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Abstract

:

Comparing hospitals using multicriteria methods facilitates a thorough assessment of performance across multiple dimensions, supports informed decision-making, promotes accountability, and drives continuous improvement in healthcare delivery. This paper aims to apply multicriteria methods to assess hospitals in Slovakia in the pre-crisis (2019), crisis (2021), and post-crisis (2023) periods of the COVID-19 pandemic. The assessment is conducted using four multicriteria methods, i.e., a ranking method, scoring method, normed variable method, and TOPSIS method, and nonmetric multidimensional scaling (NMDS). The research sample comprises a group of hospitals classified under the sector (SK) NACE 86.1—Hospital activities. Seven indicators (financial and non-financial) were entered into the analysis. The results show that the agreement among the employed multicriteria evaluation methods was statistically significant. Moreover, the findings demonstrate that Slovak hospital rankings based on the selected criteria vary over time. The perfect quality of the NMDS models, as indicated by stress values below 0.025, shows that NMDS analysis provides a highly accurate and reliable representation of hospital comparisons. By combining multicriteria methods with NMDS, we harness the strengths of each approach to improve decision-making and achieve greater insights into intricate datasets. A comprehensive assessment of hospitals allows for the identification of the system’s strengths and weaknesses, which can be utilized to formulate new improvement strategies. As an additional benefit, this paper includes a bibliometric analysis, offering a systematic evaluation and synthesis of existing research on multicriteria evaluation methods.
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1. Introduction


Healthcare is one of the most closely monitored aspects of human activity due to its critical impact on individual and public health, economic stability, and social well-being. Porter and Lee (2013) stated that monitoring includes tracking health outcomes, patient safety, resource allocation, and adherence to best practices and regulations. Advances in technology, data analytics, and policy reforms continuously shape the way healthcare is delivered and evaluated, aiming to improve health outcomes and reduce disparities. According to Li et al. (2023), the COVID-19 pandemic has had a profound impact on the operations, expenditures, and income of hospitals.



While the healthcare system plays a crucial role in managing public health, the intrinsic value of health at an individual level underscores the importance of these efforts (Moss et al. 2023). Health is an individual’s most precious asset, whose worth is immeasurable despite the numerous methods available to measure it (Murphy and Topel 2006). A prevalent characteristic of its functioning is the widespread perception of financial resource scarcity, whether in the most developed or developing countries. One of the fundamental objectives of the healthcare system is to ensure the health and well-being of individuals. Health literacy is essential for life, serves as a core function of the health system, constitutes a vital component of social capital, holds undeniable economic value, and remains a top priority (Sørensen et al. 2015).



Hospitals, as essential frontline entities, have faced ongoing challenges in navigating the effects of the COVID-19 pandemic (Rhodes et al. 2023). The COVID-19 pandemic has significantly increased the demand for medical services, placing an unprecedented burden on healthcare systems (Ardakani et al. 2023). A thorough evaluation of hospitals helps identify system strengths and weaknesses, aiding in developing new improvement strategies.



This paper aims to apply multicriteria methods to assess hospitals in Slovakia in the pre-crisis (2019), crisis (2021), and post-crisis (2023) periods of the COVID-19 pandemic. The research sample consists of a set of hospitals in the sector (SK) NACE 86.1—Hospital activities. The evaluation is carried out based on four multicriteria methods, i.e., a ranking method, scoring method, normed variable method, and TOPSIS method, and nonmetric multidimensional scaling (NMDS). Three objectives follow from the aim of this paper. The first objective is to determine whether the four multicriteria evaluation methods provide consistent rankings of hospitals. The second objective is to assess whether hospital rankings shift over time (pre-crisis, crisis, and post-crisis periods of the COVID-19 pandemic). The third objective is to determine whether the distances between hospitals in the original high-dimensional space will be preserved in the two-dimensional space. By integrating multicriteria methods with multidimensional scaling (MDS), we leverage the strengths of both approaches to enhance the overall decision-making process and gain deeper insights into complex datasets. As is presented by Rahimi et al. (2014), the precise selection of indicators has an impact on improving the quality of services and assessment accuracy.



Our findings contribute to the existing research and fill the research gap by examining Slovak hospital evaluations. The selection of financial and non-financial indicators forms an essential part of the qualitative assessment of decision units in space. The contribution of this research is the analysis of the financial and non-financial indicators that are most used in the evaluation of hospitals. The most important is the assessment and insight into the competitiveness of individual hospitals in the analyzed sector using multicriteria evaluation methods and the comparison of individual results. Another contribution is a theoretical look at the position of public and private hospitals in the pre-crisis, crisis, and post-crisis periods of the COVID-19 pandemic in the structure of the Slovak economy. Its contribution is to broaden the knowledge base of multicriteria methods in the financial management context. Knowing the financial position of hospitals and responding to problems promptly can increase not only a hospital’s viability but also its competitiveness and position in the space. This analysis can help in practical applications in future research papers in the field of healthcare economics and management.



The remainder of this paper is organized as follows. Section 2 provides the literature review. Section 3 presents data and methods. Section 4 provides the results, including visualization from NMDS and the rankings derived from the multicriteria evaluation. Section 5 discusses the findings, and Section 6 concludes the paper.




2. Literature Review


The financial management of a healthcare organization is the process of providing an overview of the day-to-day financial operations and planning the long-term financial flows of the organization (Jakušová 2016). Financial decisions at both the operational and strategic levels encompass multidimensional aspects that manifest in various ways (Zopounidis et al. 2015). The assessment of financial credibility in the Slovak healthcare sector has been the subject of research by Petruška et al. (2019) and Štefko et al. (2017).



Financial management involves selecting the best options for acquiring internal and external financing sources and utilizing them to achieve the fundamental financial goals of the business (Raipuria 2020). In financial management, it is crucial to employ various approaches for evaluating financial status, enabling the use of multiple criteria to assess any given situation (Baydaş et al. 2022; Türegün 2022). Multicriteria methods are usually used to evaluate and rank alternatives based on multiple criteria (Pamučar et al. 2017). They help in making decisions where multiple factors need to be considered simultaneously (Ceballos et al. 2016). MDS is a technique used for visualizing the similarity or dissimilarity of data in a low-dimensional space (Saeed et al. 2018). It helps in identifying patterns or clusters within the data.



In this section, we provide a bibliometric analysis, a powerful tool for systematically evaluating and synthesizing existing research on the presented topic, i.e., multicriteria evaluation methods. Publications exported from the Web of Science database were input into the bibliometric analysis. A query command for the Topic option was entered into the search bar using the Boolean “OR” operator in the following structure: “multicriteria methods” OR “normed variable method” OR “TOPSIS” OR “multidimensional scaling” OR “MDS”. Only the most recent research publications from 2018 to 2024 within the categories of Economics, Management, Business, and Business Finance were included. After the above limitations, the input to the bibliometric analysis consisted of 1150 publications. Bibliometric maps were created using VOSviewer.



