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Abstract 

This work presents a reproducible multivariate quality analysis in Saudi Arabia with the help 

of official open government health datasets for assessing regional hospital performance. 

Indicators at region level describe hospital utilization, emergency readiness, inpatient flow, 

chronic disease service demand, intensive care capacity, national health system context and 

population exposure that are harmonized through an integrated analytical matrix. To identify 

dominant latent dimensions of hospital performance Principal component analysis (PCA) is 

used. Factor analysis is done with utilization intensity, service pressure, varimax rotation 

provided interpretable underlying constructs which is related to capacity and population 

adjusted demand. Using retained principal components to rank health regions a variance 

weighted Hospital Performance Index is constructed and to classify regions into distinct 

performance archetypes clustering analysis is applied. To examine robustness equal weighted 

comparison, cluster stability validation, leave one variable out analysis, alternative index 

definitions, cluster stability validation and cluster stability validation was used. Spearman 

correlation analysis, PCA, PCA weighted index construction, k-means clustering, varimax 

rotated factor analysis, and robustness validation were performed. The stability of PCA is 

supported by Bartlett’s test of sphericity where χ² = 121.49 and p = 3.36 × 10⁻¹¹. Three principal 

components are retained, explaining 82.7% of the total variance, with PC1/2/3 contributing 

38.2%, 33.09%, and 11.40%, respectively.  Robustness analyses has good agreement between 

PCA and equal weighted indices (Spearman ρ = 0.924, p = 3.34 × 10⁻⁷). The results 

demonstrates that Saudi health regions show clear multidimensional heterogeneity with 

difference performance shaped through interaction of critical care availability, turnover, bed 

utilization, length of stay, chronic disease service use and emergency bed readiness. Instead of 

relying on isolated indicators this proposed framework comes up with transparent evidence 



system for regional benchmarking through fragmented public datasets. This Study supports 

data driven planning aligned with Saudi healthcare transformation priorities and contributes a 

scalable open data methodology to health system intelligence.  

Keywords: Multivariate; PCA; factor analysis; hospital data; cluster.  

Introduction 

Healthcare systems across the world are increasingly experiencing pressure to deliver high 

quality, efficient, sustainable, and accessible services while responding to growing population 

demands, technological advancements, epidemiological transitions, and financial constraints 

[1], [2]. In many countries, public healthcare institutions are expected not only to provide 

effective clinical services but also to demonstrate measurable performance outcomes through 

transparent and evidence-based evaluation mechanisms [3]. Consequently, healthcare 

performance assessment has become an important research rea for researchers, administrators, 

healthcare professionals, and policymakers seeking to improve operational efficiency, patient 

outcomes, and equitable healthcare delivery [4] [5] [6]. The growing availability of digital 

healthcare records and open government datasets has further accelerated the development of 

data-driven analytical frameworks for assessing institutional performance and identifying 

regional disparities in healthcare systems [7] [8].  

In recent years, the concept of healthcare performance evaluation has evolved from 

conventional descriptive analysis toward multidimensional analytical approaches that integrate 

statistical modeling, machine learning, and multivariate data analysis techniques [9]. 

Traditional hospital assessment methods often focus on isolated indicators such as mortality 

rate, staffing ratios, bed occupancy, and bed occupancy, and patient satisfaction. Although these 

indicators provide useful information, they may not adequately capture the complex 

interactions among healthcare resources, service outcomes, and operational processes. 

Hospitals operate within dynamic healthcare ecosystems where workforce availability, 

infrastructure, disease prevalence, demographic conditions, regional accessibility, and financial 

management collectively influence institutional performance [10]. Hence, comprehensive 

evaluation frameworks capable of simultaneously analyzing multiple variables are essential for 

obtaining a more realistic understanding of healthcare system performance.        

Saudi Arabia has undergone substantial transformation in its healthcare sector over the past 

decade, particularly under the strategic direction of Saudi Vision 2030 [11] [12].  The Kingdom 

has invested significantly in expanding healthcare infrastructure, improving digital health 



systems, strengthening healthcare accessibility and enhancing service quality across different 

regions  [13]. These reforms aim to establish a modern, patient-centered, and efficient 

healthcare system capable of meeting the healthcare needs of a rapidly growing and 

geographically distributed population. Despite these advancements, regional variations in 

medical workforce distribution, hospital capacity, healthcare resources, and service efficiency 

continue to present important challenges for healthcare plan, policymakers, and planners [14]. 

Hospitals located in urban centers often benefit from better infrastructure and specialist 

availability, whereas institutions in remote or less developed regions may experience 

limitations related to operational efficiency, staffing, and accessibility [15].    

The increasing emphasis on accountability and transparency in public administration has 

encouraged governmental organizations to release healthcare-related datasets through Open 

Government Data (OGD) initiatives [7]; [16].  OGD platforms provide researchers with access 

to valuable information regarding regional healthcare statistics, workforce distribution, patient 

services, hospital operations, and healthcare infrastructure. Such datasets create opportunities 

for conducting large-scale empirical studies that support evidence based policy formulation 

and institutional benchmarking [17]. In Saudi Arabia, the availability of publicly accessible 

healthcare datasets offers a significant opportunity to evaluate regional hospital performance 

using advanced analytical approaches while promoting reproducibility and transparency in 

healthcare research.     

Although several studies have investigated healthcare performance assessment in different 

countries, many existing approaches rely on limited indicators, single-variable analysis, or 

narrow regional case studies. Additionally, some studies primarily focus on financial efficiency 

or operational metrics without considering broader structural and demographic influences. The 

complexity of hospital systems requires analytical methodologies capable of reducing 

dimensionality, identifying hidden relationships among variables, grouping similar healthcare 

institutions, and validating the reliability of obtained results. Multivariate statistical techniques 

are particularly valuable in this context because they enable researchers to extract meaningful 

patterns from complex healthcare datasets and support the development of more 

comprehensive decision making frameworks.   

Alogaiel and Alrwais [18] investigated the effectiveness of the Saudi Arabian OGD initiative 

in enhancing public service efficiency and supporting better utilization of government 

resources. The study examined the usability and quality of open data through literature analysis 



and practical evaluation of data available on the Saudi Open Data Portal. Based on the findings, 

the authors proposed a monitor, analysis, action, and review based framework for assessing 

open data quality using suitable evaluation metrics. The results demonstrated that the 

developed framework could effectively identify quality limitations and improve the reliability 

and reusability of OGD in Saudi Arabia. Alasiri [19] examined the ongoing healthcare reforms 

in Saudi Arabia, particularly focusing on privatization and public-private partnerships 

introduced under Health Vision 2030. The study aimed to evaluate the preparedness of 

healthcare providers and assess the progress of health system transformation through 

systematic review and readiness-to-change analysis. The findings revealed that the government 

has made notable advancements in implementing healthcare reforms, while the readiness 

framework proved reliable in measuring adaption among healthcare professionals. The study 

concluded that readiness to change factors play an important role in predicting the successful 

transformation of the Saudi healthcare sector.  

