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ABSTRACT

Hospital classification plays a crucial role in modern healthcare systems by
promoting efficient resource utilization, enhancing access to care, and directing
patients to the most appropriate service levels. This study aimed to predict the role
classifications of public hospitals in Turkiye using the Random Forest (RF) classification
algorithm. It represents the first study conducted specifically on the role-based
classification of public hospitals in Turkiye. The dataset included 716 public hospitals,
categorized into eight distinct role classes. Two RF models (Model 1 and Model 2)
were developed and evaluated using performance metrics, including overall accuracy,
Cohen's Kappa coefficient, area under the curve (AUC), F1score, and balanced accuracy.
RF Model 2 consistently outperformed Model 1, achieving higher accuracy (96.82%
vs. 95.82%), Kappa (0.9612 vs. 0.9489), and AUC (0.9889 vs. 0.9863). Thus, Model 2
is recommended for classifying the roles of public hospitals in Turkiye. The proposed
approach can be adapted to classify hospitals in different healthcare systems, offering
support for data-driven strategic planning and more equitable resource allocation.
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0z

Hastane siniflandirmas;, modern saglik sistemlerinde kaynaklarin  etkin
kullanimi, saglik hizmetlerine erisimin artinlmasi ve hastalarin uygun bakim dizeyine
yonlendiriimesi agisindan kritik bir rol oynamaktadir. Calismanin amaci, Turkiye'deki
kamu hastanelerinin rol siniflarini Rastgele Orman (Random Forest, RF) siniflandirma
algoritmasi kullanarak ©ngdrmektir. Bu calisma, Turkiye'de kamu hastanelerinin rol
siniflandirmasi Uzerine dogrudan yurutulen ilk galismadir. Calismada, Turkiye genelinde
sekiz farkl rol sinifina aynlmis 716 kamu hastanesine ait veriler analiz edilmistir.
iki farkl RF modeli (Model 1 ve Model 2) gelistirilmis ve bu modeller genel dogruluk,
Cohen'in Kappa Kkatsayisi, egri alti alan (AUC), F1 skoru ve dengelenmis dogruluk gibi
cesitli performans gostergeleriyle karsilastirmali olarak dederlendirilmistir. Yapilan
performans dederlendirmesinde, RF Model 2'nin Model Te kiyasla Ustin sonuglar
verdigi gérilmastur. Model 2, Model Te kiyasla daha yiiksek dogruluk (%96,82'ye karsi
%95,82), daha iyi Kappa katsayisi (0,96712'ye karsi 0,9489) ve daha yuksek AUC degeri
(0,9889a kargi 0,9863) elde etmistir. Bu nedenle, Turkiye'deki kamu hastanelerinin rol
siniflarinin 6ngorilmesinde Model 2'nin kullanilmasi 6nerilmektedir. Onerilen yéntem,
farkli Ulkelerdeki hastanelerin siniflandinimasinda da uyarlanabilir ve saglik yoneticilerine
stratejik planlama ve kaynak tahsisinde veri temelli destek saglayabilir.

Keywords: Public Hospital, Random Forest, Machine Learning, Hospital
Classification, Turkiye.

Anahtar Kelimeler: Kamu Hastanesi, Rastgele Orman, Makine Ogrenmesi,
Hastane Siniflandirmasi, Turkiye.

INTRODUCTION

Recent advancements in artificial intelligence and machine learning
(ML) have demonstrated substantial potential to reduce physicians’ workload
while simultaneously improving diagnostic accuracy, clinical predictability, and
overall quality of care (Habehh and Gohel, 2021: 291). ML, a subfield of artificial
intelligence, empowers algorithms to autonomously learn from data and
generate predictions, thereby fostering a multitude of applications within the
healthcare domain (An et al., 2023: 4178; Polat, 2024: 400). These encompass
predictive analytics, wherein diverse datasets, including electronic health
records, insurance claims, and genomic data, are leveraged to forecast patient
outcomes, such as hospital readmissions or the onset of chronic diseases,
facilitating proactive interventions. Diagnostic and therapeutic support
is augmented by ML, particularly through techniques like convolutional
neural networks, applied to medical imaging (e.g., CT scans, X-rays, MRIs] to
enhance diagnostic precision and inform treatment strategies. Personalized
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medicine utilizes ML to integrate patient-specific characteristics (genetic
predispositions, medical history, lifestyle factors) for predicting individual
treatment responses and tailoring therapeutic regimens, critically relying
on comprehensive genomic and longitudinal patient data. Clinical decision
support systems incorporate ML to provide clinicians with real-time, data-
driven insights, promoting informed decision-making and potentially improving
patient outcomes. Examples include sepsis early-warning systems and risk
stratification tools. Finally, population health management leverages ML to
analyze large-scale population datasets, elucidating health trends, risk factors,
and healthcare disparities. This analysis guides public health initiatives and
optimizes resource allocation, as exemplified by targeted interventions for at-
risk populations and disease outbreak prediction.