First, the analysis focused on examining which countries/regions have addressed the issue. A country/region was considered for analysis only if it had a minimum of 10 publications affiliated with it on the topic. Figure 1 contains the constructed bibliometric map that classified the five color-coded clusters of the 27 collaborating countries/regions. A higher point on the map represents a larger contribution of the country/region to the issue. India, the USA, Turkey, Iran, and Brazil are among the countries/regions exerting the most significant influence. Thicker links between countries/regions mean more frequent cooperation. Table 1 shows the classification of countries/regions into clusters.



Another part of the bibliometric analysis involves examining the occurrence of keywords within a given field. A keyword was included if it occurred at least 30 times in the underlying publications. Figure 2 offers a generated bibliometric map that classifies the three color-coded clusters (see also in Table 2). A higher point on the map represents a more frequent occurrence of a keyword, and a thicker link between keywords means their more frequent occurrence together in publications.



Figure 3 presents the most frequently mentioned keywords in the publications analyzed, specifically using density visualization. The greater the reach of the keyword, the greater the content of the colored area around that particular keyword. TOPSIS, model, performance, selection, AHP, and management are among the most discussed keywords.



A systematic approach to addressing complex planning and decision-making issues requires a careful balance between comprehensive detail and limited information. The outcomes of an evaluation process need to be conveyed to policymakers in a practical and understandable form, especially considering that evaluation issues typically involve multiple dimensions (Nijkamp et al. 2013). Multicriteria evaluation aims to provide a structured approach to evaluate different options and rank them based on their performance against the criteria (Proctor and Drechsler 2006).



Multicriteria methods are often based on elementary characteristics, e.g., arithmetic mean, variance, standard deviation, and coefficient of variation (Jenčová 2018). The TOPSIS (Technique for Order Preference and Similarity to Ideal Solution) method is widely recognized as one of the most precise multicriteria evaluation methods. The method operates on the principle that the best alternative should have the least geometric distance from a positive-ideal solution. The general approach includes comparing various alternatives by assigning weights to each evaluation criterion, normalizing the scores obtained, and subsequently calculating the Euclidean distance from an ideal solution (Thakkar 2021).



Several multicriteria evaluation methods can produce varying outcomes due to their unique approaches in weighting criteria, handling uncertainties, and interpreting preferences. Therefore, it is valuable to compare their outcomes.



Based on the bibliometric analysis, multicriteria evaluation methods have garnered considerable research interest. Oblak (2014) used two methods (ABC analysis and the multicriteria decision-making method) to diagnose the environmental conditions of the workplaces in the timber industry. Kiselakova et al. (2020) used multidimensional comparative analysis to compare the total synthetic measure value of sustainable development for each European Union country using data from 2018.



Several studies have employed the TOPSIS method to assess the financial performance of specific industries, e.g., five major airlines in Taiwan (Feng and Wang 2000); logistics companies (Çakır and Perçin 2013); companies operating in the iron, steel, and metal industries (Bakırcı et al. 2014); and Taiwanese container shipping companies (Wang 2014). Jenčová (2018) evaluated sixty companies operating in the electrical engineering industry using the ranking method, scoring method, normed variable method, and TOPSIS method based on specified criteria. Jenčová et al. (2019) used the mentioned methods to determine the financial and economic position of spa companies from 2013 to 2017. The authors used four financial indicators, i.e., return on assets, return on sales, personal costs-to-net turnover ratio, and value added-to-sales ratio. Krivka (2014) evaluated how the economic crisis affected Lithuanian industries. His research covers 68 industries over the period of 2006–2011, which are assessed based on a set of 10 financial ratios (profitability, liquidity, solvency, and asset turnover). The author used several multicriteria decision-making methods, such as SAW (Simple Additive Weighting), TOPSIS, and VIKOR (Vise Kriterijumska Optimizacija I Kompromisno Resenje), which distinguished between pre-crisis, crisis, and post-crisis periods and identified the sectors most and least affected by the economic crisis. Uygurtürk and Korkmaz (2012) analyzed the financial performance of 13 major metal industry companies in Istanbul from 2006 to 2010 using the TOPSIS method. A study by Ucuncu et al. (2018) aimed to evaluate the financial performance of seven companies in the paper industry traded on BIST (Borsa Istanbul) in 2016 using the TOPSIS method.



The TOPSIS method has been used in several studies to select a suitable supplier or supply chain. These studies focused on different industries, e.g., the engineering industry (Du and Yu 2008), gas and oil industry (Wang et al. 2018), steel industry (Azimifard et al. 2018), chemical industry (Tong et al. 2019), food processing industry (Ortiz-Barrios et al. 2020a), automotive industry (Narayana et al. 2020), mining industry (Ortiz-Barrios et al. 2021), textile industry (Kumar et al. 2022), and pharmaceutical industry (Qorri et al. 2022). Acar et al. (2015) used the TOPSIS method to assess the sustainability performance of companies, focusing on a corporate group in the textile industry.



The TOPSIS method has been utilized in numerous other studies as well. Wang and Wang (2014) used the method to assess the competitiveness of the Chinese high-tech industry in 2011. A study by Ilban and Yildirim (2017) analyzes the tourism performance of the world’s 15 most popular tourist destinations over six years from 2009 to 2014. Do et al. (2020) identified the critical parameters of the Vietnamese coffee industry. A study by Weerathunga et al. (2020) evaluated the sustainability performance of the Sri Lankan hotel industry using data from 25 hotels listed on the Colombo Stock Exchange (CSE). The TOPSIS method has been used in the evaluation of hospitals in the research by Shafii et al. (2016), Jafari et al. (2020), and Ortiz-Barrios et al. (2020b).



In other research, different methods besides TOPSIS have been employed. Celek et al. (2021) used the MOORA (Multi-Objective Optimization on the basis of Ratio Analysis) and TOPSIS methods to select suitable industrial robots in the aerospace industry. Kecek and Demirağ (2016) used TOPSIS and MOORA in the IT sector. Mansory et al. (2014) used the TOPSIS and DEA (Data Envelopment Analysis) methods to evaluate 28 active companies in the cement industry accepted in the Tehran stock market during 2006–2011. Duman et al. (2017) combined the DEA and TOPSIS methods to evaluate the retail performance of the food industry. Rouyendegh et al. (2020) assessed the performance of the retail industry in Turkey using integrated intuitionistic fuzzy TOPSIS and DEA. Le and Lu (2022) explored the competitiveness of the pharmaceutical multinational enterprises listed in the Forbes Global 2000 using DEA, rough set theory, and the TOPSIS method. Mardani et al. (2022) used TOPSIS, VIKOR, SAW, and AHP (Analytic Hierarchy Process) to rank six public hospitals in Iran.



