those with the highest efficiency scores, and, for those BHUs that fall short, determine in what they are failing; that is, which resources they should reduce or which results to improve and by how much.



It must be borne in mind that the efficiency found using this methodology only allows comparison within the set of considered BHUs. In this case, no great differences were observed between the components of the group in the efficiency rating obtained, which implies they all function similarly [31]. However, if they are compared with BHUs from other health districts, the results may be completely different. It must be further taken into account that the efficient frontier is not static, as it depends on the evaluated BHUs and will change with time as the medical technology used evolves. It would therefore be convenient to also analyse the evolution of the results obtained by the same BHUs in successive years as the data for those years become available.



The majority of the inputs employed by healthcare organisations in their daily activity are predetermined (personnel, equipment, etc.) and not easily controllable from the primary healthcare centres and BHUs. For this reason, output orientation is used, and the most efficient BHU is considered to be that with the best results regarding health care, measured by quality of attention. This is contrary to other studies which consider that activity is conditioned by demand and that it is the inputs that should be reduced [30].



The DEA scores depend on the choice of input and output variables, as other authors have also established [23]. From the point of view of healthcare activity, nearly all the BHUs obtain high efficiency scores. Due to this, the model to measure efficiency needs to introduce other variables that offer greater information on the quality of the health care, such as satisfaction surveys of the users, the ratio of avoidable mortality, or, as exogenous variable, the vulnerability index of the population assigned to the BHU. The inclusion of performance indicators for professionals must be interpreted with caution unless it is accompanied by care outcome indicators [43]. This would allow different results to be obtained that would contribute to proposing recommendations for the management of the BHUs and thus achieve more efficient and higher quality health care. To this purpose, it is necessary to involve the healthcare managers in the analysis, so their preferences can be incorporated through deliberation of the variables used as inputs and outputs, allowing them to become measures of utility [44].



The number of variables that can be used in the models is limited, as for reliable results it is recommended that the total of inputs and outputs does not exceed one third of the BHUs analysed. This entails an appropriate selection of the variables, and requires, in some cases, prior use of other methodologies, such as factor analysis. As more BHUs are incorporated into the analysis, the restrictions on the number of variables that can be introduced decrease. However, the results show that weighting is needed for the correct management of BHU activity, since the aim is to improve the health of the population with services of quality rather than the pure activity quantified by the number of consultations. These issues will be addressed in the continuation of this work.



In order to achieve more reliable results, and following the methodology used by other authors [37,38], bias-corrected efficiency scores were obtained by bootstrap. This technique allows for correction if outliers exist and improves the model specification and its validity.



It is observed that the characteristics of the population introduced as exogenous variables have a significant influence on the effectiveness scores of the centres, so it is very important to include them in the models [29,30]. Regarding this, although this study has the case-mix variable which measures the burden of chronic disease, the most suitable and easily available exogenous variable for measuring efficiency is the percentage of over-65s, which further has a high correlation with the case-mix.



Furthermore, information systems need to be improved to provide quality data, as the evaluation of efficiency of the different healthcare services will continue to be a necessary field of research and of great importance for healthcare management. This would directly contribute to achieving efficient health care, entail higher quality in delivery of services, and translate into an increase in satisfaction by the population.



Some of the limitations found in this methodology for evaluating primary health care are the following: (1) the undesirable results in health, such as the number of emergencies or avoidable hospitalisations, in many cases entail using corrected variables. Some authors choose to use the inverse of the data [34], while others incorporate them with a negative sign or even consider them as inputs [45]. Some of these solutions are more restrictive than others, in the sense that they make it more difficult for the BHUs to be efficient and lead to different results [46]. The different options for correction lead to different evaluations of efficiency, due to which the most suitable conversion is not clearly defined; (2) Incorporating data with different scales or magnitudes can produce unreliable results [47]. It can be seen that when a BHU is efficient owing to an output with high value, such as may be the number of consultations, incorporating other variables into the model does not result in changes to its efficiency values. The use of ratios or standardised variables may help in this aspect; (3) In the analysis, the variables with greater magnitudes than the others (pharmaceutical expenditure for the inputs and number of medical and nursing consultations for the outputs) dominate. This aspect is a serious hindrance in the evaluation of efficiency when it is the quality of care that you wish to consider, as the goal is not to achieve a high level of care activity, but that these consultations are efficient, that is, they manage to avoid deaths, hospitalisations, emergencies, and unnecessary referrals to specialised care; (4) Lastly, how to calculate the slacks and introduce the exogenous variables simultaneously has not been resolved in this work.