ML techniques aim to classify objects or predict values by applying
algorithms and statistical analyses to large datasets (Kése and Polat, 2021:
17). Depending on the objective, ML can be categorized into three main
areas: regression, supervised classification, and unsupervised classification
(clustering) (De Oliveria et al., 2018: 1744). The ML category used in the study
is supervised classification. This classification is a data analysis technique
that utilizes classifiers to predict categorical class labels, allowing users to
gain a deeper understanding of the data as a whole (Han et al, 2012: 330).
In classification, mathematical functions map input variables (X) to output
variables (Y) as targets, labels, or categories (Sarker, 2021).

The classification of hospitals is vital for the efficiency and sustainability
of modern health systems. First and foremost, this classification ensures the
optimal use of resources, enabling health services to reach a wider audience.
Instead of each hospital having the same level of specialization and equipment,
separating them according to different specialties and equipment needs allows
for a more efficient distribution of medical devices, personnel, and budget. This
not only prevents the wastage of resources but also enables better planning
according to regional needs. Secondly, directing patients to the right hospitals
improves treatment processes and makes more efficient use of vital time in
emergencies. Classification allows patients to easily access hospitals with
the level of specialization they need, preventing unnecessary waiting and
incorrect treatment. Third, classification enables the establishment of distinct
quality standards for various types of hospitals (Akdag, 2012: 209; Ovgin
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and Kuguk, 2013). These standards facilitate performance monitoring and
improvement efforts to enhance patient safety and quality of care. Finally,
hospital classification also plays a vital role in identifying teaching hospitals and
developing research infrastructure. In summary, hospital classification plays
a crucial role in enhancing both the efficient use of resources and patients’
access to the right services, as well as the overall quality of the health system.

In TUrkiye, there is no study on predicting the role classes of hospitals
using ML algorithms and other methods. This study constitutes the first
nationwide, data-driven investigation directly focusing on the role-based
classification of public hospitals in Turkiye. In the international literature, only a
limited number of studies—primarily regional in scope, such as one conductedin
the United States—have explored hospital classification using ML techniques.
This study is driven by the need to address this critical gap in the literature. For
the first time, it systematically applies a supervised ML approach, specifically
the Random Forest (RF) classification algorithm, to predict the predefined role
classes of public hospitals across Turkiye. The RF algorithm was selected due
to its proven effectiveness in healthcare research, offering high predictive
accuracy and the ability to model complex, nonlinear relationships between
variables (Jackins et al,, 2021; Simsekler et al,, 2021; Song et al., 2021; Hong
et al, 2022). The study also proposes an optimal model for role classification
based on comprehensive performance metrics.

The study aims to predict public hospitals in Turkiye using RF models,
and to identify the optimal RF model by comparing the obtained results with
existing classification results based on performance metrics. Furthermore, the
study aims to uncover the significance levels of the predictor variables utilized
in role classification by the established RF models. Therefore, the goal is to
identify the variables that need to be eliminated from the predictor variables of
hospital role classes.
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1. LITERATURE REVIEW

Hospital classification constitutes a fundamental component of health
system organization, directly shaping the allocation of financial and human
resources, access to healthcare services, referral pathways, and strategic
planning processes. Globally, countries have adopted structured and context-
specific frameworks to categorize hospitals based on functional roles,
infrastructural capacity, service scope, and academic affiliations.

