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Abstract

:

This article aims to provide information to public agencies and policymakers on the determinants of health systems and their relationships that influence citizens’ health–disease status. A total of 61 indicators for each of 17 Spanish autonomous communities were collected from the Spanish Ministry of Health, Social Services, and Equality between 2008 and 2017. The applied technique was partial least squares structural equation modeling (PLS-SEM). Concerning health–disease status, an influence of sustainability and performance on the health system was hypothesized. The findings revealed that health system sustainability had a negative effect on health–disease status, measured in terms of disease incidence. However, the relationship between health system performance and health–disease status is positive. Furthermore, health system performance mediates the relationship between sustainability and health–disease status. According to our study, if we consider the opposite poles that make up the definition of health–disease status (well-being and disease), this concept is defined more by the incidence of the negative aspect.
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1. Introduction


All countries seek to grow economically. Undoubtedly, this is reflected in improvements in the standard of the population’s living. For its part, the population’s health plays a fundamental role in its economic prosperity [1]. Health has a direct impact on the economy and economic growth [2]. Both the prevention of diseases and their treatment are necessary to reduce disease burden [3]. These activities will be directed by a health system for which the government is responsible [4]. The government will need tools to continuously evaluate and monitor the health system if its objective is for it to work properly [4,5]. Inadequate or inefficient health expenditure could slow down the economic growth of the entire country [1]. Having quality information when making decisions about health policies improves health, well-being, and patient satisfaction [5]. At the organizational level, one of the inputs for improving the health care system’s efficiency, effectiveness, and equity is the health information systems. The use of health information systems leads to the achievement of administrative efficiency, maximizing the value of resources as an outcome [6]. Managing all the data that health workers routinely record enables gathering information on vital statistics, public health programs, reportable diseases, and mortality. The purpose of the health information system is to promote the development of an information culture where those responsible for health use information operatively for optimal planning and decision making to provide health services based on knowledge [7].



According to the World Health Organization (WHO), “Health is a state of complete physical, mental and social well-being, and not only the absence of diseases or illnesses” [8]. The measurement of health–disease status can be performed from the perspective of diagnostic morbidity (based on empirical data on diseases in the population) or from the perceived morbidity’s perspective (based on self-perception of health–disease status [9]). Self-perception of the state of health is not the same in both sexes.



All health systems aim to improve citizens’ health [10,11,12,13,14,15], respond to patient expectations, and equitably distribute the financial burden [12,16,17]. It is essential to know the needs in each region of the country and allocate resources accordingly in order to improve health–disease status [9]. For its part, responsiveness is a crucial element in patient satisfaction [15] and includes several concepts, such as confidentiality, autonomy, prompt attention, and access to social support networks, among others [6,16]. Finally, when discussing an equitable distribution of the financial burden, we refer to the fact that each household should pay the health system somewhat based, to a certain degree, on their income [4,18]. We can also refer to equity in terms of provision of the service, which aims to benefit each user based on their particular needs [6,19].



A quality health system will provide an excellent service when and where patients require it [20]. If the system malfunctions (poorly managed, poorly structured, ineffective, or poorly structured financially), it will not deliver its full potential, its costs will rise, and health outcomes will worsen [6]. In other words, it will not be able to fulfill its ultimate goal. For this reason, it is vitally important to manage these systems and evaluate their performance [21]. Periodically carrying out an efficiency analysis is a productive tool to investigate the potential for improvement in a hospital’s resource use [22,23]. Nevertheless, the contemporary approach to measuring performance includes a cost analysis of services, quality, and patient satisfaction [24].



For its part, the measurement and evaluation of patient satisfaction are considered key points to work on if what is intended is the continuous improvement of the health system and its consequent excellence [20,21]. Patients’ opinions are among of the main elements with which satisfaction is measured [22]. This feedback will serve as the basis for analyzing the health system and working towards its improvement [23,25,26]. Maintaining an excellent healthcare system has never been cheap. Furthermore, updating based on continuous technological advances nowadays requires even more effort than ensuring the system works efficiently. Managing quality will improve the quality of the services provided and reduce costs [10,26].



Today, companies worldwide are concerned with reporting on their sustainability. Through sustainability reports, corporations explain their planning in its economic, environmental, and social aspects [27]. When we speak of health system sustainability, we refer to the management of resources and expenses that are carried out, and the degree to which the health system’s use is capable of meeting current needs without compromising the satisfaction of future needs [13,28]. It will be necessary to maintain the best possible cost-effectiveness ratio to meet this criterion. In other words, resources should be allocated to those interventions that provide the maximum improvement in health per monetary unit [3,22]. Additionally, for the organization to be sustainable over time, quality of service must exist [29]. The difficulty in measuring quality, in these terms, is that we have to look to the future and design a service that meets the needs of tomorrow [29].



On many occasions, health indicators are used to strategically direct resources and expenses [5]. When these indicators are comparable between countries, relevant and significant data can be extracted to improve them and identify good and bad practices [30]. Public health indicators contribute to transparency and good governance [31]. For example, in Europe, the ECHI (European Community Heath Indicator) is used, which functions as a hub of information and notifications on health at the European level [5].



The WHO established that governments have to guarantee the availability of health services to their citizens [6] in order to improve health status, meet patient expectations, and comply with the financial equity criteria [12]. One of the factors that most influence patient satisfaction is the health system’s ability to comply with clinical requirements. The latter depend on the facilities’ ability, for example, to provide laboratory reports on time, and to maintain the availability of required blood groups [26].



As we have already indicated, improving health is the main objective of the entire health system, but this should not be limited to physical diseases or symptoms. It is crucial that we extend ourselves to evaluating and treating depressive symptoms [31]. Moreover, those responsible should not be limited solely to the clinical aspects. For example, good management and administration of the health system will also improve society’s health [32].



Previous research has studied the performance and sustainability of the health system. However, it is not common to find studies on its effect on the population’s health as a complete health system, designed in the form of a nomological network and integrated by different explanatory subsystems of the health–disease status of citizens. Some studies use individual variables as isolated pieces with influence on a single non-latent dependent variable [33]. In this vein, we have not found investigations that use higher-order complex latent variables defined by several dimensions. Our study contributes to defining the boundaries of the health system, and highlighting the importance of the sustainability and performance subsystems as drivers of the levels of well-being, morbidity, and mortality of the population, that is, of the health–disease status. Moreover, we provide those responsible for managing the health system with information on the efficient and effective use of resources that does not compromise future needs and affect the population’s health–disease status. In addition, our model offers policymakers information on the determining variables of the health system and the correlations between them to serve as an instrument for effective decision making. The rest of the article is structured as follows: First, we carry out the literature review and pose the hypotheses. Secondly, we describe the research methodology, and, after, the results are gathered and presented. Finally, we discuss the principal findings of the research and the conclusions.