In particular, after applying multicriteria methods, using scaling models of multivariate statistical analysis, such as MDS, can be especially effective. Using MDS, Sagarra et al. (2017) highlighted the important aspects of the data when exploring the efficiency of Mexican universities. The MDS method has also been applied in the analysis of various industries. Czillingová et al. (2012) discussed the implementation of multivariate statistical methods used to compare the financial health of selected global steel producers. They analyzed the development of the steel industry between 2003 and 2007 using factor analysis, MDS, and cluster analysis. Štefko et al. (2020) used MDS to determine the position of 21 Slovak spa companies, as well as the Slovak spa industry, within NACE 86—Human Health Activities and NACE 86.9—Other Human Activities. Jenčová et al. (2022) used MDS to compare the financial position of the 60 largest companies operating in the Slovak food processing industry it the NUTS II regions of Slovakia (Western, Central, and Eastern). In addition, the authors compared these companies in space using multicriteria evaluation methods. Wu et al. (2011) highlighted the use of MDS in the continuous development of an evaluation model, leveraging Balanced Scorecard criteria to aid hospitals in selecting the most appropriate strategies. Prejmerean and Vasilache (2009) utilized MDS as a key tool to reveal differences in patients’ perceptions of healthcare service quality, drawing on data from a sample of ten Romanian clinics.



From the literature review conducted, there are very few studies that use multicriteria evaluation methods or MDS in evaluating hospitals. We are not aware of any study that combines both methods in this field. Therefore, we have identified a research gap in the application of the previously mentioned multicriteria methods and MDS for Slovak hospital evaluation.



When ranking Slovak hospitals using four different multidimensional methods across three distinct periods, several hypotheses could be formulated to explore various aspects of the analysis.



First, we will examine the correlation between rankings produced by different multidimensional methods, assessing how effectively each method represents hospital performance relative to others. This means we will test whether these different multidimensional methods, despite their varying approaches, produce similar rankings for the hospitals or not. It assesses the robustness of the rankings across different evaluation techniques. The hypotheses are as follows:



Hypothesis 1a.

The rankings of the Slovak hospitals will show significant consistency across the four different multidimensional methods.





Hypothesis 1b.

The rankings derived from the four multidimensional methods will show varying degrees of correlation, reflecting differences in how effectively each method captures hospital performance.





Second, we will explore whether the performance rankings of hospitals change over time, which could be due to the COVID-19 pandemic. The hypothesis is as follows:



Hypothesis 2.

The rankings of the Slovak hospitals will vary significantly across the three different periods, indicating the influence of the COVID-19 pandemic on hospital performance.





Third, in the context of analyzing Slovak hospitals over three periods, MDS can help visualize the similarities and differences among these hospitals in a simplified two-dimensional space. By doing so, we aim to maintain the essential information and relationships from the original high-dimensional data. Specifically, we expect that hospitals with similar characteristics will be closer to each other in the two-dimensional space, forming distinct clusters that correspond to their categories or performance metrics. If the MDS model shows a low stress value, it indicates that the two-dimensional representation accurately reflects the distances between hospitals in the original high-dimensional space, preserving the overall structure of the data. The hypothesis is as follows:



Hypothesis 3.

The data from the analyzed Slovak hospitals across three periods can be effectively represented in a two-dimensional space without a significant loss of information, as measured by the stress value.






3. Materials and Methods


3.1. Data


The research sample consists of health facilities within the Ministry of Health of the Slovak Republic transformed into public limited companies and hospitals within the Ministry of Health of the Slovak Republic, the Ministry of Defence of the Slovak Republic, and the Ministry of Interior of the Slovak Republic, according to NACE 86—Human Health Activities, and NACE 86.1—Hospital activities (see Table 3). These are all eleven Slovak hospitals classified under NACE 86.1 (according to the Statistical Classification of Economic Activities in the European Community). The map in Figure A1 (in Appendix A) displays the positions of the analyzed hospitals.



This paper aims to apply multicriteria methods to assess hospitals in Slovakia in the pre-crisis (2019), crisis (2021), and post-crisis (2023) periods of the COVID-19 pandemic. The year 2019 represents the healthcare system’s baseline performance before the COVID-19 pandemic, allowing for a comparison with later years affected by the crisis. In Slovakia, 2021 was the year of the global pandemic COVID-19. During the subsequent crisis, the Slovak health sector was financially depleted, understaffed in terms of capacity and human resources, weak in terms of capital, dysfunctional in terms of data, and technologically underdeveloped. This year captured the peak challenges faced by the healthcare system. Assessing hospitals in 2023 helps understand its lasting impacts and the effectiveness of recovery strategies. By this year, the healthcare system may have started to recover or adapt to the pandemic’s long-term effects.



Seven indicators were entered into the analysis. Their list and the source from which they were obtained are presented in Table 4. The criteria were designed and determined based on absolute data, which significantly determined hospital funding.



The Patient satisfaction and Quality variables were obtained from the rating of hospitals evaluated by the Institute for Economic and Social Reforms. Indicators can take values from 0 to 100 points. Patient satisfaction comprises overall patient satisfaction and patient complaints. Overall patient satisfaction represents the average of 12 statutory quality indicators on inpatients’ perceptions of healthcare provision (assessment of satisfaction with the care, behavior and information provided by medical staff, assessment of the quality of accommodation, ward cleanliness and food, assessment of satisfaction with the healthcare provided, and subjective perceptions of the success of treatment). Patient complaints represent the total number of complaints against a hospital in relation to 1000 inpatients that were addressed to the Health Care Surveillance Authority (HCSA) and where the HCSA terminated the supervision of the provider in question. The sub-indicators that make up the Quality indicator relate to selected statutory quality indicators in healthcare outcomes. The sub-indicators and their definition are determined by the Ministry of Health of the Slovak Republic. Health insurance companies are obliged to monitor these indicators. They draw data from the healthcare provided, which are reported to them by individual providers.



Input values forming the indicator No. of Employees/No. of Beds were derived from the Register of Financial Statements of the Slovak Republic. This indicator is a measure that helps evaluate the staffing efficiency and resource allocation within a hospital. This ratio indicates how many employees are available per bed in the hospital.



Efficiency and intensity ratios were used to represent financial ratios, with a preference for indicators from the Du Pont equation in the analysis. Efficiency was quantified by ROA and ROS. ROA is a financial performance metric that measures how effectively a hospital uses its assets to generate profit. ROS is a financial metric that measures a hospital’s operational efficiency and profitability relative to its sales revenue. The intensity was quantified by the Personal Costs-to-Sales Ratio variable. Debt ratios were represented by the Equity-to-Total Debt Ratio variable, a crucial financial metric for assessing whether a company is in or at risk of a crisis.



Statistical analysis was performed using Stata software, Statistica software, and MS Excel.




3.2. Multicriteria Methods


In the statistical analysis of multivariate data in the context of financial management, this paper will apply the ranking method, scoring method, normed variable method, and TOPSIS method. Multicriteria evaluation methods respond differently to interactions between indicators, so they may rank objects (hospitals) differently. Given this fact, it is also interesting to compare the resulting ranking of objects by each method.



Considering the ranking method, the hospital with the lowest rank sum (average) value can be identified as the highest-ranked hospital. The integral indicator d1i for the i-th hospital is given (in the case of unit weights) by


   d  1 i   =   1 m     ∑  j = 1  m    s  i j     .  