In the United States, hospital classification systems are multifaceted,
often based on geographic location (e.g., rural or community hospitals), clinical
specialization (e.g, women’s, orthopedic, cardiac, or surgical hospitals), or
institutional size. For instance, community-access hospitals are typically
small rural facilities with fewer than 25 beds. In contrast, tertiary care or
academic medical centers offer a wide range of specialties and subspecialties,
including highly advanced fields such as pediatric cardiology (Griffin, 2012:
13-14). In contrast, countries such as China, Brazil, and Pakistan employ a
standardized three-tiered hospital classification system, comprising primary,
secondary, and tertiary levels, grounded in hierarchical service delivery. This
model incorporates criteria such as bed capacity, service range, technological
infrastructure, research activity, and educational functions. Primary-level
hospitals are responsible for providing basic preventive and outpatient services
at the community level, whereas tertiary-level institutions serve as regional
referral centers equipped with comprehensive diagnostic, therapeutic, and
academic capabilities (Li et al, 2022; VieiraOMeyer et al, 2022: 254; Jamal
et al, 2024: 730). In Europe, particularly in the United Kingdom, Germany, and
the Netherlands, hospital roles are integrated into national health systems
through centralized planning and are explicitly aligned with referral hierarchies.
Hospitals are generally designated as district hospitals, regional referral
centers, or academic medical centers, based on their geographic coverage
area, population served, medical specializations offered, and involvement in
medical education and research (Healy & McKee, 2002: 59-74).

1.1. Turkish Public Hospitals by Role Classification

In TUrkiye, the classification of hospitals is formally outlined in the 2005
Regulation on the Management of Inpatient Healthcare Facilities. According
to this regulation, hospitals are defined as facilities that provide diagnostic,
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therapeutic, and rehabilitative services to both inpatients and outpatients,
including maternity care services such as childbirth. The regulation
categorizes hospitals into five functional groups: (1) district/town hospitals, (2)
day hospitals, (3) general hospitals, (4) specialist hospitals, and (5) training and
research hospitals (Tatar et al, 2011: 128).

Within the framework of the Health Transformation Program launched
in 2003, regional planning efforts were initiated to optimize the allocation of
healthcare resources and prevent the formation of idle capacity (Korkmaz
and Tercan, 2023: 443). These efforts were shaped by Turkiye's geographical
diversity, population distribution, distances from healthcare centers, regional
transportation infrastructure, and existing health service inventories (Akdag,
2012: 209-210). In line with this strategic planning approach, it became
evident that the functional diversity and service scope of public hospitals
required a more nuanced categorization beyond the formal typology defined
in the 2005 Regulation on the Management of Inpatient Healthcare Facilities.
Consequently, the need emerged to introduce a role-based classification
model for public hospitals in Turkiye, aiming to align institutional functions
with regional service demands, enhance system-level efficiency, and support
evidence-based health planning (Atasever, 2021: 42). Thus, service delivery
roles of existing and investment planning inpatient health facilities of the
MoH were determined. Criteria for the Redefinition and Grouping of Roles of
Ministry of Health Inpatient Health Facilities, which were put into practice
with the Ministerial Decree dated December 3, 2009, and numbered 46143,
were determined (Ministry of Health, 2011). In 2023, it underwent yet another
update, taking into account the unique characteristics and needs of each
group, the capacity of hospitals, their role in regional health planning, the
number of specialized physicians, the availability of medical equipment, and
the quality of their services (Ministry of Health, 2023). As presented in Table 1,
public hospitals in Turkiye are categorized into eight distinct role classes: A1,
A1Branch, A2, A2 Branch, B, C, D, and E. The hospitals were analyzed within the
framework of these designated role classifications.
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Table 1: Identifying and Grouping the Roles of Hospitals

Roles Definition and general characteristics
Group A1 These hospitals provide the most comprehensive and advanced health services
Hos lijtals in the country. They have the capacity to provide tertiary health care and are
P authorized for training and research.
Group A1 They are designated as training and research hospitals, meeting specific
Brargch criteria. These hospitals are advanced specialty hospitals that conduct training
Hospitals and research activities in their respective fields of specialization, possess high-
P tech equipment, and offer a Level lll emergency service and intensive care unit.
Group A2 These hospitals offer a more limited range of services than those classified as
Hospitals Group A1 hospitals and lack authorization for training and research functions.
Gé?gﬁcﬁQ These are private specialty hospitals that are not authorized to conduct training
Hospitals and research activities.
Located in provincial or fortified district centers, these hospitals provide less
Group B comprehensive services than Group A hospitals. They provide secondary health
Hospitals care services. These hospitals are situated in provincial centers or fortified

district centers, distinct from Group A1and A2 hospitals.

