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Abstract

:

COVID-19 is a disease caused by SARS-CoV-2, which has spread worldwide since the beginning of 2020. Several pharmaceutical and non-pharmaceutical strategies were proposed to contain the virus, including vaccination and lockdowns. One of the consequences of the pandemic was the denial or delay of access to convenient healthcare services, but also potentially the increase in adverse events within those services, like the number of hospital infections. Therefore, the main question here is about what happened to the performance of Portuguese public hospitals. The main goal of this work was to test if the Portuguese public hospitals’ performance has been affected by the SARS-CoV-2 pandemic. We used the Benefit-of-Doubt method integrated with the Malmquist Index to analyze the performance evolution over time. Then, we employed a multiple regression model to test whether some pandemic-related variables could explain the performance results. We considered a database of 40 Portuguese public hospitals evaluated from January 2017 to May 2022. The period 2017 to 2019 corresponds to the baseline (pre-pandemic), against which the remaining period will be compared (during the pandemic). We also considered fourteen variables characterizing hospital quality, divided into three main performance definitions (efficiency and productivity; access; safety and care appropriateness). As potential explanatory variables, we consider seven dimensions, including vaccination rate and the need for intensive care for COVID-19-infected people. The results suggest that COVID-19 pandemic features help explain the drop in access after 2020, but not the evolution of safety and appropriateness of care, which surprisingly increased the whole time.
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1. Introduction


COVID-19 is a respiratory disease caused by the SARS-CoV-2 virus belonging to the coronavirus family, a major threat to public health worldwide [1]. Symptoms of the infection in humans by this type of virus range from upper respiratory tract infections (as in a common cold) to severe acute respiratory syndrome, pneumonia, and bronchitis [2]. Elders, children, immunosuppressed people, and those with weak immunologic systems usually express a more severe form of the disease when they get infected, which may result in death [3]. The virus was first identified in Wuhan city, China, in January 2020 [4]. It soon spread all over the globe, primarily because of most governments’ inability to control their own countries’ borders [5]. By August 2022, 32 months after its discovery, COVID-19 had infected over 586 million people worldwide, of whom 6.42 million have passed away (death rate of about 1.1%). In the same time, about 62.6% of people worldwide were fully vaccinated by the end of December 2020, 12.4 billion doses having been administered (Data retrieved from the “Our World in Data” website, a project of the Global Change Data Lab founded by Max Roser and based at the University of Oxford. Website: https://ourworldindata.org/explorers/coronavirus-data-explorer, accessed on 10 December 2022). The development of COVID-19 vaccines has accelerated since the World Health Organization declared a pandemic in March 2020 [6,7]. After conducting a literature review and meta-analysis, Zheng et al. [8] concluded that these vaccines, especially the Pfizer-BioNTech and Moderna vaccines, are highly protective against SARS-CoV-2 virus-related diseases in real-world settings. However, there are still about one million new infections and over three thousand deaths daily (August 2022), a worrying figure resulting perhaps from the relatively low rate of people fully vaccinated.



The first patient infected with SARS-CoV-2 in Portugal was detected in March 2020. Since then, over half of the country’s population has been infected: in August 2022, there were 5.37 million Portuguese citizens infected, with 24,707 COVID-19-related deaths. This corresponds to an average death rate of 0.46%, far below the world average. One can attribute part of this success in saving lives or avoiding COVID-19-related mortality (compared to peers) to some sequential strategies implemented, including lockdowns [9], limitation of access to essential services like hospital care, and massive testing and vaccination, despite a low adherence/high hesitance at the beginning [10]. Compared to the global average, Portugal has performed well regarding vaccination. In total, 86.4% of Portuguese citizens are fully vaccinated against SARS-CoV-2, 24.8 million doses having been administered so far (August 2022). Perhaps because this high rate, most stringency measures taken to limit the outbreaks were lifted in early 2022. Still, Portugal is amongst the countries with the highest infection rates, which does not seem to worry the Portuguese Ministry of Health, given the high full vaccination rate achieved.



Although beneficial to containing the virus, blocking access to healthcare services was not without adverse effects on citizens’ quality of life. Medical appointments, surgeries, exams, and other treatments in primary and secondary healthcare levels were postponed, and admission to emergency rooms and other hospital services was limited to those severely ill. However, denying or delaying care to those searching for it will eventually cause the exacerbation of their illnesses, which become more complex to treat and, ultimately, costlier. This fact jeopardizes the Portuguese publicly available National Health Service’s (already weakened) financial and social sustainability. In addition, the barriers created for entering the health system could have contributed to the increase in excess mortality, not directly related to COVID-19. For instance, the non-COVID-19 excess mortality in Portugal fluctuated between 51% and 92% in 2020 [11].



Any healthcare provider, hospitals included, aims at improving patients’ quality of life while being economically, socially, and environmentally sustainable [12]. In Portugal, given the universal and general nature of its National Health Service (NHS), these providers must be capable of treating all patients efficiently without denying them timely, appropriate, evidence-based, and safe care services, equitably and regardless of the patients’ purchasing power [13]. Excellence or quality in healthcare provision is achieved when all these aspects are met, i.e., when providers are efficient and effective in treating their patients, and there are no barriers to access. Meanwhile, managers should be held responsible for the poor or good healthcare results regarding both resource consumption and response to society [14].



It should be evident that the effects of a pandemic on hospital performance may not be the entire responsibility of its managers and staff. Part of the results during such a period result from policy measures imposed at the central, regional/federal, or local levels, but also from other factors non-discretionary to hospital managers. Nevertheless, one must assess hospital quality results to search for best practices, i.e., the resilient entities that kept or even improved their performance during the difficult times of the most recent known pandemic. By doing so, hospitals with poor outcomes may adopt and adapt those practices to improve their own, hopefully becoming more resilient in future outbreaks [15]. Also, the design and implementation of good contingency plans could contribute to a quicker response by these players, avoiding events like the overload and saturation of health systems’ resources in the early stages of a pandemic [16]. With this study, we do not aim at demerit hospitals with poor performance during pandemic times.



Several studies have been published on this topic, evaluating the performance of hospitals or healthcare systems [17,18,19]. Besides the fact that most studies we found are focused on comparing countries or states (leaving a considerable gap in the literature), researchers seem more interested in the technical efficiency of resource utilization rather than effective results in healthcare. Most results derived concern the first year of the pandemic, while more than twenty months have passed since. Given the growth rates of infected cases and mortality because of COVID-19, it is difficult to understand whether the results are already outdated. In our perspective, evaluating hospital performance requires efficiency and effectiveness analyses in a time range broader than one year to check if low-quality hospitals remain as such during the pandemic, or if high-quality hospitals become less resilient, worsening their health results. No study before this has tried to understand if changes in hospital performance could be affected by COVID-19-specific spread features. Moreover, only a few studies have been concerned about the quality of care or access to hospital services [19]. This being one of our goals, it is clearly an innovation.



Additionally, one must account for the fact that hospitals do not all operate in the same environment, and some are impaired because of the hazardous conditions in which they operate. Allegedly, the earlier studies seem to have overlooked this important aspect. However, an adjustment mechanism should be developed for hospital benchmarking. This is another innovation as, to the best of our knowledge, no other study has conducted a benchmarking exercise of hospitals during the COVID-19 pandemic with a correction or adjustment for the non-discretionary operational environment.



The objectives of this study are fourfold: first, to estimate an aggregated measure of the hospitals’ quality-based performance individually, with a correction for the operational environment and using benchmarking; second, to compare performance results and evaluate a trend; third, to investigate whether the hospital quality worsened because of the outbreak of SARS-CoV-2; fourth, to test if the disease-spreading features (e.g., reproduction rate, hospital admissions due to COVID-19 per million inhabitants) help to explain the estimated performance evolution. To estimate the quality-based performance, we have used variables like the rate of appointments or surgeries within the legal time, the prevalence of undesirable events within the hospital ward (including, but not limited to, the cases of septicemia or pulmonary embolisms), and even the efficiency of resource usage (including the occupancy of beds and the number of patients per doctor or nurse). Finally, the environmental variables, not controllable by the hospital management, were related to COVID-19 spreading, and include the infection rate, the mortality rate, and the rate of hospital admissions related to COVID-19 infection.



Based on these objectives, we have formulated three main research questions and two hypotheses per question. In line with the paper’s primary goal, these research questions are linked to hospital performance before and during the COVID-19 pandemic. We consider the period before (January 2017 to February 2020) as a baseline to which we can compare the results of the next time interval (March 2020 to May 2022). By the time we wrote this paper (December 2022/January 2023), the pandemic was not considered extinct. Thus, comparing hospital performance before, during, and after the pandemic is impossible. As commonly done in statistics, we state our null hypotheses considering that there is a chance that hospitals may have worsened their performance during the outbreaks, but there is also a chance that they have improved it, at least in some performance dimensions. In other words, we assume the absence of performance change over time in the null hypothesis, and search for evidence disproving it. This is because there are no solid theoretical suggestions concerning this topic. That is, the research questions (Ri) and corresponding null (H0) and alternative (H1) hypotheses are as follows:



(R1) How did the static performance of Portuguese public hospitals evolve from January 2017 to May 2022?



H0(R1): 

The static performance of Portuguese public hospitals did not change in the considered period.





H1(R1): 

Portuguese public hospitals’ static performance changed in that period.





(R2) How did the dynamic performance of Portuguese public hospitals grow from January 2017 to May 2022?



H0(R2): 

The dynamic performance of Portuguese public hospitals did not change in the considered period.





H1(R2): 

Portuguese public hospitals’ dynamic performance changed in the period.





(R3) Can SARS-CoV-2-related indicators justify the performance evolution in Portuguese public hospitals?



H0(R3): 

SARS-CoV-2 does not influence the performance evolution of Portuguese public hospitals.





H1(R3): 

SARS-CoV-2 influenced the performance evolution of Portuguese public hospitals.