(1)




This method is a straightforward approach to ordering alternatives based on certain criteria. Each hospital is ranked according to its performance on individual criteria. These rankings are then aggregated across all criteria to produce an overall rank. This method is simple to understand and implement. It allows for easy comparison between hospitals by providing a clear ordinal ranking.



In the scoring method, for each decision unit indexed by i, the optimal value is sought based on the individual indicator xij, which is specific to each object. The integral indicator d2i for the i-th hospital is given by


   d  2 i   =   1 m     ∑  j = 1  m    b  i j     .  



(2)




This method provides a more nuanced evaluation than simple ranking by considering both the performance level and the relative importance of each criterion. It can distinguish between hospitals that are close in rank but different in performance.



In the normed variable method, the original values of the individual selected variables are transformed into a normalized (standardized) form. The integral indicator d3i for the i-th hospital is calculated according to


   d  3 i   =   1 m     ∑  j = 1  m    u  i j     .  



(3)




Standardization helps to eliminate the effects of different scales of measurement, allowing for a fair comparison across criteria. It also highlights how hospitals perform relative to the average.



The TOPSIS method is widely acknowledged as one of the most accurate multicriteria evaluation methods. The method works on the principle that the optimal alternative should have the smallest geometric distance from a positive-ideal solution (Thakkar 2021). All parameters are first normalized, and then the Euclidean distances from each object to the ideal object are calculated. The hospital closest to the ideal solution is ranked the highest. The integral indicator d4i for the i-th hospital is given by


   d  4 i   =   1 m         ∑  j = 1  m      u  i j   −  u  0 j        2     



(4)







In the above Equations (1)–(4), m is the number of indicators, sij denotes the order for the i-th object for the j-th indicator, bij denotes the number of points for the i-th object for the j-th indicator, uij is the standardized (normed) value of the j-th indicator of the i-th object, and u0j is the standardized (normed) value of the j-th indicator of the ideal object.



Subsequently, the objective is to determine whether the four multicriteria evaluation methods provide consistent rankings of hospitals. The consistency of the hospital ranking results generated by the mentioned multicriteria methods is verified through Spearman’s rank correlation coefficient. In addition, we use the Kendall concordance coefficient that measures the degree of agreement among rankings. The Kendall concordance coefficient varies from 0 to 1. Values close to zero represent a lack of agreement in the rankings of the hospitals among multicriteria methods, while values close to 1 represent perfect agreement in the rankings of the hospitals among methods. The Kendall concordance coefficient will also be employed to evaluate if hospital rankings have changed over time.




3.3. Multidimensional Scaling


MDS is a multivariate data analysis technique that aims to represent high-dimensional data in a lower-dimensional space. The input data for MDS analysis is based on the measured dissimilarities or similarities among the observed objects. When the MDS technique is applied to the measured dissimilarities or similarities, it produces a spatial map. In the spatial map, objects that are dissimilar are positioned far apart, while similar objects are placed close to each other (Saeed et al. 2018). MDS represents proximity data as distances among points in a multidimensional space. MDS encompasses a variety of models that differ in how they convert proximities into distances and in the distance functions they use. Typically, Euclidean distances are chosen as the targets in MDS. Generally, we differentiate between classical multidimensional scaling (Principal Coordinate Analysis) and nonmetric multidimensional scaling (NMDS). Principal Coordinate Analysis has the drawback that its primary coordinates are not straightforwardly interpretable using the original variables. One benefit is that NMDS can effectively handle more missing values in the association matrix if sufficient information remains to position each object relative to the others. Additionally, NMDS is robust against outliers, which is another advantage (Vasanicova et al. 2022). NMDS can handle various types of data, including ordinal, categorical, and continuous data. NMDS can be applied to both small and large datasets, making it a versatile tool for exploratory data analysis. NMDS does not assume linear relationships between variables. The graphical representation produced by NMDS often provides an intuitive and accessible way to understand relationships within the data, even for those without a deep statistical background. NMDS is chosen to analyze hospital performance because it accommodates the complexity, diversity, and nonlinearity of hospital data, providing robust, interpretable visualizations that help stakeholders make informed decisions.



The formal goodness of an MDS solution is measured by calculating its stress value. The stress value serves as a diagnostic tool to assess whether the dimensionality reduction is effective or if additional dimensions might be needed for a better representation of the data. It allows for the comparison of different NMDS solutions with varying dimensions or starting configurations to determine which provides the best representation of the data. Stress, a loss function, equals zero for a perfect solution and is greater than zero otherwise (Borg et al. 2018). Stress minimizes the fit discrepancy between the model-derived distances and the observed distances (Ding 2018). Kruskal (1964) suggested the following rule of thumb for the stress value: 0.00—perfect; 0.025—excellent; 0.05—good; 0.10—fair; 0.20—poor. Lower stress values indicate a better fit, meaning that the distances in the NMDS plot more accurately reflect the dissimilarities in the original data.



Within this research, our hypothesis is that our data can be effectively represented in a two-dimensional space without a significant loss of information. In addition, the distances between hospitals in the original high-dimensional space will be preserved in the two-dimensional space. It means that hospitals belonging to the same category will cluster together in the two-dimensional space. Lower stress values indicate a better fit, meaning the low-dimensional representation accurately reflects the original distances.





4. Results


The criteria set is appropriate because no pair of indicators has shown evidence of multicollinearity. Table 5 presents the ranking of hospitals in the pre-crisis (2019), crisis (2021), and post-crisis (2023) periods of the COVID-19 pandemic, following the application of multicriteria evaluation methods.



As we have mentioned, the TOPSIS method is one of the most accurate approaches for multicriteria evaluation. Therefore, the hospital rankings presented in Table 5 are described based on this method. In 2019, RK secured the top position. BB was second, followed by NT. The last place was taken by ZA. Hospitals among the top three in 2019 maintained their positions in the top three in 2021. However, the ranking was as follows: BB (first), NT (second), BB (third). The last place belonged to KE in 2021, and also in 2023. NT did not achieve a top-three ranking in 2023. First place was again taken by BB and second place was taken by RK. Third place went to MT.



Spearman’s rank correlation coefficients, in Table 6, verify the consistency of the hospital ranking results generated by multicriteria methods. The highest concordance of hospital rankings is between the normed variable method and TOPSIS. On the other hand, there is statistically insignificant agreement between the ranking and scoring methods (except in 2021). The Kendall concordance coefficient measures the degree of agreement among rankings. The lowest Kendall coefficient of concordance observed in 2023 is attributed to the poor agreement between the ranking method and the scoring method. Nevertheless, the agreement between the multicriteria evaluation methods employed was statistically significant. We confirm Hypothesis 1a that the rankings of the Slovak hospitals would show significant consistency across the four different multidimensional methods and reject Hypothesis 1b that the rankings derived from the four multidimensional methods would show varying degrees of correlation, reflecting differences in how effectively each method captures hospital performance.