Another limitation of the work is not having more up-to-date data and a greater range of years for analysis. Therefore, the efficiency results may vary for the present, although the data analysed are of high quality in terms of accuracy and reliability, and have served to validate the model. For future studies, comparative models will be conducted and the challenge will be to include in these the changes that have occurred in primary care clinical practice during management of the pandemic.




5. Conclusions


This work has used real world data from the 18 BHUs of the Clínico—Malvarrosa Health District in the Valencian Community, Spain. One of the principle contributions to the study of efficiency in primary health care is to consider the population health outcomes instead of outputs strictly for activity, for which some variables, such as avoidable hospitalisations or quality of pharmaceutical prescription, needed to be specially compiled for this study. This is a pilot test applied to a single health district with the aim of developing efficiency evaluation models and identifying deficiencies in them, to be later extended to other health districts.



DEA is a useful methodology, but it is observed that the variables that are introduced in the models influence the efficiency results. It will be necessary to choose the most appropriate inputs and outputs to evaluate the efficiency according to the objectives pursued, or to increase the number of evaluated units, which would allow more variables to be included in the models, always weighting the most important. Thus, future research needs to consider more suitable variables for the measurement of efficiency according to the degree of importance given to them by the managers, which would allow for different results that would contribute to the proposal of more useful recommendations for decision-making.



On the other hand, the exogenous variables determine the results of the BHUs and must be incorporated in the models, taking into account that the results will vary according to which variable is introduced. The case-mix seems to be the most appropriate, although, if this is not available, the variable of ageing population could be used, as it is linearly correlated with the case-mix.



The pandemic caused by SARS-CoV-2 has significantly affected the activity of primary healthcare centres and introduced changes in their management. It is still too soon to determine which of these changes will be lasting, but without doubt there will be an effect when it comes to measuring inefficiency and some of the variables may no longer be useful, not only while the pandemic lasts, but for the more or less near future. Therefore, a more profound analysis is needed together with the compilation of new data that allow the models to be re-evaluated and to incorporate the necessary modifications.



Finally, given the limitations of this methodology and considering the importance of primary care within the health system and its financial sustainability, further studies on efficiency evaluation are needed to identify an appropriate DEA model to measure the performance of PHC and achieve reliable and useful results.
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Appendix A


The data collected for 2015 from each BHU were as follows.



	
Assigned population for each BHU.






Healthcare resources (inputs):




	
General practitioners and nursing personnel assigned to each BHU.



	
Costs for personnel assigned to each BHU (personnel expenditure).



	
Examinations expenditure, including costs of laboratory tests and imaging diagnoses performed on the assigned population of each BHU.



	
Pharmaceutical expenditure. This includes the cost of medications prescribed and dispensed by general practitioners.








Activity (outputs):




	
Number of consultations with general practitioners and nursing staff.



	
Number of referrals to specialised care.



	
Number of emergencies attended for patients who are part of the assigned population.








Healthcare results (outputs):




	
Number of avoidable hospitalisations. This refers to the number of hospital admissions of the population over 40 years old caused by pathologies that should be controlled from the primary health centres [48] and as such should not result in an admission.



	
Mortality. Number of persons of each BHU dying in a year.



	
Indicator of prescription efficiency. The quality of pharmaceutical prescription, or indicator of prescription efficiency, is measured with the prior development of other indicators which consider that, for a group of pathologies (which constitute a high percentage of the total pharmaceutical expenditure) there has been correct prescription of the drugs for the patient to be controlled and at the same time, these are the most economic and efficient in their therapeutic group.








Exogenous variables:




	
Percentage of population over 65 for each BHU.