Please note that, in our study, the static performance concerns the efficiency and access to safe and appropriate hospital care at each moment. There is an empirical frontier (that should be close to a theoretical one) where benchmarks or best practices are placed. The greater the distance to the frontier, the lower the performance level. The hospital performance will be static should the frontier be constructed using data of just one moment (one year or month). When evaluating the performance evolution over time, one must account for two potential scenarios: frontier and hospital shifts. A change in hospital position regarding the frontier (regardless of the frontier shift) constitutes a static performance evolution. However, benchmarks themselves may also change their positions with time, improving or worsening their performance. That way, the frontier will likely shift alongside the benchmarks. The relative position of two frontiers constructed using data from two instants constitutes the dynamic performance.



The reminder of this manuscript is set out as follows. Section 2 contains a comprehensive literature review of the works dealing with the performance of healthcare systems concerning fighting against SARS-CoV-2 and its impacts on healthcare provision. Section 3 presents the materials and methods used in this work. Particularly, we define quality in healthcare provision, given the complexity of this concept. Then, we identify the main variables used to quantify the performance of Portuguese hospitals, which resulted mainly from the literature review undertaken, as well as the data availability in the official sources. The evolution of these variables in the Portuguese public hospitals context is also described. Once these variables have been identified and characterized, we highlight the quantitative methods utilized to construct a composite indicator capable of describing and quantifying the hospitals’ performance before and during the pandemic. We also identify a relational model and non-discretionary variables to try to explain the performance evolution. In Section 3, case studies and the figures related to COVID-19 in Portugal are described as well. Section 4 presents the main results concerning the main topics that characterize quality in healthcare: efficiency and productivity, access, and safety and care appropriateness. Section 5 discusses these findings, and finally, Section 6 concludes this document with the main lessons learned.




2. Literature Review


Several studies have been published on this topic, evaluating the performance of hospitals or healthcare systems. Concerning the former scenario, Nepomuceno et al. [17] used a Data Envelopment Analysis (DEA) model for hospital bed vacancy and reallocation during the COVID-19 pandemic. That way, the authors communicated the existence of 3772 beds able to be evacuated by 64% of health units. Kamel and Mousa [18] estimated the operational efficiency of isolation hospitals in Egypt. They found that less than half of the sample achieved efficiency, and the results were explained more by the numbers of nurses and beds than by the numbers of medical doctors. Through a value-based DEA model, Henriques and Gouveia [19] assessed the outbreak’s impact on the efficiency of Portuguese state-owned enterprise hospitals. They reported that a lack of resources does not explain inefficiency levels.



There are several other studies comparing countries or states within one country [20,21,22,23,24,25,26]. Aydin and Yurdakul [20] integrated machine learning (ML) with a stochastic imprecise DEA model to assess the performance of 142 countries against the COVID-19 outbreak. In short, the machine learning techniques included clustering analyses with k-means and hierarchical clustering methods. The authors found that gross domestic product, smoking rates, and the rate of diabetic patients do not explain the effectiveness level of countries. Taherinezhad and Alinezhad [21] also integrated ML with DEA to evaluate nations’ performance during the outbreak. Ibrahim et al. [22] utilized DEA for a country efficiency analysis and concluded that nearly 90% of studied countries were inefficient in pandemic control, and 80% were inefficient during the treatment of positive cases. Using an inverted DEA model, Ferraz et al. [23] constructed a COVID-19 index for Brazil’s microregions; unsurprisingly, the poorest regions are the most vulnerable. Differently, Mariano et al. [24] used the Network-DEA (NDEA) to analyze the regional discrepancies within the same country, having identified the state of Amazonas as the least efficient. Similarly, Hamzah et al. [25] also used an NDEA model to investigate the relative efficiency level while managing COVID-19 in Malaysia. The authors verified the good overall performance of the Malaysian health system, reflecting the robust preparedness and rapid reallocation of resources during the outbreak. Also resorting to the DEA model, Klumpp et al. [26] compared the performances of countries within the OECD, and found that systems oriented to primary care were more efficient than others. In opposition, healthcare systems that are highly dependent on public funding and heavily regulated were less efficient.



Researchers on hospital performance tend to consider population demographics and epidemiology variables to characterize the operational environment [27]. Pecoraro et al. [28] analyzed and compared the efficiency of ordinary hospital bed management in France, Germany, Italy, and Spain. The authors concluded that the structural components of these countries explain part of the pressure in hospital systems during pandemics. These structural components included the heterogeneity of COVID-19 case distribution and the availability of beds. Concerning the first component, it is worth mentioning that the distribution of cases is linked to some population characteristics, particularly the education level, related to compliance with the implemented sanitary measures. For instance, Carlucci et al. [29] concluded that women, most educated people, middle-aged individuals, and health workers are more likely to adhere to lockdowns and other imposed policies. Jabbari et al. [30] and Oyeyemi et al. [31] reached similar conclusions, indicating that people’s education (health literacy) plays a vital role in containing outbreaks. Furthermore, the success of hospitals largely depends on the complexity of cases handled therein [32]. Concerning COVID-19, evidence has suggested that aging, gender, chronic underlying disease (like hypertension and diabetes mellitus), mental status impairment, length of hospital stay, and high risk of acute deterioration are risk factors associated with unfavorable outcomes [33,34]. It should be evident that hospitals in areas with higher rates of chronic diseases or older/less educated populations face worsen conditions in treating their patients.




3. Materials and Methods


3.1. Quality in Health (Hospital) Care


3.1.1. Definition of Quality in Health (Hospital) Care


Measuring the performance of hospitals is not an easy task. Indeed, it is necessary to consider all possible dimensions of hospital care and how they interact to reach the hospital’s primary goal: to improve the patient’s quality of life while keeping the operations financially and environmentally sustainable [35]. Meanwhile, quality of life is another quasi-transcendent concept resulting from health- and non-health-related dimensions [36]. Concerning the capacity of hospitals (or any other healthcare entity) to improve patients’ quality of life, those dimensions are primarily associated with the results (e.g., the patient lives or dies after surgery), but also with the process of care (e.g., the patient suffered a septicemia event in the nursery) and hospital attributes (e.g., facilities are clean and technology-updated)—see Ferreira, Marques, Nunes and Figueira [37]. Overall, such a capacity is inherently linked to the quality of care [38,39,40], ultimately leading to patient (dis)satisfaction [41] and quality of life. The (North American) Institute of Medicine defines the quality of care using six domains—safety, effectiveness, patient-centeredness, timeliness, efficiency, and equity in access [42,43,44]:




	
Safety is the capacity to avoid harm to patients;



	
Effectiveness is related to “making the right things”, which in healthcare corresponds to using scientific knowledge to treat patients in the best possible way;



	
Patient-centeredness corresponds to human and social skills, necessary in any healthcare treatment, as patients’ needs, beliefs, values, preferences, gender, sexual orientation, and ethnicity must be respected;



	
Timeliness is the capacity to provide care whenever the patient needs it, without potentially harmful delays;



	
Unlike effectiveness, efficiency (and productivity) is related to “making things right” without wasting resources;



	
Equity regards the fairness of resource distribution, as two patients in the same condition should receive equal treatment.








Table 1 provides the correspondence between the main quality domains identified above in the different literature sources. Although the Institute of Medicine divides quality into six items, they are somehow linked to the three quality categories according to Donabedian (attributes, process of care, and results). The attributes are associated with the infrastructure and facilities, thus with the availability of resources, which in turn condition the access to (and timeliness of) the service and its efficiency. Indeed, given the levels of patients in the hospital services, the greater the amount of resources, the better the access, but the lower the efficiency. Thus, a trade-off between these two concepts is expected to arise. The care process concerns all the events that occur between the patient entering the hospital infrastructure and them leaving the system. These events can be adverse (like in-hospital infections) or not, but result primarily from the received care, especially the patient safety (or absence of it) and the patient-centeredness. The latter is heavily linked to care appropriateness. Finally, the care results include improved quality of life and patient satisfaction [45].




3.1.2. Quality Variables


Building on the previous discussion and the definitions given by the Portuguese Ministry of Health itself, we consider the following set of criteria: (1) efficiency and productivity; (2) access; (3) safety; and (4) care appropriateness. Each criterion is operationalized by several indicators that have been extensively used in the literature concerning Portuguese public hospitals; see, e.g., Amado et al. [46], Ferreira, Marques and Nunes [47], Ferreira and Marques [48,49], Pereira et al. [50], Ferreira, Nunes and Marques [51,52], and Pederneiras et al. [12], to name a few. The main justification for these indicators is that they are monitored by the Ministry of Health and figured out in yearly contracts between the hospitals’ management and the ministerial tutelage. For that reason, among many other possible indicators, these appear to be the most relevant to the primary stakeholder [53]. However, since safety and care appropriateness may be interlinked and the boundary between them is not clear, we decided to gather their related indicators in the same groups.



	
Efficiency and productivity:




	(a)

	
Occupancy rate. This variable indicates the average rate of beds occupied by an inpatient each day (e.g., on an average day, 75 beds out of 150 were occupied; thus, the occupancy rate was 75/150 = 0.5 or 50%). The optimal occupancy rate ranges from 80 to 90%, with 85% frequently deemed as the optimal occupancy rate [54]. Less than 80% indicates the underutilization of beds or excessive resource use (low efficiency). In comparison, an occupancy rate above 90% suggests the overutilization of beds and a lack of this resource for peak events, like during SARS-CoV-2 pandemic outbreaks. Furthermore, high occupancy rates tend to directly influence the incidence of hospital-acquired infections [55];




	(b)

	
Standard patients per Full-Time Equivalent (FTE) doctor. This indicator reflects the productivity of hospitals by relating the standardized number of patients seen and a resource (doctors in this case). More patients per FTE doctor means larger hospital productivity (monetization of an asset);




	(c)

	
Standard patients per FTE nurse is another productivity indicator with a similar interpretation.