These are smaller-scale hospitals typically located in fortified districts or sub-
Group C districts, characterized by a limited number of specialist physicians. They
Hospitals primarily provide primary and secondary healthcare services. Group C hospitals
are generally smaller in size and offer a more limited range of medical specialties.

These hospitals are located in fortified districts or sub-districts and have

I?c:guilzt)atl)s a minimum bed capacity of 25. They are designated to provide secondary
P healthcare services.

These hospitals are typically located in small towns or sub-districts and have
Group E a maximum bed capacity of 25. They provide primary healthcare services and
Hospilgals represent the smallest units within the healthcare system. Despite their limited

capacity and specialization, Group E hospitals play a vital role, particularly in
regions with restricted access to healthcare services.

Source: Ministry of Health (2023).

This hierarchical, role-based classification system ensures the efficient
and equitable distribution of healthcare resources across Turkiye. It offers a
range of services, from basic primary care in smaller communities to highly
specialized tertiary care in major urban centers. The inter-tier referral system
is of paramount importance in ensuring that patients receive the appropriate
level of medical care.

1.2. Machine Learning Algorithms in the Healthcare

In recent years, the enhanced accessibility of extensive datasets and
improvements in processing capabilities have facilitated the rapid development
and dissemination of ML algorithms in healthcare. These algorithms have been
employed to address a wide range of medical challenges, including medical
imaging analysis, genetic disease prediction, personalized treatment planning,
and outcome forecasting. Their application has demonstrated significant
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potential in enhancing diagnostic accuracy, optimizing treatment processes,
and improving overall system efficiency.

Despite this growing body of research, the application of ML algorithms
for hospital classification remains notably limited. One of the few studies in this
area is by Dharmapala (2021: 22-29), who utilized multiple ML classification
algorithms to categorize 45 hospitals in the United States into three groups:
village, county, and regional hospitals. The classification was based on seven
predictor variables: availability of drugs and equipment, occupancy rate,
bed capacity, number of staff, average length of stay, number of inpatients,
and number of live discharges. The study employed six different algorithms:
decision trees, support vector machines, discriminant analysis, ensemble
subspace k-nearest neighbor (KNN), Naive Bayes, and ensemble methods.
Among these, the ensemble subspace KNN algorithm demonstrated the
highest classification performance, as indicated by model validation and
accuracy metrics.

Beyond hospital classification, RF—one of the most widely used
tree-based ensemble learning algorithms—has been effectively applied to a
broad range of predictive problems in healthcare. For example, Kramer et al.
(2019:85-88) developed an RF-based model to classify hospital admissions as
emergency or elective care based on patients’ primary diagnoses. The model,
trained using expert-annotated inpatient admission data, was also designed
10 assign a numeric urgency score to each diagnosis listed in the International
Classification of Diseases catalog. Similarly, Simsekler et al. (2021) investigated
the determinants of patient satisfaction across two key phases of the patient
journey—registration and consultation. The authors constructed two separate
RF models, incorporating both patient- and provider-related variables, using
survey data collected from 411 patients at a hospital in the United Arab
Emirates. The models aimed to estimate the relative importance of these
variables in explaining satisfaction outcomes and to identify potential areas
for improving healthcare quality. RF was preferred due to its high predictive
accuracy and ability to model complex interactions among variables.