	
Case-mix, that is, a measure of the multimorbidity or the level of patients with multiple chronic conditions assigned to each BHU, is obtained from the Clinical Risk Group (CRG) classification of the population assigned to each BHU. The CRG assigns a weight to each health condition, related to the clinical complexity, in economic terms, of treatment.
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Figure 1. (a) Efficiency frontier of Model 1 VRS output orientation with regard to percentage of population over 65. (b) Efficiency frontier of Model 1 VRS output orientation with regard to case-mix. 
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Table 1. Descriptive statistics of variables.






Table 1. Descriptive statistics of variables.





	Variable
	Role
	Average
	Standard Dev.
	Coef. Variation
	Max.
	Min.





	% Population >65 years
	Exogenous
	18.05%
	2.60%
	0.14
	22.97%
	13.71%



	Case mix
	Exogenous
	43.91
	5.86
	0.13
	53.53
	35.62



	General practitioners *
	Input
	7.11
	0.97
	0.14
	9.58
	5.93



	Nursing *
	Input
	5.40
	0.73
	0.14
	7.18
	4.45



	Personnel expenditure (euros) *
	Input
	1,165,648.20
	245,940.11
	0.21
	1,982,827.01
	901,336.29



	Examinations expenditure

(euros) *
	Input
	223,943.08
	45,238.99
	0.20
	323,204.85
	131,671.65



	Pharmaceutical expenditure (euros) *
	Input
	1,953,897.53
	272,025.09
	0.14
	2,389,896.30
	1,445,721.18



	General practitioners’ consultations *
	Output
	46,346.89
	6,036.59
	0.13
	56,779.43
	34,659.60



	Nursing consultations *
	Output
	25,261.07
	4397.89
	0.17
	32,578.43
	18,153.55



	Referrals *
	Output
	3908.19
	647.55
	0.17
	4947.35
	2317.79



	Corrected emergencies *
	Output
	6300.42
	474.45
	0.08
	7403.66
	5258.20



	Corrected avoidable hospitalisations *
	Output
	76.64
	6.46
	0.08
	85.87
	59.43



	Corrected mortality *
	Output
	932.35
	16.48
	0.02
	950.04
	899.27



	Prescription efficiency
	Output
	47.33
	30.62
	0.65
	91.70
	8.30







* Ratio per 10,000 inhabitants.
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Table 2. Explained total variance.






Table 2. Explained total variance.





	
Component

	
Initial Eigenvalues




	
Total

	
% of Variance

	
%

Accumulated






	
1

	
5.558

	
42.76%

	
42.76%




	
2

	
2.859

	
21.99%

	
64.75%




	
3

	
1.772

	
13.63%

	
78.38%




	
4

	
1.005

	
7.73%

	
86.11%




	
5

	
0.628

	
4.83%

	
90.94%




	
6

	
0.422

	
3.25%

	
94.19%




	
7

	
0.265

	
2.04%

	
96.22%




	
8

	
0.227

	
1.74%

	
97.97%




	
9

	
0.162

	
1.25%

	
99.22%




	
10

	
0.051

	
0.39%

	
99.61%




	
11

	
0.032

	
0.25%

	
99.85%




	
12

	
0.016

	
0.12%

	
99.97%




	
13

	
0.003

	
0.03%

	
100.00%
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Table 3. Matrix of rotated components.






Table 3. Matrix of rotated components.





	
Variable

	
Component




	
1

	
2

	
3






	
Pharmaceutical expenditure *

	
0.693

	
0.391

	
0.505




	
Referrals *

	
0.798

	
−0.144

	
−0.217




	
Prescription efficiency

	
−0.650

	
0.582

	
−0.186




	
General practitioners’ consultations *

	
0.877

	
0.386

	
0.126




	
Nursing consultations *

	
0.714

	
0.412

	
−0.120




	
Corrected emergencies *

	
−0.780

	
−0.123

	
−0.334




	
General practitioners *

	
0.383

	
0.745

	
0.222




	
Nursing *

	
-

	
0.821

	
0.227




	
Personnel expenditure *

	
0.264

	
0.873

	
-




	
Examinations expenditure *

	
-

	
0.702

	
0.216




	
% Population >65 years

	
−0.362

	
0.253

	
0.776




	
Case-mix

	
0.252

	
0.585

	
0.745




	
Corrected avoidable hospitalisations *

	
−0.234

	
-

	
−0.868








* Ratio per 10,000 inhabitants.
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Table 4. Composition of models.