	
Access:




	(a)

	
Rate of first medical appointments within the legally fixed period. There are two main ways of getting a medical appointment in a Portuguese public hospital—either through the emergency room or via healthcare centers (primary care). For the latter scenario, Portuguese legislation defines the maximum time between the request and the first appointment. This indicator measures how many patients have seen their access to secondary care denied or delayed. The larger the indicator, the better the access to care and, consequently, the better the hospital performance. During the COVID-19 pandemic, many non-urgent medical appointments were canceled, decreasing this indicator (and the access). Accordingly, patients’ health status may have worsened, reducing their quality of life and increasing the costs of future health services (as the severity of illness is positively associated with health expenditures; see Thuong et al. [56]);




	(b)

	
Rate of enrolled patients on the waiting list for surgery within the legally prescribed time. As before, there is a maximum legal time for which patients can be enroll on the waiting list for surgery, either major (requiring hospitalization) or minor. A low rate means that patients face difficulties accessing the service they need, i.e., a barrier that may result from administrative processes, bureaucracy, or lack of resources. During the COVID-19 pandemic, most non-urgent surgeries were canceled, meaning that this indicator (and the access) decreased. For instance, Ciarleglio et al. [57] and the COVIDSurg Collaborative [58] reported the harmful effects of COVID-19 and lockdown on emergency and elective surgery due to delayed access;




	(c)

	
Average time before surgery. This indicator measures the average number of days the patients stay in the hospital ward after admission until they are surgically operated on in the operating room. More significant average times mean that patients unnecessarily occupy a bed (and other resources) that another patient elsewhere could use;




	(d)

	
Rate of hip surgeries within the first 48 h. This indicator quantifies the percentage of geriatric hip surgery within the first 48 h after fracture (out of total hip surgeries). Hip fracture has long been reported as an essential predictor of in-hospital mortality in patients aged 65 years or older [59]. Two days (48 h) of patient presentation is the limit of time recommended by the American Academy of Orthopedic Surgeons for hip surgery [60] to prevent complications. Thus, this indicator is a good proxy for hospital timeliness. Interestingly, Brent et al. [61] observed a 15% reduction in admissions for hip surgery as well as a reduction in compliance with many surgery standards following the COVID-19 pandemic in Ireland.









	
Safety and care appropriateness:




	(a)

	
Bedsore rate. Bedsores or pressure ulcers are skin or underlying tissue injuries commonly found in low-mobility patients’ heels, ankles, and hips, for those who spend most of their in-hospital time lying on their beds. High rates indicate a considerable probability of bedridden patients developing skin wounds, thus jeopardizing their safety. Challoner et al. [62] mentioned that prone positioning has been employed to treat severe hypoxia in COVID-19 patients, which may constitute a risk of developing pressure ulcers on the head, neck, and genitalia. Sleiwah et al. [63] reported similar findings regarding perioral pressure ulcers resulting from using devices to secure endotracheal tubes in COVID-19 patients admitted to the intensive care units. These results thus suggest that patients’ safety in terms of bedsores may have been compromised during the pandemic;




	(b)

	
Rate of in-hospital-developed septicemia (postoperative). This indicator refers to the percentage of septicemia cases developed in-hospital divided by the total inpatients. Septicemia or nosocomial infection is caused by bacteria, viruses, and fungi, and is acquired during hospital ward stays. If developed within the hospital (often in the postoperative period), this event results from the lack of patient safety, primarily the poor cleanliness of materials. Some authors have reported an increase in nosocomially acquired infections during the COVID-19 pandemic, mostly because of ventilator-associated pneumonia and bacteremia [64,65]. Therefore, the literature suggests that this indicator has probably increased, implying that patients’ clinical safety is worsening;




	(c)

	
Rate of catheter-related bloodstream infection events. Catheter-related bloodstream infections result from bacteremia in inadequately sterilized intravenous catheters, being a significant cause of nosocomial bacteremia. These costly events and complications may cause high morbidity and mortality [66]. Recently, Pérez-Granda et al. [67] noticed an increase in the frequency of catheter-related bloodstream infections during the COVID-19 pandemic, claiming the need to reinforce classic and new preventive measures to avoid these events. The authors associated the increase in infections with the harsh circumstances (increased workload and use of staff with a sub-optimal degree of training with intensive care patients). However, other authors reached the opposite conclusions, e.g., Heidempergher et al. [68]. That being said, the literature is not clear about the effects of the pandemic on this indicator and, consequently, the hospital’s performance regarding the patients’ safety;




	(d)

	
Rate of postoperative pulmonary embolism events and thromboembolisms. Thromboembolisms occur when blood clots form in deep veins and break loose, traveling through the bloodstream, often to the lungs (pulmonary embolism). This event is more likely to occur after major surgeries or injuries. The consequences include blood flow and oxygen restrictions, damaging organs and tissues, and ultimately causing death. Narayan et al. [69] mentioned that hospital-acquired venous thromboembolism is a leading cause of morbidity and mortality, and about one in ten cases is preventable. Meanwhile, this value increases for critically ill patients due to the elevated risk of thrombosis, such as for coma or paralysis patients [70,71]. Schulman [72] mentioned that the best estimates indicate that about half a million Americans each year suffer from pulmonary embolisms. At least one-tenth of a million deaths may be directly or indirectly related to these diseases, which are too many, as this in-hospital death cause is highly preventable. Additionally, COVID-19 can lead to systemic coagulation activation and thrombotic complications [73], resulting in pulmonary embolism events and thromboembolisms. However, a systematic review and meta-analysis conducted by Porfidia et al. [74] showed that the incidence of this disease in COVID-19 patients is unclear;




	(e)

	
Rate of performed minor surgeries out of potential minor surgeries. Minor surgeries, such as dental restorations and cataract surgeries, are minimally invasive procedures that do not require an operating theatre or an inpatient service admission. In opposition, major surgeries such as cesarean sections, organ or joint replacements, total hysterectomies, and heart or bariatric surgeries usually involve opening the body and, consequently, major tissue trauma and a more significant risk of infection (worsening the patients’ safety). Recoveries in these cases are more extended than minor surgeries. In many cases, however, one can solve the same problem through minor or major surgery. The best alternative depends on each case, but the benefits are frequently similar. Therefore, the infection risks and recovery period must not be overlooked nor outweighed. Medical guidelines argue that if a patient’s clinical issue could be appropriately solved through minor surgery, one should adopt it instead of a major procedure, so as to reduce the risk of infection and improve recovery. Thus, this performance indicator is such that the closer to 100%, the better the care appropriateness. Baboudjian et al. [75] concluded that minor surgery is still safe in the COVID-19 era if all appropriate protective measures are implemented. This result suggests that there was no significant decrease in the indicator. Although many surgeries were canceled or postponed, the ones that were not could have been minor procedures (whenever appropriate) that limit patient exposure to SARS-CoV-2, hopefully increasing this indicator;




	(f)

	
Rate of readmissions within 30 days after discharging. Readmitting patients after releasing them for the same reasons as the first admission results, in many cases, from poor care appropriateness. For instance, the patient was not totally healed and was incorrectly discharged, leaving them to search for healthcare for a while. However, it is usual that the clinical condition has worsened, making the patient’s illness more severe and complex. The literature suggests that 60-day readmission amongst COVID-19 survivors is less likely than that amongst pneumonia or heart failure survivors, but the opposite conclusion concerning the 10-day readmissions was also reached [76]. However, recent studies are more concerned with the readmission of COVID-19 patients than other patients readmitted in the COVID-19 era. Therefore, there is no clear evidence that total readmissions have increased or decreased in this period;




	(g)

	
Rate of inpatients staying hospitalized for more than 30 days. Staying in the hospital ward for more time than required dramatically increases the risk of acquiring severe nosocomial infections [77], developing other comorbidities, or even dying. With the pandemic’s development, the risks associated with lengthy stays in the hospital may have increased, jeopardizing the patients’ safety. For instance, the longer the patient stays in the inpatient service, the higher the probability of being infected by SARS-CoV-2; thus, the higher the risk of developing often-fatal bacteria-related hospital-acquired pneumonia [78].












Although neither of these variables are strictly linked to SARS-CoV-2-related hospital admissions, the truth is that the pandemic may have played an important role in delaying and worsening healthcare for other patients that represent most of the hospital population. In addition, COVID-19-related hospital admissions were low compared to the total inpatients in Portugal; thus, it seems pointless to include specific dimensions of the COVID-19 pandemic when measuring a general hospital’s performance. These, measured typically at the national or municipal level, can instead be used as independent variables, potentially explaining the hospital’s performance.



The pandemic may have worsened the patients’ health status before and during internment in the hospital ward. In some cases, the decrease in hospital performance may not have resulted from poor safety or a lack of care appropriateness. Instead, the increase in adverse events may have resulted from the increased severity and complexity of the illness. Therefore, an adjustment for these situations must be introduced. The case-mix index (CMI) is widely used across the healthcare management literature [79]. The higher (lower) the index is, the more (less) complex the patients treated in the hospital are. A unitary CMI corresponds to a year’s national standard. Meanwhile, CMI = 1 + k suggests that, on average, the hospital treats patients whose complexity is greater than the national standard, thus consuming k% more resources than an average hospital (k can be either positive or negative). However, Ferreira and Marques [80] verified that the CMI is ineffective when evaluating performance through time, as the baseline (national average expenditures) is not steady. Additionally, the authors concluded that once appropriate demography and epidemiology-based indicators have been included in the model to help explain efficiency, the CMI becomes useless. Later, to study the impacts of patient safety, care appropriateness, and access on hospital efficiency in a given moment, the same authors used the CMI to adjust the performance indicators [35]. Their strategy encompassed the classification of these indicators into desirable and undesirable. The former corresponds to those indicators contributing positively to the performance (whenever increasing), like the rate of hip surgeries within the first 48 h. Conversely, undesirable indicators contribute negatively to performance when increasing, such as the rate of readmissions within 30 days after discharge.