Literature Background and Hypotheses


The economic development of a country depends on many factors, and one of them is the health of its inhabitants. A healthy population will always be more productive. To achieve this, it will be essential that the country has an effective and efficient health system [30,34]. Thus, countries should develop programs and policies to protect and improve the population’s health [35] and reduce inequalities in health access [5]. In this sense, studying the quality-to-price ratio is increasingly crucial [18]. In Europe, health systems face increasing costs, as the population is aging and, therefore, making greater use of them [14,30]. The elderly are using the health care system more frequently, and the medical treatments they use are more expensive [36]. Innovations in health are imminent to ensure a healthy life [14,37]. Nevertheless, this is also costly and complex due to the system’s dynamism [14].



The ultimate goal should be to promote and improve the population’s quality of life [14], minimizing the risk of mortality [14,38]. Then, the health system’s improvement will increase the population’s quality of life and, therefore, reduce the mortality rate [39,40]. Mortality and morbidity ratios are used to measure the health–disease status of the population [12]. Both are associated with physical and psychological states [38,41]. The mortality rate is lower in women, which generates a higher incidence of morbidity [3,36]. A study on Spanish citizens’ health status determined that neither in-hospital mortality nor morbidity are significant factors in establishing perceived health status [9]. The life expectancy of women is higher than that of men [3,42]. The difference in life expectancy between men and women can be influenced by male sex exposure to risk factors or occupational risk, or other risky behaviors [3]. Otherwise, people who suffer from a chronic illness have a negative self-perception of their health [43]. Furthermore, it is the female sex who is prone to chronic diseases [42]. Women tend to self-perceive worse than men [9].



The expected result of good health system management is the long-term well-being of the patient. However, these results depend not only on the provision of a good-quality health service, but also the characteristics of the patient [44]. For example, maternity in adolescence increases morbidity and mortality in women and their children, since they are usually born with medical complications [45].



It is expected that the government will take the necessary measures to offer the population quality and sustainable health services. How health services are provided will affect the health status of the population [30,46]. On the one hand, quality can be measured according to different pillars, such as safety, patient satisfaction, effectiveness, and pertinence. On the other hand, sustainability can be studied according to the health system’s level of use, allocations of resources, and volume of expenses.



A safe health system manages risks to minimize incidents [34,47], for example, evaluating the effectiveness of new medical treatments and medicines [33]. These factors can be measured by the number of hospital infections and the rate of adverse drug reactions. One of the dimensions of healthcare quality is safety [37,48,49], which is related to efficiency, since fewer interventions are less expensive. The literature indicates that safe care can be provided with minimal waste of resources [34]. Regarding this issue, the WHO emphasizes the need to understand healthcare complexity to ensure patients’ safety [13]. The characteristics of the patient directly influence safety. The higher the complications, the lower the security. The factors that influence risk exposure are age, disease burden, and gender [34].



A patient satisfied with the medical attention received will pay more attention to the treatments and recommendations that the health personnel indicate, and consequently, they will have better health results [50,51]. On the contrary, a dissatisfied patient will not adhere to the recommendations of health professionals. Hence, resources will be wasted, medical care productivity will decrease, and morbidity and mortality rates will increase [52]. From another perspective, we could say that the patient’s satisfaction affects their life expectancy, and this relationship is strong [10]. Today, people are more demanding about the services they receive. To achieve their satisfaction, it will be necessary for healthcare to be “patient-oriented”, that is, depending on the individual needs of each patient [51,53]. Additionally, previous studies indicate that when patients are allowed to participate in medical treatment decisions, they are more satisfied [20,54,55]. Other factors that influence a patient’s satisfaction are confidence in the health system’s professionals [23,26,29,55,56], the physician’s behavior [26,29,32,55,56], and the degree of patient follow-up [29,57]. In their study, Ricci-Cabello et al. found that those patients who had a pleasant experience in medical care reported better self-perceived health [51].



The health system’s ineffectiveness can be measured by the readmission rate to hospitals, which causes higher costs for the system and more anguish to the patient [58]. Repeated hospitalization could signal a failure in the quality of the health system [48]. There must be a balance between a hasty medical discharge and a prolonged hospital stay due to not yet solving the patient’s problem. This could increase the probability of contracting other diseases as a result of staying in the hospital, such as nosocomial diseases, infections, and pressure ulcers [59]. Low self-perceived health states are associated with a higher risk of readmission [58]. Moreover, when patients are depressed during hospitalization, the risk of being readmitted increases [38]. Previous research found that hospitals with a longer average length of stay are less efficient [18,48].



Pertinence could be associated with equity in the provision of services. Equity in providing services means that each patient is cared for according to their needs at the right time [6]. When the health system can provide adequate care at the right time, this prevents an increase in the severity of diseases and saves possible future expenses [34].



Some previous studies indicate that higher-income countries show better efficiency rates, while others reach ambiguous conclusions [30]. Higher per capita health spending is directly reflected in the efficiency of health systems [18]. Healthcare effectiveness can be defined as the health system’s ability to achieve maximum expected results without increasing unexpected results [30].



Previously, the term “sustainability” referred only to environmental factors. Today, it is studied with a multidimensional approach. In the area of health, the health system will be sustainable when it takes care of the well-being of patients, health professionals, and the entire community, preserving resources [28]. In other words, we must provide the best possible health service to improve the patient’s health status, with the lowest waste of resources possible [13,34]. Budget cuts in health matters are increasingly frequent [14,55,56], so it is increasingly important to focus on sustainability, that is, to offer services of excellence while being efficient in the use of resources and the application of expenses [30,35,60].



A sustainable health system must focus on prevention [35]. In the European Union, the leading cause of death is cardiovascular diseases whose risk factors (smoking, high body mass index, lack of physical activity, and blood pressure) are highly preventable [61]. When people do not take preventive measures (low cost/high value), they will only rely on emergency services (high price/less effective results) [46]. Previous research found that countries with higher healthcare expenditure per capita have more efficient hospitals [18]. On the other hand, others indicate that efficiency is not defined by the volume of resources assigned to health [2,14].



This research’s principal objective is to examine the influence of the health system performance and health system sustainability on health–disease status. After a careful review of the literature, we formulated the following hypotheses:



Hypothesis 1 (H1).

Health system sustainability influences health–disease status.





Hypothesis 2 (H2).

Health system performance influences health–disease status.





Hypothesis 3 (H3).

Health system sustainability influences health system performance.





Hypothesis 4 (H4).

Health system performance mediates the relationship between health system sustainability and health–disease status.





The theoretical model that we propose in Figure 1 relates the following three latent variables or constructs:




	
Health system sustainability



	
Health system performance



	
Health–disease status










2. Research Methodology


In this section, we present the results of applying the algorithm of partial structural equations of higher-order constructs as an efficient solution for evaluating the health–disease status model in Spain.



2.1. PLS-SEM Analysis


PLS-SEM analysis come from two statistical traditions: linear regression and factor analysis. PLS-SEM models use theoretical concepts in the form of constructs or latent variables, such as unobserved variables, which are measured through indicators, data, or manifest variables [62]. Wold [63] was the author and developer of the PLS-SEM algorithm whose objective is to minimize the residual variances of the endogenous variable to be explained [64]. The basic PLS algorithm applies a two-stage method. In the first stage, the constructs’ scores are iteratively estimated through a four-step procedure. The second stage computes the final estimates of coefficients (outer weights, loadings, and path coefficients) using the ordinary least squares method for each partial regression model [65].