The boxplots in Figure 4 visualize the differences in hospital rankings across the various methods. These factorized boxplots are crucial for understanding the impact of methodological differences on hospital rankings. In these boxplots, the square within each box indicates the median ranking for the hospital across the used methods. The interquartile range (IQR), indicated by the height of the box, represents the range where the central 50% of the rankings lie, illustrating the degree of consistency or variability in hospital performance. The ‘whiskers’ extending from the boxes represent the range of rankings. The lowest variability was observed for RK and BB (in 2019), NT and MT (in 2021), KE, BB, and RK (in 2023). On the other hand, the highest variability was found for TN and BA (in 2019); BB, RK, and TN (in 2021); and TN, NT, and BA (in 2023).



The findings in Table 5 indicate that hospital rankings based on the chosen criteria vary over time. This variation underscores the dynamic nature of hospital performance and highlights how external factors, such as changes in healthcare policies and resource availability, as well as the impact of events like the COVID-19 pandemic, can influence hospital performance metrics. For instance, during the pandemic (2021), hospitals faced unprecedented challenges that could have affected their operational efficiency and patient outcomes, leading to shifts in their rankings. The boxplots in Figure 5 visualize the differences in hospital rankings across the analyzed periods (2019, 2021, 2023). Factorized boxplots provide a clear visual representation of the distribution and variation in hospital rankings across the analyzed years. In these boxplots, the square within each box indicates the median ranking for the hospital across the analyzed periods. The interquartile range (IQR), depicted by the height of the box, shows the range within which the middle 50% of the rankings fall, highlighting the consistency or variability of hospital performance. Alongside the TOPSIS method, we also present boxplots for the other three multicriteria methods used. The lowest variability was observed for KE (using the ranking method, denoted as A), NT (using the scoring method, denoted as B), and BB (using the normed variable method, denoted as C, and TOPSIS, denoted as D). On the other hand, the highest variability was found for NT (using the ranking method, denoted as A); BA, RK, and TN (using the scoring method, denoted as B); and ZA (using the normed variable method, denoted as C, and TOPSIS, denoted as D).



Also, the Kendall concordance coefficients in Table 7 show a low degree of agreement among the rankings in time. We confirm Hypothesis 2 that the rankings of the Slovak hospitals would vary significantly across the three different periods, indicating the influence of the COVID-19 pandemic on hospital performance. The observed fluctuations in hospital rankings over the analyzed period reflect broader changes in the healthcare landscape and emphasize the need for continuous monitoring and adaptive strategies to ensure high-quality patient care and efficient hospital management.



Figure 6 depicts two-dimensional plots generated using the NMDS method, with each plot illustrating the outcome for a specific year.



The NMDS enables the visualization of the similarity levels between hospitals by depicting their proximity in the generated plot. For these plots, we provide the stress function values in Table 8. The quality of all three models is perfect, as the stress function values are below 0.025. These low stress values indicate that the two-dimensional plots created by NMDS accurately capture the similarities or dissimilarities between hospitals. These low stress values suggest that the dimensional reduction did not significantly distort the data. We confirm Hypothesis 3 that the data from the analyzed Slovak hospitals across the three periods could be effectively represented in a two-dimensional space without a significant loss of information, as measured by the stress value. Given the high quality of the models, the visual comparisons between hospitals based on the NMDS plots are trustworthy. Differences or clusters observed in the NMDS plots can be interpreted as true reflections of the relationships between the hospitals in the data.



Table 9, Table 10 and Table 11 present the distances between the hospitals in 2019, 2021, and 2023. They are calculated based on matrix similarity (dissimilarity) measures using Euclidean distances in Stata software. The greater the distance between objects, the more distinct the object is from its competitors.



Before the COVID-19 pandemic (2019), NZ and PO (2.35), ZA and KE (2.88), and ZA and TN (3.40) were the most similar hospital pairs in Slovakia. In contrast, BA and RK (53.38), BA and MT (53.24), and BA and BB (47.01) were the most dissimilar. During the COVID-19 pandemic (2021), NZ and TN (0.32), TT and KE (4.23), and NZ and ZA (4.32) were the most similar pairs of Slovak hospitals. On the contrary, BA and RK (47.18), NT and PO (43.31), and RK and KE (42.96) were the most different hospital pairs. After the COVID-19 pandemic (2023), NZ and BB (1.10), ZA and PO (6.34), and NZ and PO (7.02) were the most similar hospital pairs in Slovakia. On the other hand, BA and RK (57.23), NT and RK (52.19), and TT and RK (49.21) were the most different pairs.



Based on the findings in Table 9, Table 10 and Table 11 and Figure 6, we can derive that hospitals BA and RK occupy a distinct position (on average, the highest distance values in Table 9, Table 10 and Table 11 and the most distant position in Figure 6). In 2019 and 2021, we could also include MT and BB.



The most different from all the other hospitals is RK, which falls under the Ministry of Defence of the Slovak Republic, not under the Ministry of Health of the Slovak Republic. It distinguishes itself from other hospitals by several advantages. Its Versius robotic system is the only one in Slovakia that assists in surgeries in the hospital; it has an emergency reception of type II; it has the most modern laboratory in Slovakia; and it has a new modern CT angiography workstation. It represents the largest military medical facility on the territory of the Slovak Republic at the ROLE 4 level (according to NATO standards).



In terms of excellence, BB is the only hospital in the Slovak Republic with two da Vinci Robotic Surgical Systems.




5. Discussion


The current body of literature comprises multiple studies on analogous topics. Nevertheless, there is an absence of studies that integrate the same methodologies (multicriteria methods and NMDS), criteria (seven indicators), periods (2019, 2021, 2023), and geographical focus (Slovakia) as our research.



Sendek et al. (2015) applied DEA to evaluate the efficiency of Czech and Slovak hospitals in 2009–2012. The number of beds, working hours and overtime hours of physicians and nurses, and bed days, as well as the cost of medicine and medical products, represented their input measures. On the other hand, the number of hospitalizations and outpatient visits in hospitals were their output variables. Sendek (2014) conducted the same study on a sample of Slovak hospitals. Stefko et al. (2018) chose a similar approach to evaluate the efficiency of eight Slovak hospitals in 2008–2015. The number of beds, number of medical staff, number of CTs, number of MRs, and number of medical equipment together were their input variables. The bed occupancy rate and average nursing time in days represented their output measures. The research by Gavurova and Kocisova (2020) similarly focused on assessing the efficiency of Slovak hospitals. DEA was provided between 2015 and 2018. The authors selected three input variables (number of doctors/nurses/beds per hospitalized patient), four intermediates (average length of hospital stay, surgical procedure rate, surgical planning, and median waiting time for emergency admission), and four outputs (healthcare, staff access to patients, patient information, and hotel services). Zaim et al. (2008) assessed the effectiveness of twelve hospitals in Turkey using DEA. Inputs to the model included the number of beds, the number of physicians, and key aspects of total quality management in healthcare. Outputs considered in the analysis encompassed both financial and non-financial hospital performance metrics, including the number of outpatients and patient days. Soares et al. (2017) investigated and compared the efficiency of 21 public hospitals in Brazil using DEA. The authors used four inputs (number of medical and non-medical staff, annual revenue, number of beds, and average length of patient hospitalization), four variables of influence (type of hospital, accredited hospital, number of medical specialties, and resources from government), and four outputs (number of outpatient care services, number of hospitalizations, number of surgeries, and number of exams).