Algosaibi et al., [20] developed a culturally appropriate competency framework for community 

paramedicine in Saudi Arabia to support healthcare education, practice, and policy 

development. The study used expert interviews and exploratory factor analysis to identify 

major competency areas related to policy integration, public health, digital healthcare, 

leadership, cultural communication, and clinical skills. The findings highlighted three key 

dimensions involving clinical preparedness, cultural competence, and governance-oriented 

practices. The study concluded that the proposed framework can strengthen rural-urban 

disparities, healthcare accessibility, and support the ongoing transformation of the Saudi 

healthcare system. Jaafari et al., [21] developed and validated the Organizational Health 

Behavior Index (OHBI) to measure factors influencing organizational health and employee 

well-being across multiple sectors in Saudi Arabia. The study combined qualitative and 

quantitative approaches to evaluate dimensions such as workplace relationships, organizational 

culture, communication, and employee engagement. Statistical analyses confirmed that the 

OHBI framework was both valid and reliable in assessing organizational health behavior. The 

findings suggested that the index can support organizations in long-term workforce retention, 

employee satisfaction, and improving productivity. Al-Mamun et al., [22] evaluated the 

reliability and validity of the Bangla version of the Insomnia Severity Index among adults 

suffering from chronic diseases in Bangladesh. The study applied confirmatory factor analysis, 

Rasch modeling, and network analysis to examine the scale structure, symptom relationships, 

and item performance. The findings showed that the two-factor model provided the most 



appropriate representation of insomnia symptoms, while the assessment tool demonstrated 

strong consistency and stability across gender groups. The study concluded that the ISI-Bangla 

is a dependable instrument for clinical assessment and research related to insomnia in chronic 

disease populations. 

 Principal Component Analysis (PCA) has become one of the most widely used dimensionality 

reduction techniques in healthcare analytics due to its ability to transform large correlated 

datasets into a similar number of uncorrected principal components while preserving most of 

the original information [23] [24]. By reducing redundancy among variables, PCA helps 

identify the dominant factors influencing hospital performance and simplifies complex 

healthcare datasets for visualization and interpretation [25]. Similarly, Factor Analysis (FA) is 

useful for uncovering latent constructs and hidden relationships among observed variables [26] 

[27]. Through loading analysis and factor extraction, FA assists researchers in understanding 

the underlying dimensions that characterize healthcare system performance, such as service 

accessibility, workforce capability, operational efficiency, and infrastructure adequacy. In 

addition to dimensionality reduction and latent variable identification, clustering techniques 

provide variable insights into differences and similarities among hospitals or regions [28] [29]. 

Cluster analysis enables healthcare institutions to be categorized into homogeneous groups 

based on operational indicators, resource utilization, or performance characteristics. Such 

grouping approaches support benchmarking, comparative analysis, and targeted policy 

interventions by identifying hospitals with similar performance challenges or operational 

profiles. Clustering methods also facilitate regional healthcare planning by highlighting areas 

that require specialized administrative attention, resource redistribution, and infrastructure 

development. 

Peixoto et al., [30] investigated the performance of Brazilian Federal University Hospitals 

using PCA and cluster analysis techniques. The study aimed to support healthcare service 

improvement by identifying similarities and differences among hospitals based groups formed 

through PCA and clustering methods. The study concluded that certain hospitals displayed 

unique operational characteristics, highlighting the importance of multivariate approaches in 

hospital performance evaluation. Pourmohammadi et al., [31] conducted a comprehensive 

review to identify key indicators used in hospital performance evaluation. By synthesizing 

evidence from multiple studies, the research developed a framework covering efficiency, 

effectiveness, financial performance, accountability, and service quality. The findings showed 

that hospital performance assessment is multidimensional and depends on the evaluation 



objectives and management perspectives. The study concluded that selecting suitable indicators 

is essential for establishing an effective and balanced hospital evaluation system. Malekzadeh 

et al., [32] compared three hospital performance evaluation models using the IPOCC 

framework in an educational hospital setting. The study analyzed dimensions such as process, 

structure, control, and outcomes through EFQM, BSC, and accreditation models. The findings 

indicated significant differences among the assessment approaches, with process-related 

dimensions receiving the highest emphasis. The study concluded that adopting a systematic 

and comprehensive evaluation framework can enhance hospital performance assessment and 

management effectiveness.  

Alavi et al., [33] discussed the statistical and conceptual differences between Exploratory 

Factor Analysis (EFA) and PCA. The study emphasized that EFA is mainly applied to identify 

hidden underlying factors, whereas PCA is suitable for reducing data dimensions. The authors 

highlighted that incorrect selection or reporting of these methods may lead to misinterpretation 

of research findings. The study concluded that careful understanding of both techniques is 

essential for accurate analysis and reliable knowledge development.  Zarrin et al., [34] 

proposed an integrated framework to evaluate hospital performance by considering the 

heterogeneity among hospitals. The study combined clustering and artificial neural network 

techniques to improve the predictive capability of traditional data envelopment analysis 

models. Using data from more than 1100 German hospitals, the framework successfully 

identified whether efficiency differences were linked to operational performance or 

institutional diversity. The results highlighted the usefulness of combining AI-based 

approaches for more accurate hospital performance assessment. Baragilly et al., [35] 

introduced a nonparametric clustering approach based on weighted spatial rank functions to 

determine the optimal number of clusters in data analysis. The proposed method used localized 

multivariate ranking and Gaussian Kernel weighting to improve clustering accuracy. The 

results demonstrated that the technique was robust, data-driven, and effective in reducing 

misclassification compared to conventional methods. The study concluded that the approach is 

reliable for both identifying cluster numbers and accurately assigning observations to clusters. 

Costa et al., [36] examined decision-support approaches that combine Multicriteria Decision 

Making with PCA to improve complex decision evaluation. The review analyzed studies 

related to performance assessment, weighting methods, and validation procedures. The 

findings revealed several limitations, including poor handling of non-beneficial criteria and 



inadequate validation in many studies. The study concluded that stronger and more reliable 

integrated models are required to support future data-driven decision making processes.  

Despite the usefulness of multivariate analytical techniques, ensuring the robustness and 

reliability of obtained results remains an important methodological consideration. Healthcare 

datasets often contain variability arising from regional heterogeneity, missing values, reporting 

inconsistencies, and demographic diversity. As a result, robustness validation techniques are 

essential for verifying the stability, reliability, and consistency of statistical findings  [37] [38]. 

Validation approaches such as comparative clustering, internal consistency evaluation, cross-

validation, and sensitivity analysis metrics help strengthen confidence in the analytical 

framework and improve the credibility of policy recommendations derived from the study [39]. 

The integration of PCA, clustering techniques, robustness validation, and FA provides a 

comprehensive framework for evaluating hospital performance using open government 

healthcare data [40] [41]. Such an integrated methodology enables researchers to 

simultaneously address model reliability, institutional grouping patterns, hidden variable 

structures, and dimensional complexity. Additionally, the combination of these techniques 

supports a more holistic interpretation of healthcare system behavior compared with isolated 

analytical methods. By leveraging publicly available datasets, the proposed framework also 

contributes to the broader goals of evidence based governance, reproducibility, and 

transparency in healthcare management.    

The present study focuses on assessing regional hospital performance in Saudi Arabia using 

open government healthcare data and advanced multivariate analytical techniques. The study 

seeks to identify key performance dimensions, examine regional disparities, classify hospitals 

or healthcare regions based on operational similarities and validate the robustness of the 

analytical findings. Though the application of FA and PCA, the study aims to reduce data 

complexity and reveal the primary determinants of healthcare performance. Cluster analysis is 

employed to categorize hospitals or regions into meaningful groups, thereby supporting 

benchmarking and comparative evaluation. Robustness validation procedures are further 

incorporated to ensure the reliability and consistency of the obtained statistical interpretations 

and classifications.   