The evaluation of a traditional PLS-SEM model requires firstly specifying the measurement model and secondly evaluating the structural model where the hypotheses are tested. In our case, there were two types of measurement relationships between indicators/items and constructs: reflective and formative [66]. Depending on the direction of the causal relationship between the latent variable and its indicators, a series of different criteria were verified according to the reflective or formative model (for more details, see [67,68,69]). Thus, in the case of reflective models, the causal relationship goes from the latent variable to the indicators, and in formative models the opposite. Reflective or A-mode models were assessed using four criteria: individual item reliability, construct reliability, convergent validity, and discriminant validity; formative or B-mode models were evaluated using the criteria of multicollinearity between items. With the specification of the measurement scale, it was possible to verify that the relationships among indicators and their constructs were valid and reliable, regardless of the measurement mode used. Once it was determined that the measure was valid and reliable, the structural analysis of the model was carried out. PLS-SEM used various criteria for structural validation, such as coefficients of determination (R2), size of effects (f2), and predictive validity (Q2). The analysis of composites in PLS-SEM allows the calculation of latent variable scores as an exact linear combination of the indicators, which can be used to aggregate higher-order constructs [64,70]. Apart from being able to estimate mediation and moderation effects with multiple latent variables, PLS-SEM analysis allows analyzing of models with lower-order constructs (LOC) and higher-order constructs (HOC).



When using PLS composites, we consider the LOC as a mediator or aggregator between the indicators or dimensions, that is, the latent variable scores of the LOCs that constitute the HOC [71,72]. Therefore, we can build more parsimonious models [73] by grouping the relationships of sets of variables that make joint theoretical sense [74] and can be interpreted as a unit without losing the effect of each one of them separately. This is especially relevant as the number of variables increases, and the correlation between them and/or the sample size decreases. In such circumstances, multiple regression models without SEM can be strongly affected by net suppression conditions between variables with a high correlation between them [75]. In our particular case, the constructs that we wanted to examine were fairly complex and different from those first-order components in which constructs located on the same plane or level are considered. In this sense, constructs can be designed according to higher-order components (HOC). This type of model frequently requires higher-order structures to be examined, including various levels of components [68,76]. For example, the health system’s quality represented by the health system performance construct in our model can be specified based on multiple abstraction grades. Mainly, quality can be constituted by various first-order components that separately identify numerous quality features. These may include safety and patient satisfaction through patient opinions, effectiveness, or relevance in the healthcare context. These first-order components or lower order components (LOC) make up the second-order component or higher-order components (HOC) of the quality of the system (health system performance), which presents a greater degree of abstraction.



Rather than modeling quality attributes as drivers of overall respondent quality in a unique level latent variable (see Figure 2), the higher-order model entails combining the lower order constructs into a single multidimensional construct. This modeling procedure is conducive to greater theoretical parsimoniousness and decreases the model’s complexity, as shown in Figure 3.



Researchers can choose between different approaches to identify the higher-order construct, with alternative approaches to repeated and two-step indicators being the most commonly used in the literature [77]. This work chose the two-step disjoint approach because it shows a better recovery of path parameters [78]. The disjointed approach was initially only based on evaluating the lower-order components’ measurement model. These were directly related to all other constructs with which the higher-order construct is theoretically related (see Figure 2). That is, in this first step, we verified compliance with the criteria related to the measurement model of the PLS-SEM algorithm for the lower-order constructs. Thus, in the case of constructs in mode A, the criteria tested were individual item reliability, construct reliability, convergent validity, and discriminant validity; while for B-mode constructs, multicollinearity was verified [67]. During these checks, those eliminations of items that did not meet the criteria were made, subsequently providing the scores of the lower-order constructs. The scores’ construct values were then saved, but only those of the lower-order constructs—in our case, the scores of the LOC effectiveness, safety, opinions, and pertinence to build the HOC health system’s performance; resources, utilization, and expenses to form the HOC health system’s sustainability; and the LOC well-being, mortality, and morbidity for the HOC health–disease status. In stage two, these scores are used as indicators to measure the corresponding higher-order construct. Therefore, we apply the PLS-SEM algorithm again in this second step, but exclusively for higher-order constructs with their lower-order dimensions as indicators. In this second step, the PLS-SEM algorithm was fully developed to evaluate both the measurement model and the structural model [78]. The criteria applied to verify the structural model were the inner model variance inflation factor, path coefficients, coefficient of determination, effect sizes, and predictive relevance.



According to Law et al. [79], a construct is higher-order or multidimensional when it refers to a set of different but related dimensions that must be treated as a single theoretical concept. This construct should not be confused with the one-dimensional construct or those multiple variables that manifest a relationship with each other but correspond to more than one theoretical concept. Consequently, a multidimensional construct is conceptualized based on its dimensions and, therefore, does not exist separately. Higher-order constructs constitute a holistic representation of a very complex reality, and their modeling increases the variance explained by the proposed model [80]. In addition, they reduce the number of relationships of the path model, as we can see in Figure 3, achieving greater model parsimony.




2.2. Specification of PLS-SEM Model


The specification of the higher-order model on Spanish health–disease status required defining the set of HOC constructs and the set of indicators related to the lower-order constructs. In this vein, the dimensions included in the health system performance’s higher-order construct were the following:



Effectiveness (LOC): Effectiveness in health care refers to the degree to which an intervention—service, process, procedure, diagnostic test, or treatment—produces the desired result. It includes the following indicators: “birth of children from less-than-20-year-old women for every 100 births”, “incidence of tetanus per 100,000 inhabitants”, “incidence of hepatitis B per 100,000 inhabitants”, and “incidence of mumps per 100,000 inhabitants”.



Safety (LOC): This dimension refers to how the health system provides safe care and care to the patient. This involves minimizing the unnecessary risk of harm to the patient, which manifests itself in the absence of accidental injuries attributable to the provision of care or medical errors. Healthcare that promotes patient safety in the provision of care involves risk management; recording, analysis, and monitoring of incidents; and implementing solutions to minimize recurrence risk. This includes the following indicators: “reporting rate of suspected serious adverse reactions to medicines”, “intrahospital mortality post-infarction per 100 highs from a heart attack”, and “lower member amputation rate in diabetic people”. In fact, incident reporting and monitoring are measured with these three indicators.



Opinion or Patient Satisfaction (LOC): One of the critical components of quality is the system’s responsiveness to patient preferences, attitudes, and expectations. Patient-centered care is defined as one that establishes a good interrelationship between professionals and patients to ensure that decisions made regarding patients’ care process take into account their needs, desires, and preferences, ensuring that these patients have the necessary training and support for effective participation. In a health system whose social legitimacy rests on reliability, satisfaction, and trust, this is understood as a significant quality component to generate a positive experience for patients and the population in contact with services. This includes indicators such as “degree of satisfaction of citizens with the functioning of the public health system”.