Wu et al. (2011) detailed the continuous development of an evaluation model using Balanced Scorecard criteria to assist hospitals in selecting an appropriate strategy using MDS. Their findings indicated that the three subject hospitals maintained a balance across customer perspectives, learning and growth, internal business processes, and financial measures. Prejmerean and Vasilache (2009) used MDS to present the differences in patient perceptions of healthcare service quality based on a sample of ten Romanian clinics. The authors evaluated the competencies of the doctors, the competencies of the nurses, and the empathy of the staff. Their results identified the factors that lead patients to perceive groups of clinics similarly.



Ortiz-Barrios et al. (2020b) introduced a hybrid fuzzy decision-making model to assess Turkish hospitals’ disaster preparedness. The authors used the TOPSIS method to obtain a ranking of hospitals. Their model integrates six criteria for disaster preparedness (hospital buildings, equipment, communication, transportation, personnel, and flexibility), along with thirty-six sub-criteria that cover all aspects of hospital disaster management. A study by Shafii et al. (2016) aimed to assess the service quality of three teaching hospitals at Yazd University of Medical Sciences (Iran) using six dimensions (responsiveness, assurance, security, tangibles, health communication, and patient orientation). The TOPSIS method was used to rank hospital wards. Jafari et al. (2020) evaluated the performance of eleven Iranian hospitals using AHP and TOPSIS. The hierarchical analysis results indicated that the primary indicators used to assess hospital performance were bed turnover rate, emergency patients, and length of hospital stays. Kadoić et al. (2021) aimed to create a method for ranking leading hospitals at the national level in Croatia. They combined composite indicator methodology with the AHP and used data connected with acute myocardial infarction, cerebrovascular insult, and antimicrobial prophylaxis in colorectal surgery. A study by Mardani et al. (2022) ranked six public hospitals in Iran. The authors used eleven criteria in terms of waste control and compared the scores of four multicriteria methods (TOPSIS, VIKOR, SAW, and AHP).



Research by Rocha et al. (2021) focused on evaluating the quality of twenty-five Portuguese public hospitals. The authors discussed six dimensions (access, performance assistance, productivity, economics/finances, safety, volume, and usage) while employing the ELECTRE TRI-NC method. The method was used in a similar study by Gregório et al. (2024) when assessing twenty-six Portuguese hospitals.



This discussion highlights a significant absence of studies integrating multicriteria methods and NMDS, seven specific criteria, and specific time periods, particularly in the context of evaluating Slovak hospitals during the COVID-19 pandemic. Therefore, we emphasize the distinctiveness of our study compared to existing research and underscore its potential contribution to filling the identified gaps in the literature.



Multicriteria evaluation of objects in space can be used in many areas, and, therefore, in the healthcare sector, i.e., healthcare facilities (hospitals), either as a final solution or as a result that is further used in other analyses. Accurate and comprehensible data analysis using multicriteria methods often yields new insights into problems that would likely have escaped the attention of healthcare managers by simply processing them.



The Slovak healthcare sector has faced significant challenges and developments across the years 2019, 2021, and 2023, reflecting broader global trends and country-specific issues. According to OECD (2019), before the pandemic, the Slovak healthcare system was already under strain, largely due to chronic underfunding, staff shortages, and inefficiencies in healthcare delivery. Preventive care and public health initiatives were underemphasized.



The impact of the COVID-19 pandemic profoundly stressed Slovakia’s healthcare system. The pandemic exacerbated existing issues, e.g., staff shortages, particularly of nurses and doctors, and highlighted the system’s limited resilience. On the positive side, the pandemic accelerated digital health initiatives, including telemedicine, though these were still in their early stages of adoption (OECD 2021).



In 2023, the Slovak healthcare sector continued to face significant challenges, although there were some areas of improvement. The main issues persisted around workforce shortages, with a particular deficit in nursing staff, which has been a longstanding problem (OECD 2023).



A detailed mapping of the capital structure of hospitals and hospital facilities is essential to improve hospital performance. The highest objective determinant in Slovak healthcare sector performance is the funding of the healthcare system. According to Kopčanová (2023), in 2024, the Slovak healthcare budget was 7.97 billion euros. This is almost a billion euros more than the budget in 2023. Hospitals and the healthcare sector need to support innovation. In modern healthcare, it is essential to consistently invest in cutting-edge medical technologies. Modern instruments provide more accurate and precise measurement results, leading to better and faster diagnosis and treatment design. Innovations in Slovak healthcare include telehealth and telemedicine, electronization, digitalization, robotization, and artificial intelligence. Unfortunately, the distribution of health technologies is highly uneven across different regions.



Health is considered a priority and a condition for a good life. This should be reason enough to ensure adequate resources for healthcare. However, the Slovak healthcare system has suffered from chronic underfunding for a long time, which is reflected in the generally poorer health of the population (Iness and Advance Healthcare Management Institute 2023). Another factor influencing the performance of the Slovak healthcare sector is the social and economic environment, particularly staff shortages. A challenge threatening the sustainability of the healthcare workforce is burnout (Ali Taha et al. 2023).



An additional problem in the Slovak healthcare sector is the inefficient management of state hospitals, especially considering their ever-increasing financial losses. In recent years, the rate of cost growth has accelerated. The main reason was to increase the salaries of health workers. Hospitals’ spending on medicines, maintenance of outdated medical equipment, and energy has also risen. Simultaneously, public hospitals are unable to generate sufficient revenue from providing healthcare services to cover their expenses. These cost increases, which are not covered by revenue, lead to persistent operating losses and growing indebtedness. According to Mogilevskaia (2024), by the end of 2023, the amount of debt of Slovak state hospitals exceeded one billion euros. Hospital management does not exhibit minimal elements of corporate governance; debt creation is not punished but rewarded by the fact that these providers are regularly indebted to the state budget. The solution is to transform state hospitals into commercial companies with clear corporate governance rules, audited double-entry accounting, and a positive economic result.




6. Conclusions


The COVID-19 pandemic posed an unprecedented medical and economic challenge to the Slovak healthcare system. Efficiently utilizing available resources, mobilizing them effectively, and ensuring their proper redistribution are key factors influencing the pursuit of universal health coverage. The highest portion of healthcare spending is allocated to hospital care expenses. Therefore, effective financial management is one of the primary responsibilities of the state in the realm of healthcare.