Once classified, the indicators were adjusted with the CMI as follows: undesirable indicators were divided by the CMI, while the desirable ones were multiplied by it. That way, one expects the impact of high patient complexity in performance indicators to be mitigated, and hospitals may become comparable. Provided that the baseline used to compute the CMI every year tends to change, we opted to follow Herr [81] and adopt the average delay as a proxy of complexity. This is a valid assumption, as the more complex the patients are, the more days they must stay in the hospital ward. Let     d   j   t     be the annual number of days in hospital j (j = 1, …, n) in year t (t = 0, …, T); likewise, let     p   j   t     be the total inpatients admitted to that hospital, j, in the same year, t. The average delay is simply   A   D   j   t   =     d   j   t    /    p   j   t      . The national average delay in the period [0, T] (i.e., the baseline) is   N A D =     ∑  t      ∑  j      d   j   t        /    ∑  t      ∑  j      p   j   t          . Therefore, the proxy of complexity based on average delay is simply     C   j   t   =   A   D   j   t    /  N A D    . If     C   j   t   > 1  , this means a higher number of days (on average) that the patients were hospitalized in hospital j in year t, compared to the baseline, making their case more complex and requiring more resources. Thus, the indexes     C   j   t     and CMI have the same interpretation.





3.2. Performance Assessment Methods


3.2.1. The Benefit-of-Doubt Approach


One easy and straightforward way of estimating a hospital’s performance based on several indicators is the so-called Benefit-of-Doubt (BoD), derived from the well-known Data Envelopment Analysis (DEA) model. Let     l   i j   t     denote the observation associated with the ith indicator (i = 1, …, m), the jth hospital (j = 1, …, n), and the moment t. These indicators assume non-negative values. It is believed that they contribute positively to the performance of the hospital. Since it is not always the case, we follow Cherchye et al. [82,83], and scale the indicators as follows:


    l   i j   t   =             max   j , t    ⁡    l   i     −   l   i j   t         max   j , t    ⁡    l   i     −     min   j , t    ⁡    l   i       ,   if   the   indicator   is   undesirable           l   i j   t   −     min   j , t    ⁡    l   i           max   j , t    ⁡    l   i     −     min   j , t    ⁡    l   i       ,   if   the   indicator   is   desirable       1 −       o   i   −   l   i j   t         max   j , t    ⁡    l   i     −     min   j , t    ⁡    l   i         ,   otherwise        



(1)







In Equation (1),     o   i     stands for the hypothesized optimal value associated with the indicators that are neither desirable nor undesirable. In some cases, indicators should not be maximized nor minimized, but there is a value (or a range) in which the optimal indicator should lie. For instance, the occupancy rate should range between 80% and 90%, so that we can fix     o   i     as the middle point of the interval, i.e., (90 + 80)/2 = 85%. After Equation (1), the resulting indicators range between 0 and 1, and it becomes clear that the higher, the better.



There should exist a set of m non-negative weights,     w   1 j   t   , … ,   w   i j   t   , … ,   w   m j   t    , that maximize the overall composite indicator, CI, for the hospital j in instant t, from now on denoted by   C   I   j   t     [84]. Let us assume that such a CI can be assessed through an additive model:   C   I   j   t   =   ∑  i = 1   m      w   i j   t     l   i j   t      . Because the weights are such that the CI is maximal, no other weights set should result in a higher CI. These weights (also named multipliers) are hospital and time-dependent. Although some authors have criticized the fact that weights are not equal for all entities under evaluation [85], in the words of Grego et al. [86] and Decancq and Lugo [87], this is the method’s beauty, as common weights “decrease the desirability of this method—that of favorable weights in the eyes of policymakers—based on which this approach gained such momentum in the first place”.



Provided that all indicators should be considered for the construction of the CI, weights must not be zero, but above a threshold,   ζ > 0  , denoting the minimum acceptable value for a weight:     w   i j   t   ≥ ζ ,   i = 1 , … , m ,   j = 1 , … , n  . Let us assume   ζ = 0.05  . Moreover, it should be possible to impose that an indicator (compared to the others) is not underrepresented; therefore, we add the following constraint:       w   i j   t    /    ∑  r      w   r j   t       ≥ ξ ⇔ ξ   ∑  r      w   r j   t     −   w   i j   t   ≤ 0 ,   ∀ i = 1 , … , m   for a given level   ξ  , such as   ξ = 0.05   [88]. This constraint reduces the heterogeneity of the weights’ distributions. The resulting linear programming BoD model is as follows [89]:


      C   I   h   t   =     max   w    ⁡     ∑  i = 1   m       w   i h   t     l   i h   t             s . t .          ∑  i = 1   m       w   i j   t     l   i j   t     ≤ 1 , j = 1 , … , n ,       ξ    ∑  r       w   r j   t     −   w   i j   t   ≤ 0 ,   i = 1 , … , n ,   j = 1 , … , n ,         w   i j   t   ≥ ζ ,   i = 1 , … , m ,   j = 1 , … , n .      



(2)







As obtained from Equation (2), the CI is bounded upwardly by one and downwardly by zero. If CI = 1, the hospital h is performing well at t, and can be considered a best practice among its peers (of the same period). Otherwise, its performance is not outstanding, and the managers should revise their processes (following a search for the best practices) to improve it.



As detailed before, we have three distinct criteria describing hospital care quality. In that sense, we can apply Equation (2) for the set of indicators corresponding to each criterion and construct four partial performance indicators: the efficiency composite indicator (ECI), access composite indicator (ACI), and safety/care-appropriateness composite indicator (SCACI). Finally, and following Matos et al. [90], we can aggregate these three into an overall CI using Equation (2), but with ECI, ACI, and SCACI instead of the 16 standardized indicators   l  . That way, we reduce the impacts of many dimensions on the results’ resolution, commonly known as the curse of dimensionality. Simultaneously, the influence of each initial indicator on constructing the partial performance indicators is maintained. That is, since     w     i   1   j   t     is the weight of indicator i to evaluate hospital h in instant t in terms of ECI, and     W   1 j   t     is the weight of ECI in the overall composite indicator, the contribution of the initial indicator is given by     w     i   1   j   t   ⋅   W   1 j   t    .




3.2.2. Performance Evolution


As determined using Equation (2), the CI provides a static performance measure. However, the performance also encompasses a dynamic parcel that needs to be evaluated to investigate if hospitals have approached the best practices and improved their performance during the evaluation time. Indeed, we can build on Ferreira and Marques [91] and propose the following Total Factor Productivity (TFP) associated with the hospital j and two instants, t and t + 1:


  T F   P   j     t , t + 1   =       ∏  i = 1   m            l   i j   t + 1       l   i j   t           ω   i j               1  /    ∑  i      ω   i j         ,  



(3)




where     ω   i j     is a non-negative weight of indicator i and hospital j that resulted from averaging the weights     w   i j   t     obtained for that indicator and that hospital over the whole period. Thus, if N is the number of evaluated time instants,     ω   i j   =   1   N     ∑  t = 1   N      w   i j   t      . TFP > 1 means that hospital j saw a productivity improvement between t and t + 1, resulting from enhancements in (most of) the indicators.



Building upon Portela and Thanassoulis [92,93], we can formulate the weighted Geometric Distance Function (GDF) that relates to the CI as computed by (2). Let us use a star * to denote the optimal level of an indicator given an instant t. These targets can be easily obtained by constructing the dual version of the model (2). The GDF of hospital j in moment t is:


  G D   F   j   t   =       ∏  i = 1   m            l   i j   t           l   i j   t       *           ω   i j             1  /    ∑  i      ω   i j         ,  



(4)




The closer it is to one, the higher the hospital’s performance at that moment. Note that some hospitals may have (scaled) indicators equal to zero, which would mean a GDF equal to zero (while they could exhibit good performance in other indicators). We replace those zeros with minimal positive quantities to avoid this problem.



The static performance evolution between those moments can be defined as the ratio between two GDF measures:


     P   j     t , t + 1   =   G D   F   j   t + 1     G D   F   j   t     =       ∏  i = 1   m                l   i j   t       *           l   i j   t + 1       *         l   i j   t + 1       l   i j   t           ω   i j             1  /    ∑  i      ω   i j             = T F   P   j     t , t + 1         ∏  i = 1   m                l   i j   t       *           l   i j   t + 1       *           ω   i j             1  /    ∑  i      ω   i j         ,   



(5)




That is, the performance change between two moments,     P   j     t , t + 1    , is related to productivity change in the same period, as measured by the TFP. If P > 1, hospital j improved its (static) performance between t and t + 1. According to Equation (5), the static performance evolution is proportional to the productivity growth, and the remaining parcel is the reciprocal of the technology shift, T, between t and t + 1:


  T F   P   j     t , t + 1   =   P   j     t , t + 1             ∏  i = 1   m                l   i j   t + 1       *           l   i j   t       *           ω   i j             1  /    ∑  i      ω   i j          ⏞      T   j   ( t , t + 1 )   =   P   j     t , t + 1     T   j     t , t + 1   ,  



(6)




i.e., the technology shift T is the relationship between targets in both moments. T > 1 indicates that benchmarks in t + 1 exhibit better performance than those in t. In other words, there was an improvement in the dynamic performance of hospital j.



This simple decomposition of TFP into two indices (P and T) presupposes that the hospitals face constant returns to scale, which is a reliable assumption since the indicators   l   are ratios, meaning that two hospitals distinct in terms of size become comparable. In other words, the notion of size vanishes.



We individually evaluate each of the performance growth indices, TFP, P, and T, per quality criterion (efficiency and productivity, access, safety, and care appropriateness) and their aggregation (overall composite indicator). The evaluation was made monthly, starting January 2017 and ending May 2022 (i.e., 59 time intervals: January 2017–February 2017 to April 2022–May 2022).