Pertinence (LOC): The degree to which users receive the care they need, with the best use of resources according to available scientific evidence and side effects, is less than the potential benefits. This includes the following indicators: “laparoscopic cholecystectomy”, “conservative breast cancer surgery”, and “hip fracture patients with surgery in the first 48 h”.



On the other hand, the dimensions included in the health system sustainability’s higher-order construct were the following:



Expenses (LOC): Disbursement of goods and services intended to preserve, maintain, recover, or improve the population’s health level. This includes indicators such as “percentage of health expenditure on primary care”, “percentage of pharmacy expenditure”, and “percentage of expenditure in specialized care”, among others.



Utilization (LOC): Citizens take advantage of health services. This includes, among others, indicators such as “frequentation in specialized care inquiries (% SNS)” or “rates of surgical interventions (% SNS)”.



Resources (LOC): High-quality healthcare requires the availability of sufficient resources to meet individual and population needs. The system’s capacity refers to economic resources, infrastructure, equipment, human resources, medical devices, medicines, and health service technologies, including information and communication technologies. This includes, among others, indicators such as “medical staff in specialized care per 1000 inhabitants (% SNS)”, “nursing staff in specialized care per 1000 inhabitants (% SNS)”, “hospital beds in operation (% SNS)”, and “posts in day hospitals per 1000 inhabitants (% SNS)”.



Finally, the dimensions included in the health–disease status higher-order construct (HOC) were the following:



Well-being (LOC): Health well-being is measured through life expectancy, which is the average number of years a given absolute or total population lives in a certain period. This includes, among others, indicators such as “life expectancy at birth” and “life expectancy at 65 years”.



Mortality (LOC): This is the proportion of people who die from the total population over a period of time, usually expressed as the proportion per one hundred thousand per year. This includes, among others, indicators such as “age-adjusted mortality rate from ischemic heart disease per 100,000 inhabitants”, “age-adjusted mortality rate from cerebrovascular disease per 100,000 inhabitants”, and “age-adjusted mortality rate from cancer per 100,000 inhabitants”.



Morbidity (LOC): Morbidity is a sick state, disability, or poor health due to any cause. The term can refer to any form of disease or to the extent that a health condition affects the patient. This includes, among others, indicators such as “incidence of tuberculosis per 100,000 inhabitants”, “incidence of new HIV diagnoses”, and “adjusted hospitalization rate for acute myocardial infarction per 10,000 inhabitants (SNS).”



Likewise, the definitions of the individual indicators with their corresponding lower-order constructs and their modes of measurement are shown in Table 1 below.




2.3. Data and Sample


In the sample configuration, data from key indicators of Spain’s national health system from 2008 to 2017 were used. The model was tested with a secondary dataset and used repeated cross-sectional data [81]. The Spanish Ministry of Health, Social Services, and Equality (MHSE) has a statistical portal with information about each autonomous community’s average national health system key indicators. Of the total of 19 autonomous communities existing in Spain, the lack of data from two of them (Ceuta and Melilla) led to them being excluded, leaving the sample composed of 17 autonomous communities. Faul, Erdfelder, Buchner, and Lang [82] explain the minimum sample size required when we set an effect size f2 of 0.15 and a significance level of 0.05, using the statistical program G * Power. Our results show a minimum size of 103 observations for a statistical power of 0.8. Therefore, the minimum sample size required of 103 observations is less than the 165 used.



The selection of sets of indicators is a procedure used by different supra- and international organizations that are beginning to use said sets of indicators or are in the process of preparing them. Among them, the European Commission works to obtain comparable information on health, the habits of the population related to health and diseases, and health systems. The objective of the commission is to have an integrated system of indicators, common at the European level, whose work scheme is based on the ECHI (European Community Health Indicators) project. At the Spanish level, the country has significantly developed its health information systems in order to obtain executive and multidimensional information. In Spain, this is known under the generic name of “key indicators of the SNS”, which also serve as the basis for submitting the information to the ECHI project of the European Commission. The conceptual model of the European Core Health Indicators (ECHI) was adapted to the Spanish national health system’s characteristics, which determined the relationships between the constructs. In this sense, Table 1 presents a summary of all the variables and indicators included in the model, their acronyms, and the data sources used.



The series of indicators used are grouped around their meaning, and some indicators are both secondary and primary care and/or exclusive to one of the two types, depending on the case. For example, the indicator “EX2—Percentage of health expenditure in pharmacy” includes the pharmaceutical expenses of both hospitals and primary health centers. However, for example, the indicator “EX1—Percentage of health expenditure in primary care” is exclusive to primary care centers, while the indicator “U2—Hospitalizations (% NHS)” is exclusive to secondary care centers, that is, hospitals. This means that the key indicators of the SNS used in this work include both information from secondary care data and information from primary care data.



Concerning the higher-order construct (see Table 2) health–disease status, 24 items were used grouped into three theoretical dimensions: mortality, morbidity, and well-being [12]. To measure quality or health system performance (HS performance), we follow Cinaroglu and Baser’s [10] recommendations. A scale of 13 items initially grouped into four dimensions was used: effectiveness, opinion, safety, and pertinence. Finally, health system sustainability (HS sustainability) was measured with the scale proposed by Valls Martínez and Ramírez-Orellana [47], consisting of 24 items grouped into three dimensions: utilization, resources, and expenses. The second-order HS performance and health–disease status constructs were mixed type [76], and according to the results of confirmatory tetrad analysis, we considered the formative-formative type for HS sustainability.





3. Assessing PLS-SEM Results


This section presents the results of applying the disjoint two-step method to our higher-order component model. Initially, at the first step, the PLS algorithm was performed to evaluate the lower-order composites’ measurement model. The second step evaluated both the measurement model and the structural model of the higher-order composites. The evaluation of the measurement model allowed us to check the validity and reliability of the proposed scales, before proceeding to evaluate the structural model (see Figure 3).



3.1. Evaluation of LOC Measurement Model


The lower-order composites measurement model was evaluated concerning the four criteria identified to meet the models’ reliability and validity: individual item reliability, construct reliability, convergent validity, and discriminant validity.



3.1.1. Reflective Measurement Model


	
Individual item reliability LOC






According to the latent variables’ specifications (see Table 1), only the opinion and well-being constructs were measured in mode A. Therefore, we refined those items with load values lower than the reference value of 0.707 [83]. According to this criterion, the second item of the opinion composite (level of satisfaction of citizens with their historical knowledge and monitoring of their health status by the family doctor and pediatrician) was eliminated due to not exceeding the reference threshold.