This paper aimed to apply multicriteria methods to assess hospitals in Slovakia in the pre-crisis (2019), crisis (2021), and post-crisis (2023) periods of the COVID-19 pandemic. Three objectives followed from the aim of this paper. The first objective was to determine whether the four multicriteria evaluation methods provide consistent rankings of hospitals. The second objective was to assess whether hospital rankings shift over time (pre-crisis, crisis, and post-crisis periods of the COVID-19 pandemic). The third objective was to determine whether the distances between hospitals in the original high-dimensional space would be preserved in two-dimensional space.



In conclusion, the statistically significant agreement among the multicriteria evaluation methods employed underscores their reliability. The variability in Slovak hospital rankings over time, as revealed by our findings, highlights the dynamic nature of healthcare performance assessment (due to the COVID-19 pandemic). The high quality of the NMDS models confirms their precision in representing hospital comparisons. Integrating multicriteria methods with NMDS enhances decision-making by leveraging the complementary strengths of each approach, thereby providing deeper insights into complex datasets.



Several implications emerge from our research. Considering its theoretical implications, while the existing literature includes numerous studies on related topics, none of them utilize the exact combination of methods and criteria we have employed, and they do not focus on Slovak hospitals in the context of COVID-19. Considering its managerial implications, our study emphasizes significant criteria that hospital managers can consider when addressing (quality) improvement in healthcare facilities. The results offer management insights into identifying the hospitals with relatively superior values within the observed criteria, as well as into pinpointing comparatively inefficient hospitals when compared to those with the best values. Our results are crucial to prioritize respective actions. Therefore, this study contributes to managerial practice by proposing specific criteria aimed at delivering effective solutions to improve hospital performance. Our findings suggest that hospital managers should use a mix of financial and non-financial indicators to accurately monitor hospital performance.



The study conducted also has several limitations. One limitation is that the evaluation was restricted to only large hospitals in Slovakia. In future research, expanding the sample to include small hospitals would be beneficial. Another limitation is that we only considered six criteria.



Future research could focus on assessing whether incorporating additional evaluation criteria enhances the accuracy of the MDS model. Moreover, further research would benefit from the addition of non-financial criteria (e.g., patient satisfaction with meals, number of patients per room, superior rooms, visiting hours, patient booking, quality of website, etc.). This would consist of information from a questionnaire that patients would complete after their inpatient stay in the hospital. Another research direction is to extend the statistical analysis of multivariate data to include factor and cluster analysis.
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Figure A1. Map of Slovak hospitals. Source: own processing using http://mymaps.google.com (accessed in 1 July 2024). 
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Figure 1. Bibliometric map of country/region occurrence. Source: own processing in VOSviewer. 
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Figure 2. Bibliometric map of keywords occurrence. Source: own processing in VOSviewer. 
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Figure 3. Bibliometric map of the most discussed keywords. Source: own processing in VOSviewer. 
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Figure 4. Factorized boxplots of the hospital rankings in the analyzed years. Source: own processing in Statistica. 
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Figure 5. Factorized boxplots of the hospital rankings according to various multicriteria methods. Source: own processing in Statistica. Note: (A–D) denote methods in this order: ranking method, scoring method, normed variable method, and TOPSIS. 
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Figure 6. Nonmetric multidimensional scaling–matching configuration plots. Source: own processing in Stata. 
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Table 1. Classification of countries/regions into clusters.






Table 1. Classification of countries/regions into clusters.





	Cluster
	Color
	Countries/Regions





	1
	Green
	Brazil, Canada, England, Germany, Italy, Portugal, Spain



	2
	Blue
	India, Pakistan, China, Saudi Arabia, Taiwan, the USA



	3
	Red
	Indonesia, Iran, Lithuania, Serbia, South Korea, Turkey



	4
	Yellow
	Czech Republic, France, Greece, Poland, Slovakia



	5
	Violet
	Australia, Malaysia, Turkey







Source: own processing according to VOSviewer.













 





Table 2. Classification of keywords into clusters.






Table 2. Classification of keywords into clusters.





	Cluster
	Color
	Keywords





	1
	Green
	barriers, design, efficiency, framework, impact, implementation, industry, innovation, management, multidimensional scaling, performance, selection, supply chain, supply chain management, sustainability



	2
	Blue
	AHP, analytic hierarchy process, criteria, group decision-making, information, MCDM, model, multicriteria decision-making, quality, ranking, supplier selection, system, TOPSIS, TOPSIS method, VIKOR



	3
	Red
	decision-making, fuzzy AHP, fuzzy TOPSIS







Source: own processing according to VOSviewer.













 





Table 3. List of analyzed hospitals.






Table 3. List of analyzed hospitals.





	Hospital
	Code





	University Hospital Bratislava
	BA



	Louis Pasteur University Hospital in Košice
	KE



	F.D. Roosevelt University Hospital with Policlinic Banská Bystrica
	BB



	University Hospital Martin
	MT



	Faculty Hospital of J. A. Reiman, Prešov
	PO



	Central Military Hospital—Teaching Hospital Ružomberok
	RK



	Faculty Hospital Trenčín
	TN



	Faculty Hospital Nitra
	NT



	Faculty Hospital and Policlinic of Žilina
	ZA



	Faculty Hospital Trnava
	TT



	Faculty Hospital and Policlinic, Nové Zámky
	NZ










 





Table 4. List of variables and source.
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	Variable
	Source





	Patient Satisfaction
	Ministry of Health of the Slovak Republic, Institute for Economic and Social Reforms



	Quality
	Ministry of Health of the Slovak Republic



	Personal Costs-to-Sales Ratio
	Register of Financial Statements of the Slovak Republic, Financial statements of hospitals



	Return on Assets (ROA)
	Register of Financial Statements of the Slovak Republic



	Return on Sales (ROS)
	Financial statements of hospitals



	No. of Employees/No. of Beds
	Register of Financial Statements of the Slovak Republic



	Equity-to-Total Debt Ratio
	Register of Financial Statements of the Slovak Republic










 





Table 5. Ranking of hospitals. Source: own processing.






Table 5. Ranking of hospitals. Source: own processing.





	

	
Rank in 2019

	
Rank in 2021

	
Rank in 2023




	
Hospital

	
A

	
B

	
C

	
D

	
A

	
B

	
C

	
D

	
A

	
B

	
C

	
D






	
BA

	
7

	
2

	
4

	
4

	
9

	
11

	
10

	
10

	
3

	
9

	
5

	
5




	
KE

	
10

	
7

	
8

	
8

	
11

	
9

	
11

	
11

	
11

	
11

	
11

	
11




	
BB

	
3

	
3

	
2

	
2

	
4

	
6

	
1

	
1

	
1

	
2

	
2

	
1




	
MT

	
8

	
5

	
5

	
6

	
10

	
10

	
9

	
9

	
8

	
5

	
3

	
3




	
PO

	
9

	
10

	
10

	
10

	
8

	
7

	
8

	
8

	
6

	
8

	
7

	
6




	
RK

	
1

	
1

	
1

	
1

	
6

	
8

	
3

	
3

	
2

	
1

	
1

	
2




	
TN

	
4

	
11

	
9

	
9

	
1

	
3

	
5

	
5

	
4

	
10

	
10

	
10




	
NT

	
2

	
4

	
3

	
3

	
2

	
2

	
2

	
2

	
9

	
3

	
6

	
8




	
ZA

	
11

	
9

	
11

	
11

	
7

	
5

	
6

	
6

	
5

	
4

	
4

	
4




	
TT

	
6

	
6

	
6

	
5

	
5

	
4

	
7

	
7

	
10

	
6

	
8

	
7




	
NZ

	
5

	
8

	
7

	
7

	
3

	
1

	
4

	
4

	
7

	
7

	
9

	
9








Note: A, B, C, and D denote methods in this order: ranking method, scoring method, normed variable method, and TOPSIS.