3.2.3. A Relational Model


To answer the third research question (R3), we use the multiple linear regression model; see Equation (7):


  E   y   =   α   0   +   α   1     x   1   +   α   2     x   2   + … +   α   n     x   n   =   α   0   +   ∑  p = 1   q      α   p     x   p     ,  



(7)




with the stepwise forward method as a heuristic to obtain the most representative model with only the statistically relevant independent variables,     x   p   ,   p = 1 , … , q  , and no multicollinearity problems [36]. We consider three dependent variables (TFP, P, and T), y, resulting in three distinct models to check if the pandemic’s evolution may help explain the growth or decay of any of these indices. The selected independent variables, x, reflect the national average monthly change of SARS-CoV-2 outbreaks in Portugal since March 2020, when the virus was first introduced within the country. Therefore, the following seven (independent, explanatory) variables are measured as rates of growth between t and t + 1 (for t > February 2020), i.e., measured as percentages,       x   p     t + 1   −   x   p   ( t )     x   p   ( t )   ,   p = 1 , … , 7  :




	x1. 

	
Infected people per million inhabitants. The number of positive cases of SARS-CoV-2 multiplied by 1,000,000 and divided by the number of Portuguese inhabitants.




	x2. 

	
COVID-19-related deaths per million inhabitants. The number of deaths because of SARS-CoV-2 was multiplied by 1,000,000 and divided by the number of Portuguese inhabitants.




	x3. 

	
Reproduction rate. Usually represented by R, this rate is a standard transmissibility parameter that measures how many people can be infected by a positive case. For instance, R = 2 means that one infected person can infect two people with the COVID-19 virus. Therefore, the reproduction rate must be below one to curb the spread of a pathogen.




	x4. 

	
Intensive care unit admissions (because of COVID-19) per million inhabitants. The number of COVID-19-related hospital entries requiring intensive care, multiplied by 1,000,000 and divided by the number of Portuguese inhabitants. The search for intensive care because of SARS-CoV-2 resulted from the severe consequences of the disease like pneumonia, acute respiratory distress syndrome, multi-organ failure, septic shock, and, in many cases, death. Such a demand may have compromised the access to the same level of care by other patients as beds, and other resources (such as ventilators) are of limited availability.




	x5. 

	
Hospital admissions (because of COVID-19) per million inhabitants. The number of COVID-19-related hospital ward admissions not requiring intensive care, multiplied by 1,000,000 and divided by the number of Portuguese inhabitants. Although with less severe complications than those admitted to the intensive care unit, these inpatients also demand specialized nursery care. As in the previous case, this demand may constitute a barrier to access by other patients.




	x6. 

	
Vaccination (complete) rate. This indicator measures the percentage associated with the fully vaccinated population (BioNTech/Pfizer, Moderna, Novavax, AstraZeneca, Johnson & Johnson). For instance, a citizen with a single shot of BioNTech/Pfizer is not considered, as the minimum number of doses required is two. Evidence suggests that complete vaccination diminishes the severity of illness provoked by COVID-19, thus the need for hospitalizations and the burden on hospitals. This variable was zero until December 2020, when the first citizens got the shots.




	x7. 

	
Stringency index. According to the Oxford Coronavirus Government Response Tracker, the stringency index is a composite indicator based on nine response metrics related to the restrictions imposed by governments: school closures; workplace closures; the cancellation of public events; restrictions on public gatherings; closures of public transport; stay-at-home requirements; public information campaigns; restrictions on internal movements; and international travel controls [94]. The index ranges from 0 to 100, the highest level associated with the strictest response. One of the major goals underlying the imposition of these restrictions is the reduction of infected people and, by extension, the hospital burden with patients requiring (often intensive) medical care.











3.3. The Case Study


3.3.1. The Portuguese National Health Service


The Portuguese healthcare system is featured by a complex network of providers, rulers, and regulators. Providers can be either public or private or even belong to the social sector. The public healthcare provision service is known as the National Health Service (NHS), which follows a Beveridge model, and is thus publicly funded with money collected from taxes. The NHS is universal, general, and tendentiously free, with only a few moderating fees when patients access care services [95].



Healthcare in Portugal has three main “layers”: primary (e.g., primary healthcare centers, clinics), secondary (hospitals), and tertiary (continuing care, palliative care) [96,97]. Hospitals are entities that consume more resources within the national health system. According to Portugal Statistics, hospitals spent roughly EUR 9,110,868 in 2020, representing 43% of total healthcare expenditures (Data retrieved from https://www.pordata.pt/en/Subtheme/Portugal/Expenditure-37 (accessed on 23 January 2023)). Also, these entities more than doubled the consumed resources in twenty years (EUR 4,212,793 in 2000), an increase frequently associated with the aging population and technological and pharmaceutical developments [98]. The NHS had a total expenditure of EUR 11,679.8 million in 2020, i.e., 55% of national healthcare expenditure. That year, each citizen contributed an average of EUR 1186.8 to the NHS, while that value was EUR 609.6 twenty years ago.



There are currently 102 hospital facilities belonging to the NHS, of which 25 are specialized hospitals (e.g., oncology centers, psychiatric hospitals, and maternities) and 77 are general hospitals. Together, these entities have 22,226 beds, of which 91.6% are in general hospitals. There were 21,297 medical doctors and 39,913 nurses working in hospitals of the NHS in 2020. However, that year, there were 57,198 registered medical doctors and 77,984 registered nurses, most working in the private or social sectors. There has been an exodus of qualified health staff to these sectors or even abroad, looking for higher wages and better working conditions than in the NHS [99].



Despite the number of physical facilities, there are currently 45 hospital entities in the NHS, resulting from successive structural reforms in the public sector (mainly after the introduction of the New Public Management [100]). These reforms included the vertical and horizontal amalgamation of nearby healthcare infrastructures to form entities with integrated management, which were expected to yield economies of scale and scope [101]. Vertical margining corresponds to the integration of different levels of care, e.g., primary and secondary levels (one hospital and the primary healthcare centers located in the former’s vicinity). The new entities are the Local Health Units (LHU), and there are currently eight of these, primarily located in the countryside, where access to healthcare is limited. In opposition, horizontal merging results from integrating two or more close hospitals under the umbrella of the same administrative council, creating so-called Hospital Centers (HC) [102]. There are 21 HCs in Portugal. The remaining 16 public hospital entities are distributed as follows: 5 specialized hospitals and 11 singletons, 1 of which is a public–private partnership (PPP). Although PPP management is not under the direct control of the Ministry of Health, the provider must follow general guidelines set by the Ministry and the Directorate-General for Health. Since this entity also belongs to the NHS, it should be considered within our sample.



Past studies concerning the Portuguese NHS have disregarded specialized hospitals (because of their unique production technology), PPPs (because of missing data, especially the financial ones), and LHUs (because collected data regard both the hospital and the primary healthcare centers)—see Matos et al. [90] and Amado et al. [46] for details. Although we agree with removing specialized hospitals from the sample, when we look at the set of selected variables (Section 3.1.2), all concern the hospital activity, and there are no financial data (nor data gaps). Therefore, we should dismiss neither LHUs nor the PPPs. That being said, our sample comprises 40 entities observed in a 65-month time frame.



It is also worth mentioning that the Central Administration of the Health System in Portugal classifies hospitals into groups B to F, depending on features such as size, scope of activities carried out, differentiation, and operational conditions (epidemiology and demographics). Such a classification resulted from an empirical analysis through k-means and a comprehensive set of variables characterizing hospitals. That way, entities within the same group become comparable based on size, scope, and environment, an important issue when benchmarking is to be considered. In the words of Cook et al. [103], hospitals must be “assumed to be homogeneous (that is, comparable in terms of the indicators selected for the analysis), while those within the groups share objectives, policies, etc., which may differ across groups”. Creating those groups or clusters ensures the desired comparability among hospitals being compared. Therefore, each hospital cluster has its own performance analysis. Cluster B contains the smallest and least differentiated hospitals, for a total of nine institutions. Cluster C is the largest one, with 17 healthcare entities. They receive and treat more complex patients than the hospitals in cluster B. Cluster D comprises eight central hospitals that are more differentiated than the ones in clusters B and C. Cluster E has the biggest secondary care facilities within the whole NHS, i.e., those treating the most complex patients. The hospitals of cluster E are in Lisbon (the capital), Oporto (the second largest city in Portugal), and Coimbra, but receive patients from the entire country. Together, the metropolitan areas of Lisbon and Oporto comprise 45% of the population on Portugal’s mainland. Also located in these cities are the oncology centers (Instituto Português de Oncologia, in Portuguese), which form cluster F; for the reasons stated above, we will not consider this cluster hereinafter.



We gathered data on KPIs from the official database, maintained by the (Portuguese) Central Administration of Health System and publicly available (Official website (in Portuguese): https://benchmarking-acss.min-saude.pt/ (accessed on 23 January 2023)). Meanwhile, we collected data on explanatory variables from the Our World in Data platform, a project of the Global Change Data Lab, under the supervision of the University of Oxford (Our World in Data website: https://ourworldindata.org/coronavirus#explore-the-global-situation (accessed on 23 December 2022)).




3.3.2. COVID-19 in Portugal: Some Figures


Like many other countries, Portugal has been severely hit by the COVID-19 disease. According to the latest official figures, the country recorded almost 5.5 million infected and 25,000 deaths by August 2022. Figure 1a shows the COVID-19number of daily new COVID-19 cases registered in Portugal since March 2020. There were three prominent peaks of infection: January 2021, January 2022, and May 2022. The peaks in January were most likely because of Christmas and New Year’s Eve. Interestingly, the last two main infection peaks occurred when most Portuguese citizens were already fully vaccinated. By January 2022, about 83% of the population had completed the vaccination plan. However, more infected people does not mean higher mortality, as shown in Figure 1b. Indeed, the peak of infections in January 2021 led to higher mortality than the peaks in 2022; the reason may be vaccination, which seems to reduce mortality among COVID-19 patients. Nonetheless, two peaks in mortality in February and June 2022 were observed, which coincide with the peaks of infected people in the same year (with a certain delay).