In another study, an interpretable RF model was developed to predict
the severity of acute pancreatitis. The study retrospectively analyzed clinical
and laboratory data from 648 patients, with missing values imputed using the
multiple imputation by chained equations method. The RF model, trained in
conjunction with a logistic regression model, outperformed its counterpart
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in predicting severe acute pancreatitis, demonstrating superior classification
accuracy and robustness (Hong, 2022). The study by Jaotombo et al. (2022)
aimed to identify the ML models that best predict prolonged hospital length of
stay using a French medico-administrative database. The researchers used a
retrospective cohort study design, collecting data from all discharges in 2015
from a large university hospital. They transformed length of stay into a binary
variable (long vs. short, using the 90th percentile of 14 days as the cutoff). In
the study, five ML models were applied: classification and regression trees, LR,
RF, gradient boosting (GB), and neural networks (NN). Model performance was
evaluated using AUC.

In a similar vein, Xie et al. (2022) sought to standardize predictive
modeling practices in emergency department services by developing
benchmark datasets and clinical prediction tasks from publicly available
electronic health records. Their study introduced a unified preprocessing
pipeline and evaluated a wide range of predictive algorithms, including LR, RF,
GB, multilayer perceptron, Med2Vec, long short-term memory, and AutoScore,
across multiple clinical outcomes. This facilitated cross-study comparison
and advanced model development in emergency care. Likewise, Bhadouria
and Singh (2023:27121) constructed predictive models for hospital length
of stay and in-hospital mortality using the National Hospital Care Research
Database (NHCRD), emphasizing the use of minimal feature sets to enhance
interpretability and generalizability. Models were trained using several ML
approaches, such as LR, RF, NB, GB, DT, ANN, bagging, and SVM, and evaluated
with a comprehensive set of performance metrics (AUC, precision, recall,
F-score, accuracy, MSE, MAE, RMSE]). In another recent study, Choi et al. (2023)
developed ML models to predict in-hospital fall risk among patients with acute
stroke and compared their performance to the widely used Morse Fall Scale
(MFS). Six algorithms-NB, KNN, RLR, SVM, RF, and XGB-were trained on EHR
data, and several ML models outperformed the MFS in predictive accuracy,
demonstrating the potential of data-driven approaches for improved fall risk
assessment.

Collectively, these studies illustrate the growing utility of ML for
predicting key hospital outcomes and strengthening clinical decision support.
Notably, despite methodological variations, ensemble-based methods—
particularly RF and GB—consistently demonstrate superior performance when
applied to complex, multidimensional healthcare data.
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2. MATERIAL AND METHODS

The target population of the study consists of 716 public hospitals
in Turkiye classified into eight groups according to hospital role class. The
distribution of the number of hospitals classified into eight groups according
to role class is as follows: A1(n = 82), A1 Branch (n = 21), A2 (n = 71), A1 Branch
(n=32),B(n=133),C(n=177),D(n=110), and E (n = 90).

2.1. Data Set and Variables

The dataset comprises observations from public hospitals spanning
the period from 2015 to 2023. All data were obtained with the approval of
the Ministry of Health, Directorate General for Public Hospitals. Observations
with missing values were excluded, and only complete cases were included
in the RF models. The dataset was subsequently used to train and validate
the RF models, ensuring robust predictive performance. Table 2 presents the
variablesincluded in the analysis. The study employs ten independent variables
(predictors) to estimate the hospital role class as the dependent variable. Most
variables in the dataset correspond to those currently used by the Ministry
of Health in the role-based classification of hospitals. Additionally, the study
incorporates predictor variables identified in the limited number of existing
studies on hospital role classification (Dharmapala, 2021: 22-29; Tseng et al,,
2015: 732), thereby contributing to the development of a8 more comprehensive
predictive framework.

Table 2: Dependent and Independent Variables

Code Variable Data Type Type of Variable

Categorical

1. Al

2. AlBranch

3. A2
class Hospital role class 4. A2Branch | Dependent

5. B

6. C

7. D

8. E
tcys Total number of hospital beds Numerical Independent
pms Number of outpatient clinic visits Numerical Independent
hokg Average length of stay Numerical Independent
tas Total number of surgery procedures Numerical Independent
vki Case mix index Numerical Independent
ths Total number of physicians Numerical Independent
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Code Variable Data Type Type of Variable
hs Total number of nurses Numerical Independent
tspds [ Total number of non-health personnel Numerical Independent
tkdshs | Total number of referred patients Numerical Independent
ytdo Bed occupancy rate Numerical Independent