	
Construct Reliability LOC






The Cronbach alpha coefficient (α), the Dijkstra–Henseler (ρA) index, and the composite reliability statistics were calculated to check the construct reliability criterion [78]:


   C r o n b a c h ’ s   α =   N ⋅  c ¯    1 + ( N − 1 ) ⋅  c ¯        ρ A  : =   (   w ^  ′   w ^  )  2  ⋅     w ^  ′    S − d i a g ( S )    w ^      w ^  ′     w ^    w ^  ′  d i a g (  w ^    w ^  ′  )     w ^  ′        ρ C  =         ∑  i = 1  N    l i       2          ∑  i = 1  N    l i       2  +   ∑  i = 1  N   var (  e i  )     ,   








where N is the number of lower-order components (  i = 1 , 2 , … , N  );   c ¯   is the average correlation between the lower-order components;   w ^  ′ is the higher-order constructs‘ estimated weight vector, and the number of lower-order constructs is the dimension of   w ^  ; S is the empirical covariance matrix of the lower-order components;    l i    is the loading of the lower-order component i in a particular higher-order construct; and   var (  e i  )   is the measurement error’s variance of the lower-order component i.



All three indicators share the same benchmark threshold of 0.7 [84,85], and this was met for the sample data (see Table 3).



	
Convergent validity LOC






The convergent validity of the model’s constructs was verified by analyzing the average variance extracted (AVE) [78]:


  AVE =  1 N    ∑  i = 1  N    l i 2    .  











The AVE values in this study were 0.793 for opinion and 0.672 for well-being. These results are adequate as the values should be above 0.5, according to Hair et al. [67].



	
Discriminant validity LOC






To close the LOC measurement analysis in mode A, the discriminant validity was verified through the HTMT ratio of the higher-order constructs Yi and Yj developed by Henseler, Ringle, and Sarstedt [86]:


  HTMT =    1   K i   K j      ∑  g = 1    K i       ∑  h = 1    K j      r  i g , j h            2   K i  (  K i  − 1 )     ∑  g = 1    K i  − 1      ∑  h = g + 1    K i      r  i g , j h     ⋅  2   K j  (  K j  − 1 )     ∑  g = 1    K j  − 1      ∑  h = g + 1    K j      r  j g , j h              








where Ki (respectively Kj) is the number of lower-order constructs considered as indicators of the higher-order construct Yi (respectively Yj); and    r  i g , j h     is the correlations of the lower-order constructs within and across the higher-order constructs Yi and Yj. Observe that the numerator represents the average heterotrait–heteromethod correlation, and the denominator is the geometric mean of the average monotrait–heteromethod correlation of construct Yi and the average monotrait–heteromethod correlation of construct Yj.



The ratio should not exceed the threshold value of 0.85 or 0.90 [87]. In this study, the HTMT ratio had a value of 0.409, thus reaching discriminant validity.



The Fornell and Larcker [88] criterion was also used to measure discriminatory validity. This criterion explains that the amount of variance that a construct captures from its indicators (AVE) should be greater than the variance that such as construct shares with other constructs in the model (the squared correlation between the two constructs). To facilitate this assessment, the root square of the AVE of each latent variable should be greater than the correlations it has with the other latent variables in the model.



The values indicating that there is an adequate discriminatory validity according to the Fornell and Larcker criterion are shown in bold on the diagonal (see Table 4).




3.1.2. Formative Measurement Model


	
Collinearity of mode B indicators’ LOC






As the measurement mode A models have been evaluated in the previous subsections, it is now necessary to assess the formative measurement models, or mode B. To do this, within the two-step method in higher-order models, we examine the degree of collinearity of the indicators in mode B. If there is multicollinearity, we proceed to eliminate these items. For items EX4, EX7, U2, U4, U5, RE2, RE5, RE7, MT1, and MT6 (see Table 2), variance inflation factor (VIF) values equal to or greater than 5 were found, which indicated a multicollinearity problem, and they were eliminated from the model. The VIF of the k-th indicator is calculated as follows:


    VIF  k  =  1  1 −  R k 2    ,  








where    R k 2    is the explained variance of the k-th regression. A high value of    R k 2    denotes that the variance of the k-th indicator can be explained by other items of the construct.



	
Compute the LOC scores






Finally, the disjoint two-stage approach does not interpret the model estimates. According to the PLS algorithm, it proceeds to compute the lower-order constructs scores to use as new variables to measure the higher-order construct in stage two. The lower order components are linked to all other constructs that the higher-order construct is theoretically related to, as shown in Figure 2. In evaluating the HOC model, these scores are used as indicators of the higher-order construct [78].





3.2. Evaluation of HOC Measurement Model


3.2.1. Reflective Measurement Model


	
Individual item reliability HOC






The reflective indicators’ individual reliability is valued by examining the factorial loads (λ) or simple correlations of the measures or indicators with their respective construct. The indicators are reliable if λ ≥ 0.707 [83]. Several researchers argue that this heuristic rule should not be as rigid in the early stages of scale development [64] or when scales apply to different contexts [89].



In the model, the values for loads conform to what is recommended (see Table 5); however, the health–disease status construct has a negative value for the well-being dimension (−0.860). This value means that the condition is satisfied, since the squared value of −0.86 is 0.74, so the variance is explained in 74%; therefore, it must maintain the well-being item.



	
Construct Reliability HOC






The measurements are the Cronbach alpha coefficient (α), the ρA index, and composite reliability.



Composite reliability is more appropriate than Cronbach alpha for PLS, as it does not assume that all indicators receive the same weight [84]. The value of 0.7 is suggested as an appropriate level for “modest” reliability in the early stages of research, and a stricter 0.8 or 0.9 for more advanced research stages. Dijkstra–Henseler index (ρA) was also evaluated and is considered to be a measure of consistent reliability [85].



As shown in Table 6, the Dijkstra–Henseler index (ρA) value meets the recommended threshold to conform with our evaluation. Dijkstra and Henseler [85] presented their index ρA as an exact and consistent measure of construct reliability, since Cronbach’s alpha is conservative in excess and composite reliability the opposite.



	
Convergent validity HOC






Convergent validity implies that a set of indicators represents a single underlying construct, demonstrated by its one-dimensionality [90]. For average variance extracted (AVE) values, it is recommended that their values be equal to or greater than 0.50. In this case, the health–disease status with a 0.845 value of AVE is given validity.



	
Discriminant validity HOC






Discriminant validity indicates the extent to which a given construct is different from other constructs. We measure it through the Fornell and Larcker criterion.



The values indicating that there is an adequate discriminatory validity according to the Fornell and Larcker criterion are shown in bold on the diagonal (see Table 7).




3.2.2. Formative Measurement Model


The measurement model for mode B composites (HS performance and HS sustainability) was evaluated in terms of collinearity between indicators, significance, and relevance of external weights.



First, discarding indicators was carried out when the indicator exceeded the variance impact factor (VIF > 5). As a result of this process, all the HOC indicators remained without collinearity.



Second, the relevance of weights was analyzed. Figure 3 shows the relevance of indicators within their construction.



Thus, for the latent higher-order HS performance, the most positively relevant dimensions were effectiveness and safety. Additionally, opinion has negative relevance, while pertinence lacked weight within the system’s quality with a weight of 0.05, very close to zero.



For the HS sustainability higher-order variable measured through its dimensions, it was established that expenses are the most weighted dimension, followed by resources and, finally, utilization. All three dimensions bring positive relevance to the construct.