Methodology 

In this study ecological, cross-sectional, region-level design is used to evaluate hospital 

performance throughout the health regions of Saudi by using official open government datasets 



[42]. This health region was the unit for analysis. Due to patient-level outcomes, readmission, 

mortality, patient-satisfaction, waiting-time and infection data was not available, instead of 

individual clinical quality this analysis was designed to assess system-level hospital 

performance. Therefore, this study focused on service utilization, emergency readiness, 

population-adjusted disease-service demand, hospital capacity and critical-care availability.  

This analysis integrated multiple Saudi open-data files, population by health region 

with geographic coordinates, emergency-room beds by health region, selected indicators of 

Ministry of Health hospital services, pregnancy and childbirth complications, Ministry of 

Health budget data and diabetes clinic encounters by health region. The core hospital-service 

variables includes pediatric intensive care indicators (PICU), bed turnover rate per month 

(BTR/month), and average length of stay (ALOS), bed occupancy rate (BOR), intensive care 

indicators (ICU) and neonatal intensive care unit indicators (NICU). Monitored and total ER 

beds are used to measure emergency readiness. population-adjusted indicators and support 

spatial interpretation are constructed using population data. Chronic disease service-demand 

indicator represents diabetes clinic visits. budget data and pregnancy complications is treated 

as national contextual results instead of regional predictors at the time when regional allocation 

was not available. 

Data harmonization and preprocessing 

Using the health-region name as the primary linkage variable all datasets are harmonized. By 

removing non-breaking spaces, spelling variants across files, inconsistent capitalization and 

extra spaces region names are standardized. The data which is in numerical variables stored as 

text is converted into numerical format following removal of percentage symbols, thousands 

separators, commas and non-standard characters. Percentage indicators like BOR is retained as 

continuous variables. After merging missing values are inspected. To avoid dimensional 

mismatch, factor-analysis estimates or unstable PCA, multivariate analyses is performed only 

on complete regional cases. The variables measured on larger numeric scales did not dominate 

the clustering solutions, factor analysis or PCA because all variables used in multivariate 

modelling are standardized using z-score transformation. 

Raw counts are converted into population-adjusted measures when appropriate so that 

to improve the fairness of regional comparison. Diabetes clinic encounters are expressed per 

100,000 population, monitored ER beds are expressed per 100,000 population and ER beds are 

expressed per 100,000 population. These derived variables help reduce bias because of unequal 



population size across health regions. Additional operational variables like turnover intensity 

and BOR-ALOS pressure are used to interpret congestion and throughput patterns. By using 

standardized core indicators, the primary Hospital Performance Index (HPI) is constructed. 

To examine the dependence structure within hospital performance indicators, spearman 

correlation analysis is used. The reason behind to select spearman correlation is because of it’s 

robust for small regional samples and doesn’t require strict normality. To identify groups of 

variables that move collectively like specialized-care indicators, population-adjusted demand 

or readiness indicators and utilization-related indicators the correlation heatmap is used. This 

step provided us the initial diagnostic view of the multivariate structure and also supported the 

use of dimensionality-reduction techniques. 

 

Principal component analysis 

For the standardized regional indicator matrix to identify orthogonal dimensions explaining the 

largest amount of variation among health regions Principal component analysis (PCA) is 

applied. PCA is relevant because many hospital indicators were linked and difficult to interpret 

independently. Using eigenvalues, loading patterns, cumulative variance and explained 

variance Components were evaluated. The first three components are retained for construction 

of index because it explains the captured distinct performance dimensions and the dominant 

share of variance. To visualize the relative position of each health region in reduced-

dimensional performance space PCA scores are also used. 

Factor analysis and varimax rotation 

Along with PCA, to estimate latent performance factors underlying the observed indicators 

factor analysis is applied. In comparison with PCA that decomposes total variance, factor 

analysis is developed to represent shared variance among indicators. To maintain comparability 

with the retained PCA structure three-factor solution is used. To improve interpretability by 

encouraging stronger separation between factors Varimax rotation has been applied to the 

factor loading matrix. The rotated solution allowed clearer naming of latent dimensions like 

inpatient-stay pressure, chronic disease service-demand profile or utilization intensity. It will 

demonstrate both dimensional reduction and latent-construct interpretation which strengthens 

the manuscript. 

 



Analysis procedure  

After using the first three PCA components a composite Hospital Performance Index (HPI) is 

constructed. Each extracted component is weighted according to its explained-variance 

contribution among the extracted components whereas resulting weighted score transformed 

and standardized a scale of 0-100 for interpretability. HPI with higher values represent stronger 

composite regional performance profiles on the basis of the available open-data indicators. The 

index should not be analyzed as direct clinical quality; rather, it will represent utilization, 

emergency readiness, chronic disease service demand, multidimensional performance score 

integrating capacity and service intensity. 

Extracted PCA scores to identify regional hospital-performance archetypes K-means 

clustering is applied. Instead of raw indicators to reduce multicollinearity and represent 

dominant latent performance dimensions PCA scores are used. By using silhouette scores to 

alternative k values the number of clusters is evaluated, By using standardized mean indicator 

values Cluster profiles is then summarized allowing every cluster to be analyzed as a distinct 

regional performance pattern. The Hierarchical clustering using Ward linkage is used as a 

complementary visual validation of similarity within health regions. 

To visualize spatial variation in the HPI Geographic coordinates are used. The spatial 

analysis is descriptive and it is intended to identify broad geographic patterns instead of infer 

causality. To examine whether chronic disease service demand aligned with composite 

performance Diabetes clinic visits per 100,000 population are used. To evaluate the association 

between emergency readiness and HPI 100,000 population ER beds per is used. Pregnancy 

complications were represented as a national burden profile as the available files are organized 

by complication type instead of health region. 

To evaluate whether the main findings depended on modelling choices several robust 

tests have been conducted. Including PC1-only, PC1-PC2, and PC1-PC2-PC3 weighted indices 

is the First, alternative index definitions which is compared. Second, the PCA-weighted index 

is compared with an equal-weighted standardized index. Third, leave-one-variable-out PCA is 

used to test whether any single variable dominated regional ranking. Fourth, outlier exclusion 

will be performed by removing one region at a time and recalculating index rankings and By 

comparing the selected cluster solution with alternative k values using the adjusted Rand index 

Fifth, cluster stability is assessed. The following responsive analyses strengthen the reliability 

of the results and are recommended for high-impact journal submission. Figure 1 illustrates 



how several Saudi open-data files is harmonized into a single health-region-level analytical 

matrix. The analytical path followed for the open data from harmonizing at the regional level 

and converting it into standard indicators for hospital performance. The same concept is 

depicted in detail in Figure 2 where the main multivariate analysis pathway from 

standardization to factor analysis, clustering, interpretation, correlation analysis, index 

construction and PCA. 

 

Figure 1. Open data to analytical dataset as output 

 

Figure 2. Workflow overview for multivariate assessment of regional Saudi hospital data 

 

Results and discussion 

The National Ministry of Health budget trend from 2007 to 2023 is shown in Figure 3. 