2.2. R Packages for Analysis

The study utilized the R programming language (R Core Team, 2024)
and RStudio (Posit Team, 2024) for data mining operations, data analysis,
and result printing in Microsoft Excel workbooks. The packages used in the
R environment are as follows: “caret” (Kuhn, 2008), “‘cvms” (Olsen, 2024),
"doParallel” (Corporation and Weston, 2025), “dplyr” (Wickham et al, 2023,
“ggplot2” (Wickham, 2016), “ggpubr” (Kassambara, 2022), “ggthemes” (Arnold,
2024), “here” (Muller, 2020), “openxisx” (Schauberger and Walker, 2024}, “pROC"
(Robin et al,, 2011), “readx!” (Wickham and Bryan, 2023), “skimr” (Waring et al.,
2022), “tibble” (Muller and Wickham, 2023), “tidymodels” (Kuhn and Wickham,
2020), “tidyr” (Wickham et al., 2025), and “viridis” (Garnier et al., 2024).

2.3. RF algorithm for classification

To make predictions on new data, supervised ML techniques learn
prediction rules from training data sets. ML algorithms can process a large
number of predictors with nonlinear and complex interactions to find
combinations of variables that reliably predict outcomes.

Random Forest for classification is an ensemble learning technique
that builds several decision trees during training and produces the class that
represents the mode of the classes (classification). This is an explanation of its
functionality (Breiman, 20071: 5):

1) Bootstrap Aggregating (Bagging): The core of an RF is bagging. The
training data is randomly sampled with replacement to create multiple subsets
of the data (the same data point can appear multiple times in a single subgroup).
Each subset is roughly the same size as the original training set.

2) Random Subspace: For each bootstrapped subset, a decision tree
is grown. However, instead of considering all features (variables) at each split
point in the tree, a random subset of features is selected. This is the “random
subspace” method. The size of this subset is a hyperparameter that needs to
be tuned.
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3) Tree Growth: Each decision tree is grown to its full depth (no pruning)
on its corresponding bootstrapped subset using the random subset of features.
This is in contrast to other tree-based methods, where pruning is often used to
prevent overfitting. The use of multiple trees with different splits compensates
for the lack of pruning.

4] Classification: Once all the trees are grown, a new, unseen data point
is fed into each tree. Each tree outputs a classification prediction (the class
label). A majority vote determines the final classification. The class predicted
by the majority of trees is the RF's prediction for the input data point.

RF combines bagging and random subspace to create a collection of
diverse, unpruned decision trees. The final prediction is a consensus prediction
from this eclectic collection.

2.4. Evaluation Metrics

The literature widely employs accuracy rate, Cohen’s Kappa coefficient,
F-score, and AUC classification metrics to evaluate the performance of RF
and other ML models. One study used an RF algorithm to predict ten different
diseases. In this study, accuracy, precision, sensitivity, recall, F score, and
AUC metrics were used as classification metrics (Alam et al., 2019). Another
study used a multilayer perceptron, RF, and LR methods to predict diabetes.
This study used accuracy, precision, and recall metrics as classification
metrics (Butt et al, 2021:1-5). The study used accuracy, AUC, and F-score
classification metrics to predict the presence of diseases using artificial neural
networks and LR methods (Bailly et al., 2022). Another study used six different
ML algorithms to indicate diabetes. This study employed accuracy, Cohen's
Kappa, precision, recall, F-score, and AUC as classification metrics (Adjei et al,,
2022).

In this study, the balanced accuracy rate was used as a performance
metric to evaluate hospitals according to their role classes. An overall accuracy
rate is likely to yield erroneous results, especially in imbalanced datasets
(Brodersen et al, 2010: 3121). In addition, the balanced accuracy metric
minimizes the overall classification error (Tholke et al., 2023).

Table 3 presents the performance metrics along with their respective
equations for assessing the models’ performance. In performance metrics,
TP denotes true positives, FP indicates false positives, FN represents false
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negatives, and TN signifies true negatives. Here, PO, which is used in the
calculation of Cohen's Kappa coefficient, indicates the total probability of
agreement or accuracy, and Pc suggests the likelihood of agreement due to
chance (Ben-David, 2007: 874).