Finally, to evaluate the significance, we can start bootstrapping with 10,000 subsamples to check if the external weights are significantly different from zero, that is, the minimum recommended by Hair, Ringle, and Sarstedt [91]. Since weights provide information on their contribution, they can be classified according to their respective composition [64]. Indicators with a non-significant weight but with significant loads of 0.50 or more were considered relevant [64]. Our results show that all the indicators’ weights were significant, except pertinence (Table 8).





3.3. Evaluation of HOC Structural Model


Once the measures of the constructs were verified to be appropriate, the structural model was assessed.



3.3.1. Evaluation of Path Coefficients


Path coefficients and their significance are reported in Table 9 and Figure 3, with their 10,000 bootstrap resampling levels. In addition, Table 9 shows that the VIF of the constructs ranged from 1.000 to 3.152, suggesting that collinearity is not a problem. This study also evaluated quality by verifying that the Q2 value is greater than 0.5, which shows a situation of high predictive relevance [67]. This suggests a good fit in model prediction.



Our results suggest that HS performance has a positive and significant impact on health–disease status at a level of 5%; the higher the quality of the system, the higher the health–disease status. Additionally, HS sustainability has a significant but negative impact on health–disease level, suggesting that the health system’s higher sustainability lowers the rate of morbidity and mortality. Likewise, HS sustainability’s influence on HS performance is negative and significant. In short, all model hypotheses that relate latent variables to each other are accepted (H1, H2, and H3).



We analyzed the mediation (H4) hypothesis, resulting in the indirect effects being significant [92]. The indirect effect of HS sustainability on health–disease status through HS performance was positive and significant (p-value 0.000), supporting H4 (Table 9). The direct effect was also significant, which indicated that the mediation effect was partial [93]; HS sustainability directly influenced health–disease status (H1), and indirectly influenced it through HS performance. The value of the variance accounted for (VAF) indicated that the mediated ratio was 67.31% of HS sustainability’s total effect on health–disease status (see the indirect effect in Table 9):


  VAF =    indirect   effect     total   effect    .  












3.3.2. Assessment of the Coefficient of Determination (R2)


The coefficient of determination (R2) represents a measure of predictive power. It indicates the amount of variance of a construct explained by the predictor variables of that endogenous construct in the model. R2 values range from 0 to 1; the higher the value, the more predictive capacity the model has for that variable.



The values of R2 should be high enough for the model to reach a minimum level of explanatory power. Falk and Miller [94] suggest at least ≥ 0.10; Chin [64] states that 0.67 is substantial, 0.33 is moderate, and 0.19 is weak.



The health–disease status construct’s predictive level, with a value of 0.842, can be considered more than substantial (see Table 9). The HS performance constructs with a value equal to 0.680 are also more than substantial because they exceed 67% and are close to 1 (see Table 9).




3.3.3. Review of Effect Sizes (f2)


The effect sizes (f2) value the degree to which an exogenous construct helps explain a certain endogenous construct in terms of R2 [95]:


   f 2  =    R  included  2  −  R  excluded  2    1 −  R  included  2    ,  








where    R 2    is calculated including and excluding a specific predictor construct in the model.



A Cohen [95] heuristic rule for evaluating f2 holds that 0.02 ≤ f2 < 0.15 is a small effect; 0.15 ≤ f2 < 0.35 is a moderate effect; and f2 ≥ 0.35 is a large effect.



The results in Table 10 show that the effect between the exogenous construct HS sustainability and its contribution to the endogenous construct health–disease status (0.125) was small and significant, while HS performance (2.152) had a large effect. In contrast, the HS performance construct with health–disease status, with a value of 0.766, had a significant and large effect.






4. Discussion


The results of this study have important implications for hospital managers and policymakers. Healthcare officials and managers will have one more tool with which to establish the determinant factors for achieving their objective: to improve the population’s health and quality of life. The findings revealed that health system sustainability had a negative effect on health–disease status, measured in terms of mortality and morbidity rates. However, the relationship between health system performance and health–disease status is positive.



We analyzed 61 indicators belonging to lower-order components that define three higher-order components. Data were obtained from the Spanish Ministry of Health Social Services, and Equality for the entire Spanish territory, except Ceuta and Melilla, for the period between 2008 and 2017. The applied technique was partial least squares structural equation modeling (PLS-SEM).



The health–disease status construct, composed of three lower-order components, was reflected in two components of disease incidence and mortality with loads in a positive sense, presenting the well-being dimension’s inverse correlation with the value of the construct. Therefore, the model was further delimited by mortality and morbidity. In other words, the latent variable health–disease status was defined more by incidences of diseases than by health status in a positive sense. For example, a previous study discovered that the mortality rate increases when the person suffers from heart disease or cancer and, on the other hand, when the patient is hospitalized through an emergency unit [60]. A previous study indicated that injured people have a higher Charlson Comorbidity Index (CCI) than non-injured people, that is, pre-injury morbidity was higher [96].



A positive relationship between the constructs of health system performance and health–disease status was confirmed. The most relevant dimensions were effectiveness and safety, in this order, and lastly, pertinence with a non-significant influence. One of the most investigated components of effectiveness is the quality of the system, which, for example, can materialize in annual tests of hemoglobin A1C in diabetic patients and the use of aspirin in cases of myocardial infarction [6]. Moreover, opinion had a negative effect on performance. This clearly confirmed patient satisfaction as an indicator of quality care [97]. Despite this, the patient being in a state of discomfort might not be the best criterion when evaluating the health system [98].



Moreover, health system sustainability negatively influenced health–disease status, which shows that increases in expenditures, resources, and extent of use in the healthcare system improve the population’s health, reducing mortality and morbidity or increasing well-being. The three dimensions analyzed have a positive influence on the formative construct. The weights inform us about the contribution of the indicators to the construct. The indicator with the most weight was expenses, followed by the allocation of resources, and lastly, the use and exploitation of health services by citizens. When public agencies provide an adequate allocation of resources according to the patients’ needs, not only are effective, safe, and timely results offered—the efficiency of the system is improved [34]. It would be interesting for health systems to also invest their resources in prevention. For example, cardiovascular diseases, in many cases, and especially in young patients, are driven by behaviors that can be avoided, such as a sedentary lifestyle, smoking, poor diet, and alcohol consumption [99]. In another way, the literature shows that between 25% and 40% of cardiovascular diseases are attributable to work-related stress. For this reason, health systems policymakers should also address issues related to occupational health psychology, not only for mental morbidity, but also for other diseases that include the risk of death [41]. However, a study revealed that depression is a common factor in hospitalized patients, and when it is present, the risk of death after myocardial infarctions is higher [38]. On the other hand, hospital readmission is higher when it comes to cardiac patients [58].



Our research indicated that the health system’s better performance would be reflected as a better health–disease status of the population, which is consistent with the bibliography, which considers that with greater effectiveness and safety in the health system, the patient will obtain the desired results in a safe way [30]. Moreover, according to another study, we can observe that efficiency showed a negative relationship with mortality rates because the treatment’s efficiency allows better clinical results to be obtained [60]. Effectiveness is one of the health system’s performance indicators and reflects the effect that its treatment and interventions have on the health–disease status of the population [10]. A study carried out with exclusive data from hospitals revealed that the most competent and efficient hospitals have lower mortality rates [60].