Table 4. Composition of models.





	Role
	Model 1
	Model 2





	Inputs
	General practitioners *

Nursing *

Pharmaceutical expenditure *
	General practitioners *

Nursing *

Pharmaceutical expenditure *



	Outputs
	Prescription efficiency

Corrected emergencies *

Corrected avoidable hospitalisations *
	Prescription efficiency

Consultations *

Corrected avoidable hospitalisations *







* Ratio per 10,000 inhabitants.
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Table 5. Efficiency obtained with models 1 and 2 for variable return to scale (VRS).
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DMU

	
VRS (without Exogenous Variables)




	
Model 1

	
Model 2




	
Rank

	
Efficiency Score

	
Rank

	
Efficiency Score






	
Basic health unit (BHU)1

	
1

	
1

	
1

	
1




	
BHU2

	
12

	
0.934

	
14

	
0.971




	
BHU3

	
1

	
1

	
1

	
1




	
BHU4

	
14

	
0.917

	
1

	
1




	
BHU5

	
18

	
0.789

	
17

	
0.850




	
BHU6

	
8

	
0.966

	
1

	
1




	
BHU7

	
7

	
0.971

	
1

	
1




	
BHU8

	
15

	
0.885

	
13

	
0.990




	
BHU9

	
10

	
0.951

	
1

	
1




	
BHU10

	
6

	
1

	
1

	
1




	
BHU11

	
1

	
1

	
1

	
1




	
BHU12

	
1

	
1

	
1

	
1




	
BHU13

	
1

	
1

	
1

	
1




	
BHU14

	
11

	
0.947

	
11

	
1




	
BHU15

	
17

	
0.857

	
18

	
0.777




	
BHU16

	
13

	
0.925

	
15

	
0.943




	
BHU17

	
16

	
0.870

	
16

	
0.918




	
BHU18

	
9

	
0.955

	
12

	
1
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Table 6. Input and output slack of Model 1 VRS.
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DMU

	
Islacks

	
Oslacks




	
General

Practitioners *

	
Nursing *

	
Pharm.

Expend. *

	
Corrected Emergencies *

	
Corrected

Avoidable Hosp. *

	
Prescription Efficiency






	
BHU1

	
-

	
-

	
-

	
-

	
-

	
-




	
BHU2

	
1.03

	
1.54

	
601,265

	
17.89

	
-

	
-




	
BHU3

	
-

	
-

	
-

	
-

	
-

	
-




	
BHU4

	
-

	
0.65

	
576,808

	
59.75

	
229.78

	
-




	
BHU5

	
1.46

	
0.45

	
624,615

	
50.58

	
-

	
-




	
BHU6

	
0.89

	
-

	
751,928

	
48.16

	
759.55

	
-




	
BHU7

	
1.62

	
-

	
460,540

	
16.82

	
1,148.08

	
-




	
BHU8

	
0.26

	
-

	
311,815

	
36.85

	
206.18

	
-




	
BHU9

	
2.45

	
2.02

	
708,310

	
-

	
-

	
-




	
BHU10

	
0.88

	
0.26

	
526,033

	
44.05

	
-

	
2.52




	
BHU11

	
-

	
-

	
-

	
-

	
-

	
-




	
BHU12

	
-

	
-

	
-

	
-

	
-

	
-




	
BHU13

	
-

	
-

	
-

	
-

	
-

	
-




	
BHU14

	
-

	
0.73

	
428,381

	
-

	
165.46

	
10.06




	
BHU15

	
0.88

	
0.71

	
660,667

	
24.80

	
-

	
13.54




	
BHU16

	
0.35

	
0.56

	
310,626

	
24.27

	
-

	
-




	
BHU17

	
1.80

	
0.30

	
573,162

	
44.63

	
-

	
-




	
BHU18

	
-

	
0.07

	
93,651

	
24.23

	
-

	
1.31








* Ratio per 10,000 inhabitants.
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Table 7. Input and output slack of Model 2 VRS.
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DMU