Concerning hospital and intensive care unit admissions due to COVID-19 (see Figure 2), there were more than six thousand hospitalizations at the beginning of 2021, when the first peak of infections was observed, and more people died because of this disease. By that time, the admissions to intensive care also reached the maximum in the entire period. Once people were fully vaccinated, hospital admissions decreased to values close to the pandemic’s beginning. Interestingly, when infections reached their maximum in 2022, hospital admissions did not increase as much as in 2021, most likely because of vaccination. It is worth mentioning that the gap between hospital admissions and intensive care unit admissions became larger because the disease severity decreased. Overall, there is a strong correlation (R = 0.86, p < 0.001) between hospital/intensive care unit admissions and mortality due to COVID-19.






4. Results


4.1. Efficiency and Productivity


Hospital efficiency and productivity were assessed using the occupancy rate and the availability of clinical human resources per treated patient (after adjustment by complexity and severity of illness). Figure 3 exhibits the evolution of hospital average efficiency and productivity in terms of static performance (Figure 3a) and dynamic performance (Figure 3b). Additionally, Table 2 presents a summary of these dimensions, and the TFP per group of hospitals and period: pre-pandemic period (January 2017–February 2020) and pandemic period (March 2020–May 2022). For a better analysis, we split the pandemic period into two: first year, pre-vaccination (March 2020–February 2021), and after vaccination (March 2021–May 2022) (until February 2021 only a very small share (6.3%) of the population had received one dose of the COVID-19 vaccine, which is thus unsuitable to significantly mitigate the impact of the disease in hospitals). While static performance measures how hospitals get closer to the frontier, thus becoming more or less efficient, dynamic performance measures the frontier shift between two consecutive years. TFP is an aggregated measure of static and dynamic performance. Therefore, should a hospital approach the frontier in one year and the benchmarks in that frontier are more productive than before, the hospital can be seen to have improved its TFP (overall performance).



When analyzing the static performance of hospitals’ efficiency and productivity, there was a reduction between January 2017 and February 2020, with an average ranging from 0.9554 (group E) to 0.9995 (group B). In other words, hospitals’ efficiency was estimated to have decreased by up to 4.46% in that period. Note that the observed decay in group B was not considered statistically significant as per the Kruskal–Wallis nonparametric statistical test. In this period, hospitals were moving away from the frontier. However, at the pandemic’s start, there was a tiny efficiency and productivity improvement of 0.33–3.96%, depending on the hospital group, from March 2020 until May 2022. If we split this period in two, we can verify a global improvement in both, although they were not different in the light of statistical evidence. Overall, considering the entire period, hospitals were more inefficient in 2022 than in 2017, except for the ones in group B (the smallest ones). In other words, hospitals in May 2022 were further away from the frontier than in January 2017. Regarding the dynamic performance evolution, we can observe a worsening of efficiency in the whole period, which means that the frontier has progressively shifted towards a more inefficient region. Overall, the benchmarks in May 2022 are less efficient than the ones in January 2017 by about 2–4%. Overall, hospitals nowadays seem to be in a worse position than five years ago, concerning efficiency and productivity.



Table 3 presents the beta coefficients for the three different multiple regression analyses. Malmquist indices P, T, and TFP were the dependent variables of each analysis, which can be explained by seven COVID-19-related variables (as independent ones). Beta coefficients are the linear coefficients (resulting from the ordinary least squares method) divided by the variables’ standard deviation. Therefore, beta coefficients allow us to determine the weight or importance of each explanatory variable in explaining the dependent variable. Additionally, the same table contains information about the adjustment quality (coefficient of determination, usually represented by R2) and appropriateness. The latter is assessed through three main conditions over the regression residuals: normality, homoskedasticity, and independence. Normality was tested using the nonparametric Kolmogorov–Smirnov statistical test for null hypothesis H0: the sample follows a Gaussian distribution with a zero average and constant standard deviation resulting from the data. We tested the residual’s homoskedasticity by plotting residuals as a function of the fitted or predicted values of the dependent variable. If the resulting fitting line has a slope and intercept both equal to zero, then residuals are homoscedastic. Finally, we assessed the residual’s independence using the Durbin–Watson test, for which a value of 2 suggests the absence of autocorrelation.



A look into the results displayed in Table 3 allows us to conclude that neither of the considered potentially explanatory variables help justify the evolution of the static performance of hospitals, P, in terms of efficiency and productivity, i.e., whether they approach or move away from the frontier, becoming more or less efficient. That is, hospitals did not improve their resource usage because of the Government’s stringency or the rates of infection, mortality, or vaccination. Even the admissions to the hospital wards or the intensive care units could not explain this performance measure. For this reason, the coefficient of determination was only 0.039, i.e., the adopted linear model with the stepwise forward method and COVID-19-related dimensions only explains about 4% of the hospitals’ static performance change regarding efficiency and productivity. However, the same cannot be said about their dynamic performance change, T. Some variables tend to explain why the frontier shifts with time, so benchmarks in one year can outperform or be outperformed by the benchmarks in another moment. In the case of the efficiency and productivity group of variables, it seems that benchmarks can get more efficient and productive with time because of variables like the infection and reproduction rates, the admission rates to hospital wards and intensive care units, and the stringency index. There is a positive technology (frontier) shift promoted by more infected people and higher reproduction rates associated with a higher need for hospital care. More admitted patients (regardless of being infected by SARS-CoV-2 or not) means a higher monetization of assets. Also, the average complexity of patients increased in this period because only the more severe cases were attended in hospitals, raising, even more, the output, although only slightly. Finally, more significant stringency indices tend to be associated with a negative frontier shift, i.e., a loss of productivity, because many treatments in hospitals were denied or postponed, thus decreasing the hospital output. This linear model has reached an acceptable adjustment quality (explaining about 56% of the dynamic performance change) and appropriateness (no test over residuals failed). There is thus evidence to reject the null hypothesis H0(R3) that concerns the third research question, (R3), and the variables group of efficiency and productivity.




4.2. Access


As shown in Figure 4 and Table 4, hospitals in groups B and E improved their performance regarding access between 2017 and the beginning of 2020, right before the pandemic started. In opposition, groups C and D hospitals worsened their performance levels in the same period. Similar results were observed for both static and dynamic performances. For instance, considering the hospitals within group D, access to their services was reduced by 8.36% on average, while the frontier saw a negative shift (worsening the performance) of 9.31%. Overall, the average performance of hospital providers in terms of access reduced by nearly 17% in just three years. The pandemic exacerbated the barriers to healthcare in Portugal in all groups, especially in the first year (March 2020 to February 2021), when lockdowns, the postponement of medical appointments and surgeries, and other pandemic containment policies were in force. Concerning the entire period (2017–2022), there was an aggravation of barriers to proper secondary healthcare. Although potentiated by the pandemic and the measures taken to prevent the virus from widely spreading, such walls result primarily from structural problems, such as the highly reported lack of medical doctors and nurses in public services. Most of the clinical staff have opted to work in the private sector, where the working conditions and remunerations are better than in the public sector, which then limits the availability of the already scarce resources, delaying, even more, the already delayed medical and nursing care, and jeopardizing the sustainability and mission of the NHS in Portugal.



In the case of access to hospital care, the explanatory multiple linear models seem to reproduce similar results, regardless of whether the dependent variable is P, T, or TFP. According to the evidence in Table 5, all models reached acceptable adjustment quality (explaining at least 59% of the performance change) and appropriateness (as no test over residuals was rejected). Concerning access, only three variables seem to help explain performance change: admissions to intensive care units or hospital wards because of COVID-19 and stringency index. All the significant variables exhibited a negative influence on the performance change. The reasons behind this result seem apparent. As regards the Government’s stringency, there was a substantial limitation to the access to healthcare services, decreasing the number of appointments and enrollments on surgery waiting lists within the legally defined time, as well as the surgeries themselves, and increasing simultaneously the average time before surgery. Concerning the admissions to hospital care, one must recognize that hospital resources (mainly beds and clinical staff) are rivalrous, i.e., there is competition for the same resource. Suppose an inpatient infected with SARS-CoV-2 occupies a bed or a ventilator. In that case, the same resource will not be available for another user for a while, denying or delaying the appropriate care for that person. We expected these results, as COVID-19 and the policies implemented to contain it constituted a massive barrier to hospital care. There is thus evidence to reject the null hypothesis H0(R3) that concerns the third research question (R3) and the variables group of access.




4.3. Safety and Care Appropriateness


Unlike what happened to the access to hospital care, primarily resulting from administrative, political, and contingency barriers, safety and care appropriateness in hospitals improved during the entire period (see Figure 5 and Table 6). Although some ups and downs were observed in both static and dynamic performance estimates, hospitals are currently in a better position than in 2017, delivering better care without as many undesirable events as before. The pandemic does not seem to have influenced this set of dimensions, as hospitals and their clinical staff seem to have adopted good empirically based practices without jeopardizing the patients’ safety. Overall, hospitals approached their own year-based frontier, as this frontier moved towards a region characterized by better care outcomes. As shown in Table 7, no COVID-19-related variable seems to explain the hospital performance change concerning safety and appropriateness of care. The linear models were also unsuitable, exhibiting very small coefficients of determination, and two criteria over residuals failed (homoskedasticity and independence). Thus, there is no evidence to reject the null hypothesis H0(R3) that concerns the third research question (R3) and the variables group of safety and care appropriateness. These results suggest that the safety and appropriateness of care in Portuguese public hospitals have nothing to do with the evolution of COVID-19. Hospitals seem to deliver safe and appropriate care regardless of the widespread pandemic, suggesting that all best practices and international and national guidelines have been adopted to treat all patients equally well. Hospital care does not seem to have been affected by the pandemic, nor the harsh conditions in which the clinical staff had to work and the burnout to which they were subjected.