Maintaining a sustainable health system is the basis for improving people’s health [2,28,34]. Hospitals that do not allocate their resources properly are more insecure, which means that they are more likely to have unwanted clinical events [34]. In that sense, the authorities must improve the services’ quality and deliver services effectively and professionally [32]. The results showed an inverse relationship between sustainability and health–disease status. In other words, better spending, resource allocation, and use of the health system lowers the incidence of diseases and improves health, which also explains the negative influence of sustainability on performance, since adequate management of resources and expenses will lead to a better-quality system. Tumors are the second leading cause of death in women worldwide. In this sense, the health system must promote and be able to attend on time the periodic controls that are required [42]. A previous study found that when it comes to diseases such as diabetes or lung conditions, patients adhere less to treatments. Therefore, the health system administration should direct its efforts to persuade the population by communicating with and educating them about the need to control these diseases [52]. The direct and indirect effects of sustainability on health–disease status were confirmed. The mediating effect, through the performance construct, was 32.09% of the total effect.



A favorable health–disease status of the population will require decision making by public authorities regarding the right laws of health in accordance with the WHO. This will imply implementing an efficient financing system with sufficient budgetary allocation to stimulate the system’s performance [18,19]. Thus, for example, spending on primary and specialized medicine are basic pillars, passing through the distribution of facilities that allow accessibility and use of the resources invested in the national health system [47]. All the budgetary allocation to cover expenses and resources must be done with balance, regardless of whether the healthcare offer is public and/or public–private arrangements, as is the case in some Spanish regions, hence the necessary regulation of the private–public provider mix. Regarding health system performance, the authorities must effectively attend to the composition of essential services packages to reduce health incidents. Another important factor in performance is having a good management and information system that allows data to be available at an opportune moment to make decisions that may affect the health system [6].



In this empirical study, the created model predicts the population’s health–disease status as 84.2%, which is considered more than substantial. On the other hand, the performance construct explained 68% of the variance.



Although our research model uses the Spanish Ministry of Health, Social Service, and Equality data to verify our hypotheses, there remain some limitations. One limitation was due to the phenomenon of the invisibility of data [1] related to social care arrangements. In addition, our results are based solely on the Spanish territory, which opens up the possibility that the findings are specific only to this country. Future research should be focused on other countries. Furthermore, differences in the patient’s gender, educational level, socioeconomic level, and other characteristics could yield interesting results in the future. Otherwise, future research could try to compare the performance of different secondary care centers, that is, hospitals, within the national territory, in order to verify if there are differences between autonomous communities (since in Spain it is the autonomous communities who have health competence).




5. Conclusions


Using the structural equation modeling approach, we developed a health–disease status model. The research reveals that a health system’s administrators and government must pay their attention to continuously improving health system performance and health system sustainability to fulfill their ultimate goal, which is to enhance citizens’ health–disease status.



The study’s findings showed that patient health improves when the health system’s performance is excellent, effective, and safe. Furthermore, patient health improves when the health system is sustainable over time, which implies that expenses, resources, and the use made of medical services are consistent with the needs of patients and do not compromise their future needs. Furthermore, health system performance mediates the relationship between sustainability and health–disease status. In other words, sustainability has a double effect (direct and indirect) on health–disease status.
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Figure 1. The theoretical model of health–disease status in Spain. 
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Figure 2. The first step: lower order components’ measurement model. 
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Figure 3. The second step: higher-order composites’ structural model. Health system sustainability, health system performance, and health–disease status are higher-order constructs (HOC). 






Figure 3. The second step: higher-order composites’ structural model. Health system sustainability, health system performance, and health–disease status are higher-order constructs (HOC).



[image: Mathematics 09 01228 g003]







[image: Table] 





Table 1. Composites and description of indicators.
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Composites

	
Indicators

	
Description






	
Effectiveness

(Mode B)

	
EF1

	
Birth of children from women less than 20 years old for each 100 births




	
EF2

	
Incidence of tetanus per 100,000 inhab.




	
EF3

	
Incidence of hepatitis B per 100,000 inhab.




	
EF4

	
Incidence of mumps per 100,000 inhab.




	
Safety

(Mode B)

	
SA1

	
Rate of suspected severe adverse effects rate to medication notified per 1,000,000 inhab.




	
SA2

	
Intrahospital mortality of post-heart attack for every 100 discharges per a heart attack




	
SA3

	
Amputation rate of the lower limb in diabetes patients




	
Opinion

(Mode A)

	
O1

	
Level of satisfaction of citizens with the public health system




	
O2 *

	
Level of satisfaction of citizens with their historical knowledge and the tracking of their health condition by their family doctor and pediatrician




	
O3

	
Level of satisfaction of citizens with the information provided by their doctor about their health condition




	
Pertinence

(Mode B)

	
PE1

	
Percentage of laparoscopic cholecystectomy




	
PE2

	
Percentage of conservative breast cancer surgery




	
PE3

	
Percentage of hip fracture patients with surgery in the first 48 h




	
Expenses

(Mode B)

	
EX1

	
Percentage of health expenditure in primary care




	
EX2

	
Percentage of health expenditure in pharmacy




	
EX3

	
Public health expenditure per covered population




	
EX4 *

	
Percentage of health expenditure in specialized care




	
EX5

	
Percentage of health expenditure on salaries




	
EX6

	
Percentage of health expenditure on intermediate consumption




	
EX7 *

	
Percentage of health expenditure on public–private contract




	
EX8

	
Percentage of health expenditure on internship training




	
Utilization

(Mode B)

	
U1

	
Consultations with specialist doctors (% NHS)




	
U2 *

	
Hospitalizations (% NHS)




	
U3

	
Surgical interventions (% NHS)




	
U4 *

	
CT utilization (% NHS)




	
U5 *

	
Use rate of nuclear magnetic resonance (% NHS)




	
U6

	
Hemodialysis usage (% NHS)




	
U7

	
Hemodynamic usage (%NHS)




	
Resources

(Mode B)

	
RE1

	
Specialist doctors (% NHS)




	
RE2 *

	
Specialized nursing (% NHS)




	
RE3

	
Beds in operation (% NHS)




	
RE4

	
Day hospital places (% NHS)




	
RE5 *

	
Operating rooms (% NHS)




	
RE6

	
CT equipment (% NHS)




	
RE7 *

	
Nuclear magnetic resonance equipment (% NHS)




	
RE8

	
Hemodialysis equipment (% NHS)




	
RE9

	
Hemodynamic equipment (% NHS)




	
Well-being

(Mode A)

	
WB1

	
Life expectancy at birth




	
WB2

	
Life expectancy at 65 years




	
WB3

	
Healthy life years at birth




	
WB4

	
Healthy life years at the age of 65 years




	
Mortality

(Mode B)

	
MT1 *

	
Ischemic heart disease mortality rate per 100,000 inhab.




	
MT2

	
Cerebrovascular disease mortality rate per 100,000 inhab.