	
Islacks

	
Oslacks




	
General

Practitioners *

	
Nursing *

	
Pharm. Expend. *

	
Consultations *

	
Corrected

Avoidable Hosp. *

	
Prescription

Efficiency






	
BHU1

	
-

	
-

	
-

	
-

	
-

	
-




	
BHU2

	
-

	
1.59

	
173,732

	
-

	
-

	
-




	
BHU3

	
-

	
-

	
-

	
-

	
-

	
-




	
BHU4

	
-

	
-

	
-

	
-

	
-

	
-




	
BHU5

	
1.33

	
0.04

	
155,593

	
-

	
-

	
5.54




	
BHU6

	
-

	
-

	
-

	
-

	
-

	
-




	
BHU7

	
-

	
-

	
-

	
-

	
-

	
-




	
BHU8

	
-

	
-

	
51,971

	
-

	
-

	
10.80




	
BHU9

	
-

	
-

	
-

	
-

	
-

	
-




	
BHU10

	
-

	
-

	
-

	
-

	
-

	
-




	
BHU11

	
-

	
-

	
-

	
-

	
-

	
-




	
BHU12

	
-

	
-

	
-

	
-

	
-

	
-




	
BHU13

	
-

	
-

	
-

	
-

	
-

	
-




	
BHU14

	
-

	
-

	
-

	
-

	
-

	
-




	
BHU15

	
-

	
-

	
206,793

	
-

	
1.45

	
-




	
BHU16

	
-

	
0.23

	
200,120

	
-

	
-

	
19.16




	
BHU17

	
1.30

	
-

	
97,912

	
-

	
-

	
6.64




	
BHU18

	
-

	
0.04

	
93,415

	
-

	
-

	
20.52








* Ratio per 10,000 inhabitants.
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Table 8. Original efficiency scores and bias-corrected obtained with models 1 and 2 for VRS.






Table 8. Original efficiency scores and bias-corrected obtained with models 1 and 2 for VRS.





	
DMU

	
VRS Bootstrap (without Exogenous Variables)




	
Model 1

	
Model 2




	
Efficiency

Score

	
Efficiency Score

Bias-Corrected

Bootstrap Confidence Intervals (BCI) 95%

	
Efficiency

Score

	
Efficiency Score

Bias-Corrected

BCI 95%






	
BHU1

	
1

	
0.934 [0.888–1.000]

	
1

	
0.974 [0.948–1.000]




	
BHU2

	
0.934

	
0.895 [0.875–0.928]

	
0.971

	
0.964 [0.957–0.981]




	
BHU3

	
1

	
0.920 [0.860–1.000]

	
1

	
0.960 [0.920–1.000]




	
BHU4

	
0.917

	
0.883 [0.866–0.914]

	
1

	
0.966 [0.933–1.000]




	
BHU5

	
0.789

	
0.764 [0.753–0.785]

	
0.850

	
0.844 [0.837–0.870]




	
BHU6

	
0.966

	
0.943 [0.906–1.000]

	
1

	
0.979 [0.958–1.000]




	
BHU7

	
0.971

	
0.919 [0.885–0.979]

	
1

	
0.973 [0.946–1.000]




	
BHU8

	
0.885

	
0.841 [0.814–0.885]

	
0.990

	
0.981 [0.972–1.000]




	
BHU9

	
0.951

	
0.907 [0.882–0.943]

	
1

	
0.972 [0.944–1.000]




	
BHU10

	
1

	
0.915 [0.850–1.000]

	
1

	
0.959 [0.919–1.000]




	
BHU11

	
1

	
0.923 [0.867–1.000]

	
1

	
0.972 [0.945–1.000]




	
BHU12

	
1

	
0.912 [0.844–1.000]

	
1

	
0.963 [0.926–1.000]




	
BHU13

	
1

	
0.927 [0.875–0.995]

	
1

	
0.979 [0.958–1.000]




	
BHU14

	
0.947

	
0.900 [0.873–0.959]

	
1

	
0.973 [0.946–1.000]




	
BHU15

	
0.857

	
0.812 [0.784–0.861]

	
0.777

	
0.769 [0.761–0.806]




	
BHU16

	
0.925

	
0.881 [0.855–0.923]

	
0.943

	
0.937 [0.932–0.948]




	
BHU17

	
0.870

	
0.839 [0.825–0.864]

	
0.918

	
0.911 [0.905–0.932]




	
BHU18

	
0.955

	
0.917 [0.854–1.000]

	
1

	
0.962 [0.923–1.000]
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Table 9. Bias-corrected efficiency scores (by bootstrap) obtained with models 1 and 2 for VRS including exogenous variables.