The sustained expansion of national health-sector financing over the study period is indicated 



by the increasing trajectory, even though short-term fluctuations are visible in some years. The 

results given must be interpreted as system-level context instead of regional input-output 

efficiency because the available budget file doesn’t provide region-specific allocations. Thus, 

it shouldn’t be used to claim that a specific health region receives more or less funding. By 

using manuscript, this figure is best positioned as background evidence of increasing national 

investment accompanying service expansion and healthcare transformation.  

 

Figure 3. Ministry of health (MoH) budget increasing trend since 2007 until 2023 

The following Figure 4 summarizes childbirth complications and reported pregnancy 

at the national level by complication type, Gestational diabetes mellitus and Anaemia with 

pregnancy appear as the major categories, then pregnancy-associated hypertension-related 

complications and vaginal bleeding. This distribution will indicate that maternal health burden 

is not concentrated in a single condition but spans hypertensive, obstetric complications, 

metabolic and haematologic. As the dataset is organized by complication type instead of health 

region, it shouldn’t be merged with the regional HPI model. Rather, it supports the argument 

for integrating maternal-health outcome data into future regional quality assessment and 

provides clinically relevant national context. 



 

Figure 4. Complications in childbirth at national level based on types 

The HPI using regional latitude and longitude is mapped using spatial scatterplot as 

depicted in Figure 5. The following figure provides a descriptive outlook of geographic 

heterogeneity in hospital performance profiles all over Saudi health regions. Greater HPI values 

appear in selected western and southern regions, where lower values are visible in some central 

and northern regions. The map must be interpreted cautiously because it’s not a formal spatial 

econometric model it is a coordinate-based regional visualization. However, it highlights that 

performance variation has a geographic dimension and that region-specific planning may be 

more appropriate than uniform national interventions which is useful for policy communication 

 

Figure 5. Spatial distribution of HPI over latitudes and longitude 



The relationship between bed occupancy rate and bed turnover rate per month is examined in 

Figure 6, by using point colour representing the HPI. Regions in the upper-right area combine 

higher occupancy and higher turnover, showing more intensive use of inpatient capacity. 

Regions with lower occupancy and lower turnover may reflect lower service intensity, 

capacity-distribution differences or lower demand. Stronger composite performance profiles 

often coincide with higher utilization and throughput is suggested by colour gradient, even 

though the association is not perfectly linear. This is useful for interpreting operational 

performance as it links hospital flow dynamics with the multivariate HPI. 

 

Figure 6. Bed occupancy and turnover rate/month 

Bed occupancy rate to average length of stay, with the HPI shown by colour is related 

by this following scatterplot in Figure 7. Regions with both longer stays and high occupancy 

may face greater inpatient pressure reflecting slower discharge flow, more complex case mix 

or potential congestion. Regions with shorter stays and lower occupancy may represent less 

intensive inpatient utilization. The following distribution shows that the HPI is not resolved by 

occupancy alone; instead, performance depends on the length of stay, service demand, joint 

pattern of utilization and critical-care availability. This helps the need for multivariate 

assessment rather than interpreting single hospital indicators independently.   



 

Figure 7. Utilization and inpatient stay pressure  

Diabetes clinic visits per 100,000 population with the HPI comparison are shown in 

Figure 8, chronic disease service demand alone does not explain regional composite 

performance is suggested by the weak visual association. Some regions have high HPI scores 

with lower or intermediate diabetes-visit intensity whereas some have high diabetes service-

contact rates but only moderate HPI values. The HPI captures broader hospital-system 

characteristics beyond one disease-service domain is indicated. In this work, Figure 8 shows 

that chronic disease demand is an important contextual dimension and not a direct proxy for 

hospital performance or quality. 

 

Figure 8. HPI and chronic disease service per 100,000 population   

The following Figure 9 compares ER beds per 100,000 population with the HPI. Chronic 

disease service demand alone will not explain regional composite performance this has been 

suggested by the weak visual association. Some regions have only moderate HPI values but 



high diabetes service contact rates, on the other hand others achieve high HPI scores with 

intermediate or lower diabetes visit intensity. The results show that the HPI captures broader 

hospital system characteristics beyond one disease service domain.  

 

Figure 9. For each 100,000 population emergency readiness beds available 

In Table 1 the final model comprising of nine standardised indicators for hospital utilisation, 

critical-care capacity, inpatient flow, and chronic illness service demand, emergency 

preparedness, as well as sixteen complete health-region instances is demonstrated. The first 

three maintained components explained 82.72% of the total variance, and Bartlett's test verified 

that the correlation structure was appropriate for PCA. These findings validate the creation of 

the PCA-weighted Hospital Performance Index and support the application of dimensionality 

reduction. 

There is a noticeable regional difference in the system level hospital performance profiles, with 

Najran having the highest HPI score and Tabouk having the lowest. Three regional performance 

archetypes were found using the k-means clustering method, and the robustness statistics 

demonstrated a high degree of agreement between different weighting schemes and index 

definitions. The sensitivity results, however, show that Tabouk and BTR/month had a 

significant impact on ranking stability. All things considered, the table offers a condensed 

numerical basis for the subsequent in-depth PCA, factor-analysis, clustering, and robustness 

interpretations.  

Table 1. Important quantitative findings from PCA, HPI construction, clustering, and 

robustness validation  



Analysis item Quantitative result What it means for the manuscript 

Complete regional cases 16 health regions 
Final multivariate model was based on complete regional 

observations  

Indicators used 
9 standardized 

indicators 

BOR, PICU, ICU, NICU, BTR/month, ALOS, ER 

beds/100k, monitored ER beds/100k, diabetes visits/100k 

PCA suitability 
Bartlett χ² = 121.49, p = 

3.36 × 10⁻¹¹ 
Correlation structure is suitable for PCA  

Retained PCs 3 components Employed for index construction 

PC1 variance 38.25% Central performance dimension 

PC2 variance 33.08% Secondary performance dimension   

PC3 variance 11.39% Additional readiness or demand dimension 

Cumulative variance 82.72% First 3 PCs captured most model statistics 

HPI scale 0–100 PCA weighted index altered for interpretation 

Highest HPI Najran = 100.00 Powerful composite regional performance profile 

Lowest HPI Tabouk = 0.00 Lowest composite regional performance profile  

Best cluster solution k = 3, silhouette = 0.293 Three regional performance archetypes detected 

Equal-weight vs PCA-

weight HPI 

Spearman ρ = 0.924, p = 

3.34 × 10⁻⁷ 
HPI ranking robust to weighting method 

PC1–PC2 vs PC1–PC2–

PC3 rank stability 
Spearman ρ = 0.991 Adding PC3 refined however not overturn rankings 

Leave-one-variable 

sensitivity 

Removing BTR/month: 

ρ = 0.159 
BTR/month deeply influenced latent ranking structure 

Outlier exclusion 

sensitivity 

Excluding Tabouk: ρ = 

0.121 
Tabouk is the significant regional observation 

Cluster stability 
ARI = 1.000 for selected 

k = 3 
Certain cluster solution is internally stable  

 

In Figure 10, it assesses if the regional HPI is disproportionately driven by any single health 

region. Individually each bar reports the Spearman rank correlation between the original HPI 

ranking and the recalculated ranking upon removing one region at a time. Majority of 

exclusions preserve high rank correlation, indicates that it is not strongly dependent on a single 

observation and overall ranking structure is stable. When Tabouk is excluded, the largest 

sensitivity appears, which is suggesting that it contributes substantially to the lower end of the 

index distribution, and this region has a distinct performance profile. This test shows the 



robustness of the regional ranking while it also identifies influential regions which require 

cautious interpretation. 