	
MT3

	
Cancer mortality rate per 100,000 inhab.




	
MT4

	
Chronic obstructive pulmonary disease mortality rate per 100,000 inhab.




	
MT5

	
Pneumonia and influenza mortality rate per 100,000 inhab.




	
MT6 *

	
Chronic liver disease mortality rate per 100,000 inhab.




	
MT7

	
Diabetes mellitus mortality rate per 100,000 inhab.




	
MT8

	
Unintentional accidents mortality rate per 100,000 inhab.




	
MT9

	
Suicide mortality rate per 100,000 inhab.




	
MT10

	
Alzheimer’s mortality rate per 100,000 inhab.




	
Morbidity

(Mode B)

	
MB1

	
Tuberculosis incidence




	
MB2

	
New HIV diagnosis




	
MB3

	
Diabetes in adult population




	
MB4

	
Acute myocardial infarction hospitalization per 10,000 inhab. (NHS only)




	
MB5

	
Cerebrovascular disease hospitalization per 10,000 inhab. (NHS only)




	
MB6

	
Chronic obstructive pulmonary disease hospitalization per 10,000 inhab. (NHS only)




	
MB7

	
Diabetes mellitus hospitalization per 10,000 inhab. (NHS only)




	
MB8

	
Hypertensive disease hospitalization per 10,000 inhab. (NHS only)




	
MB9 *

	
Congestive heart failure hospitalization per 10,000 inhab. (NHS only)




	
MB10

	
Victims of traffic accidents




	
MB11

	
Work accidents




	
MB12

	
Frequency of work accidents








Source: Ministry of Health, Social Services, and Equality (MHSE), 2008–2017. * These indicators were not included in latent variables due to the multicollinearity criteria of PLS-SEM or item reliability.
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Table 2. Hierarchical component of study.
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Lower Order Composites

	
Higher-Order Composites






	
Effectiveness

	
Health system performance




	
Safety




	
Opinion




	
Pertinence




	
Expenses

	
Health system sustainability




	
Utilization




	
Resources




	
Well-being

	
Health–disease status




	
Mortality




	
Morbidity








Source: Own elaboration.
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Table 3. Construct reliability LOC.
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	Constructs
	Cronbach Alpha
	ρA
	Composite Reliability



	Opinion
	0.774
	1.210
	0.884



	Well-being
	0.841
	0.878
	0.890







Source: Own elaboration.
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Table 4. Fornell and Larcker criterion LOC.
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	Constructs
	EF
	EX
	MB
	MT
	O
	PE
	RE
	SA
	U
	W−B





	EF
	n/a
	
	
	
	
	
	
	
	
	



	EX
	−0.537
	n/a
	
	
	
	
	
	
	
	



	MB
	0.854
	−0.71
	n/a
	
	
	
	
	
	
	



	MT
	0.846
	−0.635
	0.873
	n/a
	
	
	
	
	
	



	O
	−0.271
	0.364
	−0.452
	−0.369
	0.891
	
	
	
	
	



	PE
	−0.186
	0.342
	−0.136
	−0.033
	0.167
	n/a
	
	
	
	



	RE
	−0.548
	0.421
	−0.627
	−0.555
	0.614
	0.141
	n/a
	
	
	



	SA
	0.578
	−0.622
	0.673
	0.599
	−0.188
	−0.199
	−0.422
	n/a
	
	



	U
	−0.405
	0.112
	−0.382
	−0.465
	0.341
	−0.104
	0.403
	−0.252
	n/a
	



	W−B
	−0.657
	0.543
	−0.665
	−0.761
	0.367
	0.110
	0.519
	−0.405
	0.431
	0.820







Source: Own elaboration.
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Table 5. Individual item reliability HOC.
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	Constructs
	Morbidity
	Mortality
	Well-Being





	Health–disease Status
	0.934
	0.960
	−0.860







Source: Own elaboration.
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Table 6. Construct reliability HOC.
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	Construct
	Cronbach Alpha
	ρA
	Composite Reliability





	Health–disease Status
	−0.876
	0.926
	0.696







Source: Own elaboration.
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Table 7. Fornell and Larcker criterion HOC.
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	Constructs
	Health–Disease Status
	HS Performance
	HS Sustainability





	Health–disease St.
	0.919
	
	



	HS Performance
	0.890
	n/a
	



	HS Sustainability
	−0.821
	−0.826
	n/a







Source: Own elaboration.
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Table 8. Significance of weights.
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Constructs

	
Original Sample

	
t

	
Loadings

	
Lo95

	
Hi95






	
Health System Sustainability

	

	

	

	




	
Expenses

	
0. 600 ***

	
9.974

	
0.810

	
[0.479;

	
0.714]




	
Resources

	
0. 413 ***

	
7.978

	
0.798

	
[0.314;

	
0.517]




	
Utilization

	
0. 328 ***

	
6.194

	
0.562

	
[0.220;

	
0.427]




	
Health System Performance

	

	

	

	




	
Effectiveness

	
0. 639 ***

	
14.307

	
0.902

	
[0.547;

	
0.723]




	
Opinion

	
−0. 367 ***

	
7.616

	
−0.588

	
[−0.459;

	
−0.270]




	
Pertinence

	
0. 051 ns

	
1.410

	
−0.189

	
[−0.018;

	
0.122]




	
Safety

	
0. 298 ***

	
6.267

	
0.727

	
[0.205;

	
0.392]








ns not significant. * p < 0.05; ** p < 0.01; *** p < 0.001. Significance, t statistic, and 95% bias-corrected confidence interval performed by 10,000 replications bootstrapping procedure. 
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Table 9. Full sample results.






Table 9. Full sample results.





	
Constructs

	
Path

	
t

	
p

	
Lo95

	
Hi95

	
f2

	
VIF






	
Direct effects

	

	

	

	

	

	

	




	
HSP→HS

	
0.667 ***

	
14.413

	
0.000

	
0.577;

	
0.760

	
0.766

	
3.152




	
HSS→HS

	
−0.821 ***

	
36.448

	
0.000

	
−0.864;

	
−0.775

	
0.125

	
3.152




	
R2: 0.816; Q2: 0.672




	
HSS→HSP

	
−0.826 ***

	
35.197

	
0.000

	
−0.873;

	
−0.781

	
2.152

	
1.000




	
R2: 0.683




	
Indirect effect

	

	

	

	

	
VAF

	




	
HSS→HSP→HS

	
−0.551 ***

	
13.219

	
0.000

	
−0.640

	
−0.475

	
67.31%

	
n/a








* p < 0.05; ** p < 0.01; *** p < 0.001. Significance, t statistic, and 95% bias-corrected confidence interval performed by 10,000 replication bootstrapping procedure. VIF—inner model variance inflation factor; VAF—variance accounted for.
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Table 10. Effect sizes (f2) and p-values.
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	HS Performance → Health–Disease Status
	0.766
	0.000



	HS Sustainability → Health–Disease Status
	0.125
	0.010



	HS Sustainability → HS Performance
	2.152
	0.000







Source: Own elaboration.
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