Table 3: Performance Metrics and Equations

Performance Metrics Equations

Accuracy (TP +TN)/(TP + TN + FP + FN)

AUC (TP__+TN_J/2

Balanced accuracy (Sensitivity + Specificity)/2

Cohen’s Kappa coefficient (P,-PJ/(1-P)

F score 2 x (Precision x Recall) / (Precision + Recall)
Precision TP/(TP + FP)

Recall TP/(TP + FN)

Sensitivity TP/(TP + FN)

Specificity TN/ (TN +TP)

AUC refers to the Receiver Operating Characteristic Area Under
the Curve. AUC score provides a comprehensive measure of a classifier's
performance across all classification thresholds. To obtain the score, it is
necessary to calculate the area beneath the ROC curve. The AUC score
indicates the classifier's ability to differentiate between positive and negative
classes. The range of values is from 0.5 to 1. Higher values indicate better
discrimination (De Hond et al., 2022: 853).

Cohen's Kappa was created to account for the probability that raters
would guess on certain factors owing to uncertainty. The Kappa coefficient,
like other correlation measures, can vary between -1 and +1 (Cohen, 1960:
37-48). The values for the Kappa coefficient in health research, as well as
the degree of compliance, are as follows (McHugh, 2012): “0-0.20 (None)’,
"0.21-0.39 (Minimal)’, “0.40-0.59 (Weak)", "0.60-0.79 (Moderate)’, “0.80-0.90
(Strong)” and “Above 0.90 (Almost Perfect)".

2.5. Training and Testing

The stratified sampling method randomly selected observations from
the dataset for the hospital role group to reduce variance between groups in
the RF maodels. In the first model, we assigned 75% of the dataset (n = 3873)
to the training dataset and 25% (n = 1291) to the testing dataset. Model 2
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allocated 80% of the dataset (n = 4130) to the training dataset and 20% (n =
1034) to the testing dataset. Table 4 shows the training and testing sample
sizes according to the models and hospital role class.

Table 4: Sample Sizes in the Training and Testing Sets by RF Model

Model 1 Model 2

Role Training (%75) Testing (%25) Training (%80) Testing (%20)

n % n % n % n %

Al 457 1.8 152 77 487 1.79 122 1.8

A1Branch 107 276 36 279 14 276 29 2.8
A2 430 1A 143 11.08 458 11.09 15 112
A2Branch 99 256 33 256 106 257 26 2.51
B 824 21.28 274 21.22 878 21.26 220 2128
C 1096 283 365 28.27 1169 28.31 292 2824
D 580 14.98 194 15.03 619 14.99 155 14.99

E 280 723 94 728 299 724 75 725
Total 3873 100 1291 100 4130 100 1034 100

2.6. Data Preprocessing

The “center” and “scale” parameters at this stage normalize the variables
in the data set. In this context, the “center” parameter normalizes the data by
subtracting the mean of the predictor variable observations from the predictor
variable values. Conversely, the “scale” parameter divides the data of the
predictor variable by its standard deviation.

2.7. Tuning

We set the tune length to 10 in both RF classification models. The
“tuneLength” parameter in the Caret package in R indicates the number of
different values to try in the models. The parameter returns the optimal “mtry”
value that gives the highest accuracy rate as a result of the trials. The package
utilizes the tuning parameter mtry to randomly select the number of variables
in each split of the decision tree. The system determined the tuning mtry
range values between 2 and 10. The models take the default value of 500 for
the ntree parameter, which indicates the number of trees to grow. We did not
exceed this value due to the possibility of overfitting.
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Table 5 displays the mtry values that yielded the highest accuracy
rates in both models. The tuning results indicate that Model 1 used the mtry
parameter value of 4, which yields the highest accuracy rate. At this parameter
value, the accuracy rate reaches approximately 83.9%. On the other hand, in
Model 2, the mtry parameter value with the highest accuracy rate is 5, and
the accuracy rate increases to 83.6% with this parameter value. The second
model sets the mtry parameter value at 5.