 

Figure 10. Outlier exclusion sensitivity  

After excluding each indicator from the PCA model one at a time the Figure 11 

illustrates the stability of the HPI. Correlations of High Spearman rank indicate even when 

individual variables are removed the regional ranking remains broadly consistent. ER 

monitored beds per 100,000 population, ER beds per 100,000 population show especially high 

stability, Diabetes visits per 100,000 population and ALOS, indicating that this index is not 

excessively dependent on these single indicators. Lower correlations for ICU, NICU, PICU 

and BTR/month indicate that these are the variables that contribute more strongly for the latent 

performance structure. This analysis will Benefits the methodological credibility of the 

composite index.  

 

Figure 11. Robustness after excluding each indicator from PCA. 



The scatterplot in Figure 12 makes the comparison between equal weighted 

standardized index and the PCA weighted HPI. This strong monotonic alignment indicates that 

the relative regional performance pattern is widely preserved under two different weighting 

strategies. Areas like Jazan and Najran will remain in the upper performance range, while 

Riyadh, Hafr Al-Baten and Tabouk remain lower. So this consistency indicates that the findings 

will not an artefact of PCA weighting alone. This plot also shows some dispersion within 

middle-ranked regions which indicates that fine-grained ordering will be more sensitive to 

weighting assumptions than the broad classification of low-performing and high-performing 

regional profiles. 

 

Figure 12. Equal weighted vs PCA weighted index 

 

The comparison rank is made with the heatmap in Figure 13 by correlations among alternative 

index definitions: PC1-PC2-PC3, PC1-only and PC1-PC2.Regional rankings remain relatively 

stable across increasingly comprehensive PCA-based formulations is show by the high 

correlations. The PC1-PC3 and PC1-PC2 indices are especially similar indicating that by 

adding the third component refines instead of fundamentally changing the performance 

structure. Marginally lower agreement involving the PC1-only index will shows that relying 

only on the first dimension might omit relevant secondary information. As a result the PC1-

PC3 weighted index is more defensible because it will captures multidimensional hospital 

performance as preserving ranking stability. 



 

Figure 13. Heat map correlation for rank stability across index definitions 

Comparison with the PC1-only index against the weighted PC1-PC3 HPI is done by 

using scatterplot in Figure 14. The first component that captures a major part of the regional 

performance gradient will be the positive association indicates. In contrast, the visible 

dispersion shows that PC3 and PC2 provide additional information, especially for regions with 

similar PC1 scores but different chronic-disease demand, specialized-care profiles or 

emergency-readiness. Areas like Jazan, the Holy Capital and Najran will remain high under the 

broader formulation, whereas Al-Jouf and Tabouk remain lower. This helps the use of a 

multidimensional index instead of simpler one-component score. 

 

Figure 14 Index construction sensitivity 

 



Similarity among health regions based on the retained PCA scores is visualized by the 

dendrogram (Figure 15). Regions joining at higher distances are more distinct where as regions 

that merge at lower Ward distances have more similar multivariate hospital performance 

profiles. The following diagram broadly supports the presence of multiple regional archetypes 

instead of single homogeneous national pattern. It supports the k-means clustering results by 

indicating how regions group with an alternative unsupervised method. Because similar 

groupings are visible without imposing the same partitioning algorithm, it strengthens the 

cluster interpretation.  

 

Figure 15. Health regions based on hierarchical clustering 

By the interpretation of regional archetypes differ across hospital-performance 

dimensions, the heatmap in Figure 16 allows mean standardized indicator values for each 

cluster. Since the variables are z-scored, negative values indicate below-average characteristics 

and positive values indicate above-average cluster characteristics. Cluster 1 shows critical-

care-related indicators and stronger utilization, whereas other clusters display occupancy-

related measures, disease-service demand and different combinations of emergency readiness. 

The following figure is important because it converts the statistical clustering output into 

interpretable regional performance profiles suitable for policy discussion and it explains why 

clusters were formed, not merely which area belong to them. 



 

Figure 16. Cluster profiles mean z-score as per regional archetypes 

 

 

The PCA score plot in Figure 17 shows regional clusters in the PC1-PC2 space. Saudi 

health regions can be classified into distinct performance archetypes based on their multivariate 

profiles and this separation is displayed with colored groups. Some of the clusters occupy areas 

associated with specialized-care capacity and higher utilization, while others are positioned 

toward more or lower demand-oriented performance profiles. Regional differences are 

multidimensional rather than reducible to one indicator is demonstrated in this figure. This 

supports factor analysis for identifying policy-relevant groups of health regions and the value 

of unsupervised learning as a complementary tool to PCA. 

 

Figure 17. PCA scatterplot depicting cluster in PC1-PC2 region 



 

The following Figure 18 positions every health region according to its first two 

principal component scores i.e., PC1 and PC2, PC1 captures the dominant performance 

gradient, whereas PC2 represents a secondary dimension separating regions with different 

capacity patterns, emergency-readiness or demand. Even if individual indicators may appear 

similar but the regions located far apart have different multivariate hospital profiles. Tabouk 

and Najran occupy opposite sides of the PCA space, consistent towards their contrasting HPI 

rankings. This demonstrates that the dimensionality reduction is useful for interpretation of 

complex hospital datasets as it provides an intuitive visual representation of latent regional 

variation. 

 

Figure 18. PCA space for regional distribution positioning every health region  

By using bar chart illustrated in Figure 19, health regions are ranked from 0-100 HPI 

derived from the first three PCA components. Aseer, the Holy Capital, Najran, Medinah and 

Jazan show the strongest composite performance profiles, while Al-Jouf, Tabouk, Hafr Al-

Baten and Riyadh occupy the lower range. Based on open-data indicators following rankings 

should be interpreted as relative system-level profiles, not as direct clinical quality rankings. 

This translates multiple hospital indicators into a single reproducible regional comparison. 



 

Figure 19. Performance based ranking of regional hospital  

The varimax rotated factor analysis is presented in Figure 20. Rotating improves 

interpretability by concentrating high loadings under fewer factors. The first factor is 

dominated by BTR/month and BOR, suggesting a throughput and utilization dimension. The 

second factor is affected strongly by ALOS in the opposite direction, indicating an operational-

pressure dimension or inpatient-stay. The third factor has diabetes-related measures and higher 

loadings for ER, reflecting service-demand structure and emergency readiness. This result 

complements PCA by giving a latent-factor interpretation.  

 

Figure 20. Rotated factors and loadings by varimax method 

Table 2. Important latent factors found from varimax-rotated factor analysis 



Latent 

factor 
Significant variables Key loading values Interpretation 

Factor 1 
BTR/month, BOR, PICU, 

NICU, ICU 

BTR/month = 0.933, BOR = 

0.918, PICU = 0.703, NICU = 

0.657, ICU = 0.597 

Utilization throughput and critical 

care intensity 

Factor 2 ALOS days ALOS = −0.945 
Inpatient stay pressure or length of 

stay dimension 

Factor 3 

ER monitored beds/100k, 

ER beds/100k, diabetes 

visits/100k 

ER monitored beds = 0.950, ER 

beds = 0.906, diabetes visits = 

0.825 

Chronic disease service demand 

and population adjusted emergency 

readiness 

 

The key latent factors supporting regional hospital performance are identified by summarizing 

the strongest loadings after varimax rotation. The important indicators that contribute to each 

factor are shown in Table 2, which also serves as the foundation for identifying the extracted 

dimensions. 