5. Discussion


During the COVID-19 pandemic, hospitals faced significant challenges in providing quality care due to the overwhelming number of cases, resource constraints, and the need to implement infection control measures. While the specific quality of care varied across different regions and healthcare systems, there are some common factors that affected hospital quality during this time: surges in COVID-19 cases, resource constraints, staffing issues, delayed or deferred non-urgent care, infection control measures, and adaptation to new care models.



The sudden influx of COVID-19 patients put immense strain on healthcare systems, leading to overcrowding and potential shortages of beds, equipment, and medical personnel. This surge impacted the overall quality of care as hospitals struggled to manage the increased workload. Meanwhile, some strategies have been implemented worldwide to mitigate this surge: expanding hospital capacity, repurposing existing spaces for isolation spaces, optimizing resource allocation, developing protocols for judicious resource use, prioritizing patients based on severity, enhancing staffing levels (addressing staff shortages by hiring additional workers, redeploying staff from non-urgent areas, and seeking support from external sources, like volunteers), implementing infection control measures like regular staff testing, enhancing testing and contact tracing, expanding telehealth services (remote consultations, monitoring patients, and triage cases). Flexibility, adaptability, and the continuous evaluation of interventions are crucial for an effective response to the surge in COVID-19 cases. In Portugal, a reform of letting patients be interned in their own home is being tested, which could be a solution for non-COVID-19 cases requiring hospital admission and stay at ward during the surge.



The scarcity of critical resources such as personal protective equipment, ventilators, and testing supplies created challenges in providing optimal care for both COVID-19 patients and those with other medical conditions. Limited resources could affect the ability to offer timely and appropriate treatment. Surpassing surmounting resource constraints in hospitals during a surge can be challenging, but there are strategies that can help optimize resource utilization and alleviate some of the constraints: resource allocation and prioritization through protocols and guidelines prioritizing patients based on clinical need and prognosis; collaboration among healthcare facilities and providers within a region and resource sharing to distribute the burden of patient care; seeking external support via partnerships with other organizations, such as government agencies, non-profit organizations, private businesses, and local communities to raise awareness about the resource needs; resource conservation and efficiency of usage through proper training and education, implementing systems to track and manage inventories effectively as well as protocols to reduce waste via evidence-based practices to minimize unnecessary procedures, tests, or treatments; staff optimization via telehealth and reallocation; and supply chain management via enhanced coordination and communication with suppliers and vendors to anticipate and address potential shortages.



Healthcare workers were at the forefront of the pandemic response, working tirelessly under immense pressure. Staff shortages due to illness, burnout, or the need for self-isolation further strained hospitals’ ability to maintain high-quality care. Burnout among health staff is a critical aspect during surges, and addressing/mitigating its impact is crucial for maintaining their well-being and effectiveness. Some strategies include prioritizing staff well-being, creating a supportive environment that values and prioritizes their mental and emotional health, encouraging open communication and providing channels for staff to express concerns or seek support, and avoiding excessive workloads and fatigue by improving staffing levels, while allowing for flexible scheduling and breaks. Recognition, appreciation, training, education, clear communication, transparency, and employee involvement in decision-making are also important strategies related to implement.



To allocate resources and reduce the risk of COVID-19 transmission, many hospitals had to delay or defer non-urgent procedures and appointments. This situation could lead to longer waiting times, the potential worsening of certain conditions, and overall dissatisfaction among patients. Avoiding care delays or deferrals during pandemics requires a careful balance between managing the surge’s cases and ensuring timely access to essential healthcare services. For that, one should try to minimize care delays via risk stratification and prioritization based on severity, the introduction or enhancement of telehealth services for remote consultations, follow-ups, and monitoring for non-urgent or low-risk cases, creating dedicated COVID-19 facilities, improving the collaboration with primary care providers to ensure that non-urgent care is appropriately managed outside of the hospital setting, and finally continuously monitoring and evaluating the impact of care delays or deferrals on patient outcomes.



Hospitals implemented strict infection control protocols to prevent the spread of COVID-19 among patients and healthcare workers. While necessary, these measures, such as isolation protocols and visitor restrictions, could impact the patient experience and affect the quality of care, particularly in terms of emotional support and family involvement.



Many hospitals had to rapidly adapt their care models to accommodate the challenges posed by the pandemic. This included telehealth services, remote monitoring, and triaging mechanisms to manage patient volumes effectively. While these innovations were crucial, they also required adjustments in workflows, and could potentially impact the patient–provider relationship.



It is important to note that the quality of care varied among different regions and hospitals. Some facilities successfully managed the challenges and maintained high-quality care, while others faced more significant difficulties. A closer look at some of the benchmarks during the pandemic period allowed us to see that they have adopted a meaningful set of the abovementioned strategies, and for that reason, they became more resilient against the surge. Healthcare providers have been continuously learning and adapting throughout the pandemic to improve care delivery in the face of ongoing challenges. However, the pandemic features only explain a small share of hospital performance evolution, with the noteworthy exception of access dimensions. But one should note that delayed care and deferrals were mostly the result of the Central Government’s strategy to contain the virus, forgetting that other pathologies needed attention. This caused a worsening of the severity of illnesses, and it is well-known that later stages of diseases are usually costlier than the earlier ones. Aside from the issue of access, the pandemic does not clearly explain the evolution of hospital performance in terms of efficiency and care safety and appropriateness. This result suggests that changes in performance should be interpreted in the light of internal structure (poor preparedness, staff burnout, hysteria, among others). As the World Health Organization has already decreed the pandemic’s end, it is important that healthcare providers and governments prepare themselves for likely future pandemics, by following the best practices (benchmarks) and designing reliable contingency plans [104,105,106].



Academic implications: Beyond the findings about the strategic management of healthcare systems in the presence of a pandemic (vide infra for the practical implications), it is worth mentioning that there are some academic implications for researchers in the economics and operational research fields. In fact, the use of a weight-constrained BoD together with the GDF-based TFP, as a first stage, and then the productivity indices used in the relational model, would be innovative and open doors to future uses, even in different case studies. It should be noted that the use of this kind of models is relevant to assessments of performance levels and potential drivers, especially when the systems’ sustainability is at stake [107,108,109,110].



Practical implications: The COVID-19 pandemic has exposed significant challenges faced by hospitals, including resource constraints, staffing issues, delayed non-urgent care, and infection control measures. These challenges require strategies to maintain quality care and address the strain on healthcare systems. Our results have highlighted the importance of developing comprehensive contingency plans, optimizing resource utilization, addressing healthcare worker burnout, balancing urgent and non-urgent care, maintaining patient experience and emotional support, adjusting care models, analyzing regional variations in quality of care, and assessing and improving internal structures to enhance the response to pandemics like COVID-19. These strategies can lead to better resource management, improved healthcare worker well-being, optimized patient care, and increased resilience during challenging times. By learning from past experiences and benchmarking against successful strategies, hospitals can improve preparedness for future public health crises. Healthcare providers should also prioritize staff well-being, provide a supportive environment, encourage open communication, and implement strategies to manage workloads and fatigue. Balancing urgent and non-urgent care, patient experience, and emotional support is crucial during pandemics. Adapting care models, analyzing regional variations in quality of care, and assessing internal structures can help hospitals better respond to future challenges. Overall, implementing these strategies can lead to better resource management, improved healthcare worker well-being, optimized patient care, and increased resilience during challenging times.




6. Conclusions


This work has dealt with three important research questions that have not been answered in the literature. Evidence suggests that hospital performance has been heavily conditioned by the Ministry of Health’s external impositions, especially concerning the barriers created to contain the pandemic’s dissemination. The COVID-19 pandemic’s features explain part of the hospitals’ performance after March 2020, especially the access and efficiency dimensions. Although hospitals have adopted safe and appropriate clinical practices internally, some resource availability problems need to be addressed urgently. The lack of medical doctors and nurses in public healthcare provider services is not a new problem, and was exacerbated by the harsh conditions in the workplace created by the pandemic. Introducing policies that condition access to those services increased the existing barriers to the NHS. The postponement or cancellation of medical appointments and surgeries and the constraints on the emergency departments only resulted in the worsening of patients’ quality of life, and increases in costs in the future, because the related clinical status becomes more complex and severe to treat. It becomes evident that these policies put the NHS’s sustainability and mission at stake. If future pandemics occur, it is paramount to assess the past best practices within the Portuguese NHS and internationally. But this benchmarking exercise does not end with identifying those best practices: one needs to adapt and then adopt them in the NHS, such that the healthcare providers’ resilience and capacity to respond to the demand for care are not at risk. In the current times, characterized by an ongoing pandemic, the exodus of clinical staff to the private sector or abroad, along with political instability, it is challenging to implement the required structural reforms that allow the NHS to fulfill its mission. Nonetheless, they are undoubtedly necessary, and we should focus on improving clinical staff working conditions, hiring more staff, fostering meritocracy, reducing bureaucracy, and guaranteeing equitable access to quality healthcare for the entire population (in particular, the people living in the countryside).