Table 9. Bias-corrected efficiency scores (by bootstrap) obtained with models 1 and 2 for VRS including exogenous variables.





	
DMU

	
VRS with Exogenous Variables




	
Model 1

	
Model 2




	
Percentage of Population Over 65

BCI 95%

	
Case-Mix

BCI 95%

	
Percentage of Population Over 65

BCI 95%

	
Case-Mix

BCI 95%






	
BHU1

	
0.960 [0.924–1.000]

	
0.955 [0.916–0.998]

	
0.985 [0.970–1.000]

	
0.989 [0.979–1.000]




	
BHU2

	
0.955 [0.916–1.000]

	
0.950 [0.906–1.000]

	
0.988 [0.977–1.000]

	
0.991 [0.983–1.000]




	
BHU3

	
0.919 [0.857–0.996]

	
0.944 [0.896–1.000]

	
0.939 [0.889–0.995]

	
0.980 [0.962–1.000]




	
BHU4

	
0.904 [0.831–1.000]

	
0.948 [0.904–1.000]

	
0.927 [0.873–1.000]

	
0.988 [0.976–1.000]




	
BHU5

	
0.912 [0.876–0.956]

	
0.935 [0.879–0.992]

	
0.918 [0.889–0.937]

	
0.938 [0.923–0.967]




	
BHU6

	
0.915 [0.889–0.957]

	
0.912 [0.884–0.956]

	
0.966 [0.936–1.000]

	
0.954 [0.916–1.000]




	
BHU7

	
0.807 [0.767–0.846]

	
0.825 [0.797–0.863]

	
0.753 [0.736–0.783]

	
0.752 [0.738–0.772]




	
BHU8

	
0.884 [0.853–0.917]

	
0.898 [0.875–0.931]

	
0.928 [0.914–0.949]

	
0.936 [0.929–0.945]




	
BHU9

	
0.847 [0.827–0.872]

	
0.853 [0.838–0.879]

	
0.905 [0.893–0.927]

	
0.905 [0.894–0.925]




	
BHU10

	
0.954 [0.913–1.000]

	
0.955 [0.915–1.000]

	
0.984 [0.969–1.000]

	
0.991 [0.982–1.000]




	
BHU11

	
0.909 [0.886–0.941]

	
0.911 [0.893–0.936]

	
0.959 [0.947–0.978]

	
0.960 [0.948–0.978]




	
BHU12

	
0.929 [0.872–1.000]

	
0.954 [0.914–1.000]

	
0.967 [0.937–1.000]

	
0.989 [0.979–1.000]




	
BHU13

	
0.891 [0.870–0.921]

	
0.898 [0.883–0.922]

	
0.967 [0.938–1.000]

	
0.973 [0.950–1.000]




	
BHU14

	
0.771 [0.757–0.793]

	
0.775 [0.763–0.797]

	
0.832 [0.816–0.854]

	
0.832 [0.819–0.860]




	
BHU15

	
0.955 [0.923–0.995]

	
0.959 [0.925–1.000]

	
0.972 [0.948–1.000]

	
0.965 [0.935–0.997]




	
BHU16

	
0.922 [0.883–0.974]

	
0.937 [0.906–0.983]

	
0.969 [0.941–1.000]

	
0.977 [0.956–1.000]




	
BHU17

	
0.846 [0.815–0.883]

	
0.860 [0.838–0.895]

	
0.977 [0.965–0.995]

	
0.981 [0.972–0.991]




	
BHU18

	
0.917 [0.892–0.965]

	
0.919 [0.895–0.956]

	
0.969 [0.942–1.000]

	
0.888 [0.852–0.918]
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