 

The following Figure 21 shows the original factor-analysis loading matrix before 

rotation. The unrotated solution captures shared variance within observed indicators though it 

is less interpretable because several variables load over multiple factors. Critical-care 

indicators, BTR/month and BOR contribute towards the first factor whereas other service-

related variables and ALOS show more complex patterns. This representation is for 

methodological reference as it provides clearer latent dimensions. 

 



Figure 21. Before rotation factors and loading matrix 

 

Figure 22 ranks indicators by its squared loading on PC1, representing its contribution 

to the dominant principal component. BOR contributes more strongly, followed by 

BTR/month, ICU, ALOS, PICU, ER beds per 100,000 population, and NICU. Monitored ER 

beds per 100,000 population contribute less to PC1 and Diabetes visits per 100,000 population. 

This indicates that PC1 is primarily a utilization and acute-care capacity dimension instead of 

chronic-disease demand dimension. The figure demonstrates which variables drive the main 

multivariate gradient among health regions and helps justify the interpretation of PC1. 

 

Figure 22. Indicators rank showing contribution to the dominant PC 

The loading patterns of the first three principal components are displayed in Figure 23. 

PC1 is positively associated with ALOS, PICU, BTR/month, BOR, NICU and ICU, whereas 

showing negative association with diabetes visits per capita and ER beds per capita. PC2 is 

more strongly related to diabetes-service variables and ER-bed, whereas PC3 captures 

additional variation in ALOS and ICU. This validates that hospital performance is 

multidimensional. The decision to retain three components for index construction is supported 

because different components represent different aspects of regional hospital systems instead 

of repeating the same information.  



 

Figure 23. Loading structure of the PCA 

Figure 24 shows the proportion of variance explained by the cumulative variance curve 

and each principal component. The first component explains the largest share. The first 

component describes the largest share, whereas the second component also contributes 

substantially, collectively, the first three components describes most of the multivariate 

variation within the regions, supporting their use in the HPI. Later on components contribute 

progressively are less useful for interpretation and smaller amounts of variance. Because a 

smaller number of components captures the dominant structure of the hospital-performance 

dataset while reducing redundancy among correlated indicators so this result will justify 

dimensionality reduction.  

 

Figure 24. Proportion of variance by means of cumulative variance curve 

 



The following Figure 25 summarizes pairwise Spearman correlations among hospital 

indicators. Stronger positive correlations among BTR/month, BOR, and specialized-care 

variables indicate that capacity-related measures and that utilization tend to move together 

across regions. Diabetes visits per population and ER-bed indicators show a different 

correlation pattern, suggesting that chronic disease service demand and emergency readiness 

represent separate dimensions. Some weaker or negative correlations indicate that not all 

hospital indicators reflect the same underlying construct. This correlation structure provides 

factor analysis and empirical justification for using PCA instead of isolated descriptive 

comparisons. 

 

Figure 25. Spearman correlation structure 

 

 

The stability of the selected cluster solution by using the adjusted Rand index over 

alternative numbers of clusters is evaluates in Figure 26. The most agreement occurs when this 

alternative solution uses three clusters, validating the three cluster structure selected. Forcing 

too few or too many groups changes regional membership substantially is indicated by lower 

values for two, four, or five clusters. By showing that the selected solution is not arbitrary this 

helps in robustness test which strengthens the clustering results. The interpretation of three 

major regional hospital performance archetypes indicates that cluster boundaries might shift 

under alternative specifications.  



 

Figure 26. Adjusted Rand index to show the stability of cluster solution 

 

Saudi health regions differ substantially in their multivariate hospital performance profiles is 

demonstrated by the results. Factor-analysis findings and the PCA shows that regional hospital 

performance is not a single dimensional construct; rather it reflects critical-care capacity, 

chronic disease service demand, inpatient-stay pressure, combination of utilization intensity 

and emergency readiness. The PCA-weighted HPI gives a reproducible summary measure 

whereas clustering reveals distinct regional performance archetypes. Robustness analyses show 

that the cluster interpretation and broad ranking are stable across outlier tests, alternative index 

definitions and variable exclusions. Although, because the data are region-level and ecological, 

the findings are system level performance patterns instead of direct patient level quality 

judgments.  

In Table 3 the primary findings achieved from the analysis of regional data of Saudi hospital 

performance is indicated using the Multivariate method. PCA suitability, explained variance, 

preserved principal components, Hospital Performance Index findings, robustness validation 

and clustering output data are listed after the number of complete regional cases and indicators 

included in the final model. These findings demonstrate the multidimensionality, 

reproducibility, and statistical suitability of the suggested framework. The adoption of the first 

three primary components for index building is supported by the fact that they accounted for 

82.72% of the total variance. The clustering analysis divided Saudi health regions into three 

performance archetypes, while the HPI results showed Tabouk as the lowest-ranked region and 

Najran as the highest-ranked region. Although BTR/month and Tabouk had significant 



sensitivity, robustness studies further demonstrated that the overall results were consistent 

across different weighting and index definitions. 

Table 3. Key quantitative findings through factor analysis, PCA, HPI construction, robustness 

validation and clustering. 

Result domain Main numerical finding Discussion interpretation 

PCA 

dimensionality 

PC1 = 38.25%, PC2 = 33.08%, 

PC3 = 11.39%, cumulative = 

82.72% 

Hospital performance is strongly multidimensional; 

these components are sufficient to summarize most of 

the regional variation 

Factor 1 

BTR/month = 0.933, BOR = 0.918, 

PICU = 0.703, NICU = 0.657, ICU 

= 0.597 

Regions having high scores on this factor combine 

faster turnover, higher utilization, and stronger critical 

care intensity  

Factor 2 ALOS = −0.945 

The Length of stay is a separate inpatient stay pressure 

dimension instead of simply following 

occupancy/turnover 

Factor 3 

ER monitored beds/100k = 0.950, 

ER beds/100k = 0.906, diabetes 

visits/100k = 0.825 

Emergency readiness and chronic disease assistance 

request formed a population adjusted readiness/demand 

dimension  

HPI upper range 

Najran = 100.00, Jazan = 88.06, 

Holy Capital = 85.50, Medinah = 

75.17, Aseer = 74.68 

Here the regions show a stronger composite profile 

around the available open data indicators 

HPI lower range 

Tabouk = 0.00, Riyadh = 12.66, 

Hafr Al-Baten = 14.82, Al-Jouf = 

20.58, Ta’if = 40.16 

Here these regions occupied the lower end of the 

composite system level performance profile 

Clustering Best k = 3, silhouette = 0.293 
Three regional archetypes are identified, supporting 

heterogeneity instead of one uniform national profile 

Robustness 
Equal-weight vs PCA-weight ρ = 

0.924, p = 3.34 × 10⁻⁷ 
Broad findings are not only an artifact of PCA 

weighting  

Rank stability 
PC1–PC2 vs PC1–PC2–PC3 ρ = 

0.991 

The 3rd component refined rankings, however, did not 

noticeably change the main ordering 

Sensitivity 
Removing BTR/month ρ = 0.159; 

excluding Tabouk ρ = 0.121 

Turnover and Tabouk distinct’s regional profile should 

be discussed cautiously as prominent elements 

Cluster 

validation 
ARI = 1.000 for selected k = 3 

The selected cluster solution is stable under the 

validation comparison 
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Conclusion 