 





Table 6. Consistency of the hospital ranking among methods. Source: own processing in Statistica.
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Panel A: Spearman’s Rank Correlation Coefficient




	

	
2019

	
2021

	
2023




	
Method

	
A

	
B

	
C

	
D

	
A

	
B

	
C

	
D

	
A

	
B

	
C

	
D






	
A

	

	
0.500

	
0.755

	
0.773

	

	
0.864

	
0.809

	
0.809

	

	
0.364

	
0.609

	
0.636




	
B

	
0.500

	

	
0.927

	
0.918

	
0.864

	

	
0.636

	
0.636

	
0.364

	

	
0.827

	
0.745




	
C

	
0.755

	
0.927

	

	
0.991

	
0.809

	
0.636

	

	
1.000

	
0.609

	
0.827

	

	
0.964




	
D

	
0.773

	
0.918

	
0.991

	

	
0.809

	
0.636

	
1.000

	

	
0.636

	
0.745

	
0.964

	




	
Panel B: Kendall Coefficient of Concordance




	

	
0.858

	
0.844

	
0.768








Note: A, B, C, and D denote methods in this order: ranking method, scoring method, normed variable method, and TOPSIS. Bold text indicates statistical significance at the 0.05 level.













 





Table 7. Consistency of the hospital rankings over time. Source: own processing in Statistica.
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Method






	

	
A

	
B

	
C

	
D




	
Kendall coefficient of concordance

	
0.622

	
0.392

	
0.646

	
0.602








Note: A, B, C, and D denote methods in this order: ranking method, scoring method, normed variable method, and TOPSIS.













 





Table 8. Stress function. Source: own processing in Stata.






Table 8. Stress function. Source: own processing in Stata.





	NMDS for Year
	2019
	2021
	2023





	Stress
	0.0022
	0.0017
	0.0042










 





Table 9. Distances between hospitals in 2019. Source: own processing in Stata.
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	Hospital
	BA
	KE
	BB
	MT
	PO
	RK
	TN
	NT
	ZA
	TT
	NZ





	BA
	0.00
	
	
	
	
	
	
	
	
	
	



	KE
	31.25
	0.00
	
	
	
	
	
	
	
	
	



	BB
	47.01
	23.54
	0.00
	
	
	
	
	
	
	
	



	MT
	53.24
	27.02
	7.22
	0.00
	
	
	
	
	
	
	



	PO
	30.82
	7.84
	18.04
	23.09
	0.00
	
	
	
	
	
	



	RK
	53.38
	34.19
	11.42
	13.94
	27.68
	0.00
	
	
	
	
	



	TN
	34.24
	3.58
	23.46
	26.12
	9.91
	34.49
	0.00
	
	
	
	



	NT
	24.48
	10.15
	23.59
	29.19
	6.64
	32.08
	13.18
	0.00
	
	
	



	ZA
	31.63
	2.88
	25.97
	29.02
	10.63
	36.78
	3.40
	12.28
	0.00
	
	



	TT
	26.94
	10.08
	33.54
	37.00
	16.57
	43.97
	11.24
	14.91
	8.09
	0.00
	



	NZ
	30.55
	10.05
	17.28
	22.86
	2.35
	26.32
	12.12
	6.42
	12.83
	18.36
	0.00







Note: The color scale from green to red represents the range from the lowest to the highest distances.













 





Table 10. Distances between hospitals in 2021. Source: own processing in Stata.
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	Hospital
	BA
	KE
	BB
	MT
	PO
	RK
	TN
	NT
	ZA
	TT
	NZ





	BA
	0.00
	
	
	
	
	
	
	
	
	
	



	KE
	23.41
	0.00
	
	
	
	
	
	
	
	
	



	BB
	34.49
	27.73
	0.00
	
	
	
	
	
	
	
	



	MT
	38.48
	26.31
	8.08
	0.00
	
	
	
	
	
	
	



	PO
	22.81
	12.83
	15.54
	16.52
	0.00
	
	
	
	
	
	



	RK
	47.18
	42.96
	15.25
	19.11
	30.71
	0.00
	
	
	
	
	



	TN
	13.91
	10.12
	26.09
	27.69
	11.19
	40.82
	0.00
	
	
	
	



	NT
	9.94
	13.68
	29.04
	31.35
	14.92
	43.31
	4.37
	0.00
	
	
	



	ZA
	28.32
	13.35
	15.00
	13.05
	5.85
	30.03
	15.67
	19.76
	0.00
	
	



	TT
	19.32
	4.23
	27.21
	27.02
	11.71
	42.40
	6.01
	9.54
	14.05
	0.00
	



	NZ
	13.91
	10.11
	26.09
	27.69
	11.19
	40.82
	0.32
	4.32
	15.67
	6.00
	0.00







Note: The color scale from green to red represents the range from the lowest to the highest distances.













 





Table 11. Distances between hospitals in 2023. Source: own processing in Stata.






Table 11. Distances between hospitals in 2023. Source: own processing in Stata.



















	Hospital
	BA
	KE
	BB
	MT
	PO
	RK
	TN
	NT
	ZA
	TT
	NZ





	BA
	0.00
	
	
	
	
	
	
	
	
	
	



	KE
	29.84
	0.00
	
	
	
	
	
	
	
	
	



	BB
	24.18
	13.36
	0.00
	
	
	
	
	
	
	
	



	MT
	43.18
	26.42
	20.01
	0.00
	
	
	
	
	
	
	



	PO
	30.68
	16.42
	7.05
	13.03
	0.00
	
	
	
	
	
	



	RK
	57.23
	47.21
	38.09
	21.22
	31.80
	0.00
	
	
	
	
	



	TN
	16.17
	17.50
	8.16
	27.33
	14.57
	43.45
	0.00
	
	
	
	



	NT
	8.52
	21.42
	16.52
	36.23
	23.36
	52.19
	9.03
	0.00
	
	
	



	ZA
	37.00
	19.42
	13.16
	7.30
	6.34
	27.82
	20.90
	29.62
	0.00
	
	



	TT
	21.40
	8.53
	11.43
	29.85
	17.47
	49.21
	11.19
	13.05
	22.57
	0.00
	



	NZ
	24.18
	13.38
	1.10
	20.04
	7.02
	38.11
	8.07
	16.50
	13.18
	11.41
	0.00







Note: The color scale from green to red represents the range from the lowest to the highest distances.
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