Our study is not absolutely foolproof, as one may identify some limitations. In particular, the variables and models used to quantify hospital performance can always be debatable. In fact, some dimensions, like the in-hospital mortality for low-severity cases, can be included to improve the performance estimation. Of course, we are always bounded by the availability, which may hamper the model’s refinement. Regarding the model, we should highlight its compensatory and benevolent nature, meaning that larger weights are assigned to variables in which hospitals have better performances, while zero-weights can be obtained when the performance is low. This is because the optimization model seeks to maximize performance, so no other system of weights would result in a higher performance score. This is simultaneously a merit and a drawback of the method, as some variables may outweigh others, as long as this would result in a larger score. That being said, it is important to compare our results against those achieved with, for example, a pessimistic benchmarking model.
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Figure 1. COVID-19 daily new infections and deaths in Portugal (source: DGS, Status Report no. 763|16 August to 22 August 2022). (a) COVID-19 daily number of new cases in Portugal. (b) COVID-19 related deaths per million inhabitants in Portugal. 
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Figure 2. Hospital and Intensive Care Units’ admissions because of COVID-19 in Portugal (source: DGS, Status Report no. 763|16 August to 22 August 2022). 
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Figure 3. Hospital efficiency and productivity evolution, per group. (a) Evolution of static performance, P, for the efficiency–productivity group of variables. (b) Evolution of dynamic performance, T, for the efficiency–productivity group of variables. 
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Figure 4. Access performance evolution per group. (a) Evolution of static performance, P, for the access group of variables. (b) Evolution of dynamic performance, T, for the access group of variables. 
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Figure 5. Hospital safety and care appropriateness performance evolution, per group. (a) Evolution of static performance, P, for the safety and appropriateness of care group of variables. (b) Evolution of dynamic performance, T, for the safety and appropriateness of care group of variables. 
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Table 1. Correspondence between quality domains identified in the literature.
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	Institute of Medicine
	Donabedian [38,39,40]
	Ferreira and Marques [35], Ferreira, Marques, Nunes and Figueira [37,41]





	Safety
	Process
	Safety



	Effectiveness
	Results
	Patient satisfaction, quality of life improvement, care appropriateness



	Patient-centeredness
	Process
	Care appropriateness



	Timeliness
	Attributes
	Access



	Efficiency (and productivity)
	Attributes
	Efficiency and productivity



	Equity
	Attributes
	Access
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Table 2. Hospital efficiency and productivity evolution, per group and period.
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Group

	
01/2017–02/2020

	
03/2020–05/2022

	
03/2020–02/2021

	
03/2021–05/2022

	
Global






	
Static performance




	
B

	
0.9995

	
1.0261

	
1.0205

	
1.0309

	
1.0102




	
C

	
0.9882

	
1.0033

	
1.0047

	
1.0021

	
0.9943




	
D

	
0.9559

	
1.0396

	
1.0421

	
1.0374

	
0.9890




	
E

	
0.9554

	
1.0252

	
1.0244

	
1.0259

	
0.9832




	
Dynamic performance




	
B

	
0.9977

	
0.9674

	
0.9559

	
0.9774

	
0.9853




	
C

	
0.9835

	
0.9752

	
0.9594

	
0.9889

	
0.9801




	
D

	
0.9626

	
0.9676

	
0.9508

	
0.9823

	
0.9646




	
E

	
0.9591

	
0.9633

	
0.9573

	
0.9684

	
0.9608




	
Total Factor Productivity




	
B

	
0.9972

	
0.9927

	
0.9755

	
1.0076

	
0.9954




	
C

	
0.9719

	
0.9784

	
0.9639

	
0.9910

	
0.9745




	
D

	
0.9201

	
1.0059

	
0.9908

	
1.0190

	
0.9540




	
E

	
0.9164

	
0.9876

	
0.9806

	
0.9935

	
0.9446
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Table 3. Beta coefficients for the multiple regression analysis over the hospital efficiency and productivity.
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Variables

	
P

	
T

	
TFP






	
Intercept

	
1.041

	
0.967

	
0.999




	
x1.

	
Infected people per million inhabitants

	
*

	
0.300

	
0.159




	
x2.

	
COVID-19-related deaths per million inhabitants

	
*

	
*

	
*




	
x3.

	
Reproduction rate

	
*

	
0.689

	
0.314




	
x4.

	
Intensive care unit admissions (because of COVID-19) per million inhabitants

	
*

	
0.188

	
0.254




	
x5.

	
Hospital admissions (because of COVID-19) per million inhabitants

	
*

	
0.963

	
0.216




	
x6.

	
Vaccination (complete) rate

	
*

	
*

	
*




	
x7.

	
Stringency index

	
*

	
−0.252

	
−0.141




	
Coefficient of determination, R2

	
0.039

	
0.561

	
0.211




	
Does the model violate the residuals’ normality? (Kolmogorov–Smirnov test)

	
No

	
No

	
No




	
Does the model violate the residuals’ homoskedasticity?

	
Yes

	
No

	
Yes




	
Does the model violate the residuals’ independence? (Durbin–Watson test)

	
Yes

	
No

	
Yes








Note: P—static performance change; T—dynamic performance change; TFP—total factor productivity. * Not statistically meaningful at the 5% significance level.
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Table 4. Access performance evolution per group and period.
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Group

	
01/2017–02/2020

	
03/2020–05/2022

	
03/2020–02/2021

	
03/2021–05/2022

	
Global






	
Static performance




	
B

	
1.0392

	
0.8990

	
0.8777

	
0.9176

	
0.9797




	
C

	
0.9543

	
0.8617

	
0.7957

	
0.9225

	
0.9155




	
D

	
0.9164

	
0.8638

	
0.7421

	
0.9838

	
0.8947




	
E

	
1.0001

	
0.8516

	
0.8054

	
0.8933

	
0.9368




	
Dynamic performance




	
B

	
1.0195

	
0.8799

	
0.8588

	
0.8984

	
0.9603




	
C

	
0.9372

	
0.8494

	
0.7529

	
0.9420

	
0.9005




	
D

	
0.9069

	
0.8341

	
0.7450

	
0.9190

	
0.8766




	
E

	
1.0299

	
0.8757

	
0.7872

	
0.9595

	
0.9642




	
Total Factor Productivity




	
B

	
1.0594

	
0.7910

	
0.7538

	
0.8244

	
0.9408




	
C

	
0.8943

	
0.7319

	
0.5991

	
0.8690

	
0.8244




	
D

	
0.8311

	
0.7205

	
0.5529

	
0.9040

	
0.7843




	
E

	
1.0299

	
0.7457

	
0.6340

	
0.8571

	
0.9033
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Table 5. Beta coefficients for the multiple regression analysis over the access to hospital care.
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Variables

	
P

	
T

	
TFP






	
Intercept

	
0.875

	
0.859

	
0.755




	
x1.

	
Infected people per million inhabitants

	
*

	
*

	
*




	
x2.

	
COVID-19-related deaths per million inhabitants

	
*

	
*

	
*




	
x3.

	
Reproduction rate

	
*

	
*

	
*




	
x4.

	
Intensive care unit admissions (because of COVID-19) per million inhabitants

	
−0.567

	
−0.828

	
−0.549




	
x5.

	
Hospital admissions (because of COVID-19) per million inhabitants

	
−0.440

	
−0.323

	
−0.624




	
x6.

	
Vaccination (complete) rate

	
*

	
*

	
*




	
x7.

	
Stringency index

	
−0.927

	
−0.840

	
−0.757




	
Coefficient of determination, R2

	
0.725

	
0.668

	
0.590




	
Does the model violate the residuals’ normality? (Kolmogorov–Smirnov test)

	
No

	
No

	
No




	
Does the model violate the residuals’ homoskedasticity?

	
No

	
No

	
No




	
Does the model violate the residuals’ independence? (Autocorrelation test)

	
No

	
No

	
No








Note: P—static performance change; T—dynamic performance change; TFP—total factor productivity. * Not statistically meaningful at the 5% significance level.
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Table 6. Hospital safety and care appropriateness performance evolution, per group and period.
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Group

	
01/2017–02/2020

	
03/2020–05/2022

	
03/2020–02/2021

	
03/2021–05/2022

	
Global






	
Static performance




	
B

	
1.0074

	
1.0292

	
1.0215

	
1.0359

	
1.0162




	
C

	
1.0223

	
1.0221

	
1.0133

	
1.0297

	
1.0222




	
D

	
1.0315

	
1.0262

	
1.0113

	
1.0392

	
1.0294




	
E

	
1.0294

	
1.0335

	
1.0403

	
1.0276

	
1.0310




	
Dynamic performance




	
B

	
1.0192

	
1.0269

	
1.0141

	
1.0380

	
1.0223




	
C

	
1.0223

	
1.0140

	
1.0004

	
1.0257

	
1.0189




	
D

	
1.0244

	
1.0346

	
1.0252

	
1.0428

	
1.0286




	
E

	
1.0342

	
1.0185

	
1.0281

	
1.0104

	
1.0278




	
Total Factor Productivity




	
B

	
1.0267

	
1.0569

	
1.0359

	
1.0753

	
1.0389




	
C

	
1.0452

	
1.0364

	
1.0138

	
1.0562

	
1.0416




	
D

	
1.0567

	
1.0618

	
1.0367

	
1.0837

	
1.0588




	
E

	
1.0646

	
1.0526

	
1.0696

	
1.0383

	
1.0597
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Table 7. Beta coefficients for the multiple regression analysis over the hospital safety and care appropriateness.
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Variables

	
P

	
T

	
TFP






	
Intercept

	
1.001

	
1.015

	
1.056




	
x1.

	
Infected people per million inhabitants

	
*

	
*

	
*




	
x2.

	
COVID-19-related deaths per million inhabitants

	
*

	
*

	
*




	
x3.

	
Reproduction rate

	
*

	
*

	
*




	
x4.

	
Intensive care unit admissions (because of COVID-19) per million inhabitants

	
*

	
*

	
*




	
x5.

	
Hospital admissions (because of COVID-19) per million inhabitants

	
*

	
*

	
*




	
x6.

	
Vaccination (complete) rate

	
*

	
*

	
*




	
x7.

	
Stringency index

	
*

	
*

	
*




	
Coefficient of determination, R2

	
0.002

	
0.000

	
0.000




	
Does the model violate the residuals’ normality? (Kolmogorov–Smirnov test)

	
No

	
No

	
No




	
Does the model violate the residuals’ homoskedasticity?

	
Yes

	
Yes

	
Yes




	
Does the model violate the residuals’ independence? (Autocorrelation test)

	
Yes

	
Yes

	
Yes








Note: P—static performance change; T—dynamic performance change; TFP—total factor productivity. * Not statistically meaningful at the 5% significance level.
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