This study demonstrates that multivariate statistical techniques could transform Saudi open 

government hospital datasets into a rigorous regional performance assessment framework by 

rotated factor analysis, clustering, robustness testing, integrating PCA, spatial interpretation 

and composite indexing. This analysis gives a multidimensional view of hospital system 

performance across health regions. It shows that regional hospital performance cannot be 

adequately represented by a single raw indicator, instead, it shows population adjusted service 

demand, inpatient pressure, interacting dimensions of capacity, utilization and emergency 

readiness. The proposed cluster profiles and HPI gives practical tools for benchmarking, 

supporting evidence-informed resource planning and identifying regional performance 

archetypes. Significantly, the index is a system level hospital performance measure instead of 

direct patient level quality-of-care outcome, because the available infrastructure indicators and 

open data primarily capture service activity. Upcoming research should extend this framework 

by incorporating hospital accreditation outcomes, region-specific expenditure, waiting times, 

patient safety indicators, staffing ratios, mortality, patient satisfaction, readmission and 

infection rates. Connecting open administrative data with clinical outcome datasets might allow 

stronger causal and efficiency analyses. For longitudinal monitoring to evaluate the impact of 

Saudi health sector transformation initiatives over time this framework can also be adapted. 
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Abbreviation Full form 

AI Artificial intelligence 

ALOS Average length of stay 

ARI Adjusted Rand index 

BOR Bed occupancy rate 

BTR/month Bed turnover rate per month 

EFA Exploratory factor analysis 

ER Emergency room 

FA Factor analysis 

HPI Hospital Performance Index 

ICU Intensive care unit 

ISI Insomnia Severity Index 

MoH Ministry of Health 

NICU Neonatal intensive care unit 

OGD Open Government Data 

OHBI Organizational Health Behavior Index 

PC Principal component 

PCA Principal component analysis 

PICU Pediatric intensive care unit 

 

References 

[1] K. G. Zakaria A. Mani, “Transforming Healthcare in Saudi Arabia: A Comprehensive 

Evaluation of Vision 2030’s Impact,” Sustainability, vol. 16, no. 8, p. 3277, 2024, doi: 

https://doi.org/10.3390/su16083277. 

[2] P. H. Update, “World Health Statistics 2021: Monitoring health for the SDGs,” World 

Health Organization, 2021. 



[3] A. H. Al-zalabani, “Online sources of health statistics in Saudi Arabia,” Saudi Med. J., 

vol. 32, no. 1, pp. 9–14, 2011, doi: https://doi.org/10.15537/1658-3175.5204. 

[4] T. C. O A Arah, N S Klazinga, D M J Delnoij, A H A ten Asbroek, “Conceptual 

frameworks for health systems performance: a quest for effectiveness, quality, and 

improvement,” Int J Qual Heal. Care, vol. 15, no. 5, pp. 377–398, 2003, doi: 

https://doi.org/10.1093/intqhc/mzg049. 

[5] H. Economics, W. H. O. E. Observatory, P. Health, N. Carolina, and W. H. O. E. 

Observatory, “Performance measurement for health system improvement: Experiences, 

challenges and prospects ed,” in Performance measurement for health system 

improvement: experiences, challenges and prospects, 2009, p. 724. 

[6] P. C. Smith, E. Mossialos, P. C. Smith, E. Mossialos, and I. Papanicolas, “Performance 

measurement for health system improvement : experiences , challenges and prospects,” 

in World Health Organization 2008, 2010, p. 28. 

[7] A. Z. Marijn Janssen, Yannis Charalabidis, “Benefits, Adoption Barriers and Myths of 

Open Data and Open Government,” Inf. Syst. Manag., vol. 29, no. 4, pp. 258–268, 2012, 

doi: https://doi.org/10.1080/10580530.2012.716740. 

[8] S. M. Atreyi Kankanhalli, Yannis Charalabidis, “IoT and AI for Smart Government: A 

Research Agenda,” Gov. Inf. Q., vol. 36, no. 2, pp. 304–309, 2019, doi: 

https://doi.org/10.1016/j.giq.2019.02.003. 

[9]  and A. B. Azeem majeed, Helen Lester, “Improving the quality of care with 

performance indicators,” BMJ, vol. 335, no. November, pp. 916–918, 2007, doi: 

https://doi.org/10.1136/bmj.39337.539120.AD. 

[10] E. Barbazza, N. S. Klazinga, and D. S. Kringos, “Exploring the actionability of 

healthcare performance indicators for quality of care : a qualitative analysis of the 

literature , expert opinion and user experience,” BMJ Qual Saf, vol. 30, no. 5, pp. 1010–

1020, 2021, doi: 10.1136/bmjqs-2020-011247. 

[11] Ministry of Health (Saudi Arabia), “Saudi Arabia Health Statistical Yearbook,” 2024. 

[Online]. Available: https://ghdx.healthdata.org/series/saudi-arabia-health-statistical-

yearbook. 

[12] A. K. Suleiman, “Transforming healthcare : Saudi Arabia ’ s vision 2030 healthcare 



model,” J. Pharm. Policy Pract., vol. 18, no. 1, pp. 1–20, 2025, doi: 

10.1080/20523211.2024.2449051. 

[13] H. M. A.-B. Mohammed Khaled Al-Hanawi, Sami A Khan, “Healthcare human resource 

development in Saudi Arabia: emerging challenges and opportunities-a critical review,” 

Public Heal. Rev, vol. 40, no. 1, p. 30858991, 2019, doi: https://doi.org/10.1186/s40985-

019-0112-4. 

[14] B. W. Wirtz, J. C. Weyerer, M. Becker, and W. M. Müller, “Open government data : A 

systematic literature review of empirical research,” Electron. Mark., pp. 2381–2404, 

2022, doi: 10.1007/s12525-022-00582-8. 

[15] A. J. A. and N. F. W. Azeem Akbar, “Open Government Data : Initiatives , Challenges , 

and Myths,” Libr. Philos. Pract., vol. 2020, no. 1, pp. 1–21, 2020, doi: 

https://www.researchgate.net/deref/https%3A%2F%2Fdigitalcommons.unl.edu%2Flib

philprac%2F5251%3Futm_source%3Ddigitalcommons.unl.edu%252Flibphilprac%25

2F5251%26utm_medium%3DPDF%26utm_campaign%3DPDFCoverPages?_tp=eyJj

b250ZXh0Ijp7ImZpcnN0UGFnZSI6InB1YmxpY2F0aW9uIiwicGFnZSI6InB1Ymxp

Y2F0aW9uIiwicG9zaXRpb24iOiJwYWdlQ29udGVudCJ9fQ. 

[16] J. Attard, F. Orlandi, S. Scerri, and S. Auer, “A Systematic Review of Open Government 

Data Initiatives,” Gov. Inf. Q., vol. 32, no. 4, pp. 1–43, 2015, doi: 

https://doi.org/10.1016/j.giq.2015.07.006. 

[17] D. Chambers, R. Mawson, J. Mettle-, A. Sutton, and A. Booth, “A systematic review of 

international performance indicators and metrics relevant to UK general practice,” BMJ 

Open Qual., vol. 14, no. 9, pp. 1–11, 2025, doi: 10.1136/bmjoq-2025-003477. 

[18] N. F. Alogaiel and O. A. Alrwais, “An Assessment of the Quality of Open Government 

Data in Saudi Arabia,” IEEE Access, vol. 11, no. June, pp. 61560–61599, 2023, doi: 

10.1109/ACCESS.2023.3285611. 

[19] A. A. Alasiri, “Predictors of Healthcare Providers’ Readiness for Health System 

Transformation in Saudi Arabia,” OLD DOMINION UNIVERSITY, 2025. 

[20] E. A. Algosaibi et al., “Developing a culturally adapted competency framework for 

community paramedicine practice in Saudi Arabia,” Sci. Rep., vol. 15, no. 1, pp. 1–12, 

2025, doi: 10.1038/s41598-025-24624-1. 



[21] M. Jaafari, A. Alzuman, Z. Ali, A. Tantry, and R. Ali, “Organizational Health Behavior 

Index ( OHBI ): A Tool for Measuring Organizational Health,” Sustain., vol. 15, no. 9, 

pp. 1–29, 2023, doi: https://doi.org/10.3390/su151813650. 

[22] D. G. Firoj Al-Mamun, Mohammed A.Mamun, Mohammad Arif, Pronab Das, Moneerah 

Mohammad ALmerab, “Psychometric Evaluation of the Insomnia Severity Index in 

Chronic Disease Patients Using Three Complementary Approaches,” Brain 

andBehavior, vol. 15, no. 2025, p. 17, 2025, doi: https://doi.org/10.1002/brb3.71040. 

[23] I. T. Jolliffe, J. Cadima, and J. Cadima, “Principal component analysis : a review and 

recent developments Subject Areas : Author for correspondence :,” Philos Trans A Math 

Phys Eng Sci, vol. 374, no. 4, p. 20150202, 2016, doi: 

https://doi.org/10.1098/rsta.2015.0202. 

[24] J. Lever, M. Krzywinski, and N. Altman, “Principal component analysis,” Nat. Publ. 

Gr., vol. 14, no. 7, pp. 641–642, 2017, doi: 10.1038/nmeth.4346. 

[25] A. L. Roshan Sutar, S. K. C. Anindo Majumdar, and  and M. Sharma, “Reply to the 

Comments on ‘Development and Validation of Hospital Mental Health Screen to Detect 

Psychiatric Morbidity in Medically Ill Patients in India,’” Indian J Psychol Med, vol. 

47, no. 2, pp. 2024–2025, 2025, doi: https://doi.org/10.1177/02537176241308943. 

[26] J. F. H. Jr, W. C. Black, B. J. Babin, R. E. Anderson, W. C. Black, and R. E. Anderson, 

MULTIVARIATE DATA ANALYSIS Multivariate Data Analysis. . 

[27] An Gie YongSean Pearce, “A Beginner’s Guide to Factor Analysis: Focusing on 

Exploratory Factor Analysis,” Tutor. Quant. Methods Psychol., vol. 9, no. 2, pp. 79–94, 

2013, doi: https://doi.org/10.20982/tqmp.09.2.p079. 

[28] A. K. Jain, “Data Clustering: 50 Years Beyond K-Means,” Pattern Recognit. Lett., vol. 

31, no. 8, pp. 651–666, 2010, doi: https://doi.org/10.1016/j.patrec.2009.09.011. 

[29] A. A. Wani, “Comprehensive analysis of clustering algorithms : exploring limitations 

and innovative solutions,” PeerJ Comput Sci, vol. 10, no. 8, p. 45, 2024, doi: 

10.7717/peerj-cs.2286. 

[30] M. C. A. M. Maria Gabriela Mendonça Peixoto, Marcel Andreotti Musetti, “Multivariate 

analysis techniques applied for the performance measurement of Federal University 

Hospitals of Brazil,” Comput. Ind. Eng., vol. 126, no. September, p. 126, 2018, doi: 



https://doi.org/10.1016/j.cie.2018.09.020. 

[31] K. Pourmohammadi, N. Hatam, P. Shojaei, and P. Bastani, “A comprehensive map of 

the evidence on the performance evaluation indicators of public hospitals : a scoping 

study and best fit framework synthesis,” Cost Eff. Resour. Alloc., vol. 16, no. 64, p. 22, 

2018, doi: 10.1186/s12962-018-0166-z. 

[32] M. Roya, R. Malekzadeh, G. Mahmoodi, and G. Abedi, “A Comparison of Three Models 

of Hospital Performance Assessment Using IPOCC Approach,” Ethiop J Heal. Sci, vol. 

29, no. 5, pp. 543–550, 2019, doi: https://doi.org/10.4314/ejhs.v29i5.3. 

[33] M. C. Mousa Alavi, Denis C. Visentin, Deependra K. Thapa, Glenn E. Hunt, Roger 

Watson, “Exploratory factor analysis and principal component analysis inclinical 

studies: Which one should you use?,” J. Adv. Nurs., vol. 76, no. 8, pp. 1873–2207, 2020, 

doi: https://doi.org/10.1111%2Fjan.14377. 

[34] M. Zarrin, J. Schoenfelder, and J. O. Brunner, “Homogeneity and Best Practice Analyses 

in Hospital Performance Management : An Analytical Framework,” Health Care 

Manag. Sci., vol. 25, no. 3, pp. 406–425, 2022, doi: 10.1007/s10729-022-09590-8. 

[35] M. H. Baragilly, H. Gabr, and B. H. Willis, “Clustering Analysis of Multivariate Data : 

A Weighted Spatial Ranks-Based Approach,” J. Probab. Stat., vol. 2023, no. 1, p. 15, 

2023, doi: 10.1155/2023/8849404. 

[36] A. Pinheiro et al., “Integrating multicriteria decision making and principal component 

analysis : a systematic literature review,” Cogent Eng., vol. 11, no. 1, p., 2024, doi: 

10.1080/23311916.2024.2374944. 

[37] Christian Hennig, “Cluster-wise assessment of cluster stability,” Comput. Stat. Data 

Anal., vol. 52, no. 1, pp. 258–271, 2007, doi: https://doi.org/10.1016/j.csda.2006.11.025. 

[38] A. Kassambara, Alboukadel Kassambara Practical Guide To Cluster Analysis in R. 

2017. 

[39] T. Liu, H. Yu, and R. H. Blair, “Stability estimation for unsupervised clustering : A 

review,” WIREs Comput Stat., vol. 14, no. September 2021, pp. 1–17, 2022, doi: 

10.1002/wics.1575. 

[40] Karolina SochaGaëlle BalestatGabriel Di PaolantonioShow all 5 authorsEmily Hewlett, 

“Health at a Glance 2019 - OECD Indicators: Health Workforce,” in Health at a Glance 



2019, 2019. 

[41] J. M. E. Michael A Heenan, Glen E Randall, “Selecting Performance Indicators and 

Targets in Health Care: An International Scoping Review and Standardized Process 

Framework,” Risk Manag. Healthc. Policy, vol. 15, no. 2022, pp. 747–764, 2022, doi: 

https://doi.org/10.2147/RMHP.S357561. 

[42]  https://www.moh.gov.sa/en/Ministry/OpenData/Pages/Open-Data-Library.aspx 