Table 5: The Accuracy Rates in RF Models vary depending on the
Parameter Values during Tuning

Model 1 Model 2
mtry | Accuracy | Kappa | AccuracySD | KappaSD [ mtry | Accuracy | Kappa | AccuracySD | KappaSD
2 0.8370 | 0.8000 0.0140 00172 2 08343 | 07967 0.0182 0.0224
3 0.8361 | 0.7990 0.0147 0.0183 3 0.8356 | 07984 0.0178 0.0219
4 0.8387 | 0.8023 0.0154 0.0191 4 0.8357 |[0.7986 0.0158 0.0193
5 0.8378 | 0.8011 0.0156 0.0193 5 0.8358 |0.7989 0.0166 0.0204
6 0.8357 [ 07986 0.0169 0.0210 6 0.8346 | 07973 0.0175 0.0214
7 0.8354 | 07983 0.0177 0.0218 7 0.8345 [ 07972 0.0166 0.0204
8 0.8343 | 07969 0.0168 0.0208 8 0.8331 | 07955 0.0165 0.0202
9 0.8320 | 0.7940 0.0161 0.0200 9 08326 |0.7949 0.0161 0.0198
10 08311 | 07929 0.0183 0.0227 10 | 0.8302 | 07919 0.0162 0.0199

SD: Standard Deviation
2.8. Model Validation

Model validation assesses the generalizability of a statistical analysis's
results to an independent dataset (Sergj et al., 2023: 89). Various techniques
are available for model validation. Cross-validation is a well-known and widely
used method for model validation. Cross-validation (CV) comprises various data
sampling techniques employed by algorithm developers to mitigate the risk
of overoptimism in overfitted models. CV is used to assess the generalization
performance of an algorithm and can additionally facilitate hyperparameter
tuning and algorithm selection (Bradshaw et al., 2023). Cross-validation often
yields less bias relative to holdout testing and has the distinct benefit of
using the entire dataset for both training and testing. We used the repeated
cross-validation method for validation in both RF models. This is because it
is less biased than other methods in the literature. In a comparison of several
cross-validation approaches on health data sets, 10-fold cross-validation
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without replication was distinctly inferior to the alternatives, exhibiting
significantly larger absolute and mean squared errors (Smith et al,, 2014: 319).
The established models used k=10 and set the number of repetitions for the
repeated cross-validation method to 3.

3. RESULTS

To further evaluate model robustness and investigate potential
overfitting, we assessed the performance of both RF Model 1 and Model 2
on the whole dataset. The classification metrics for each model, stratified by
hospital role class, are summarized in Table 6.

The overall accuracy of Model 1 on the whole dataset is approximately
95.82% (Cl: 95.23%-96.35%) at a 95% confidence interval (Cl). The Kappa
coefficient is 0.948S, indicating almost perfect agreement between the
hospital role classes in the entire dataset and the predicted role classes.
Conversely, Model 2 achieves an overall accuracy rate of 96.82% (95% CI:
96.31%-97.29%). The Kappa coefficient in Model 2 is 0.9612, indicating a
nearly perfect fit. Model 2 outperforms Model 1 when evaluated based on
the overall accuracy rate and Kappa coefficient. Similarly, when hospital role
classes evaluate the models using the F-score and balanced accuracy rate
metrics, Model 2 outperforms Model 1 across all role classes.

Table 6: Results Obtained on the whole Dataset by the RF Model and
Hospital Role Class

Model Metric A1 A1Branch A2 A2 Branch B (o D E

Sensitivity 0.969 0851 0951 0939 0859 0973 0951 0917

Specificity 0.998 1.000 0994 0999 0988 0982 0989 0997

PPV* 0988 0.986 0954 0.961 0956 0956 0940 0961

NPV**  0.996 0.999 0994 0.998 0989 0989 0991 0.994

Model 1 Precision 0.988 0.986 0.954 0.961 0956 0956 0940 0961
Recall 0.969 0851 0951 0839 0959 0873 0851 0917

F Score 0.978 0968 0953 0950 0958 0964 08945 0838

Prevalence 0118 0.028 0m 0.026 0213 0283 0150 0.072

Balanced Accuracy 0.984 0975 0973 0969 0974 0978 0970 0857
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Model Metric A1 A1Branch A2 A2 Branch B Cc D E
Sensitivity 0.979 0951 0.960 0955 0972 0977 0961 0944
Specificity 0.999 1.000 0996 0.999 0990 0986 0992 0998
PPV* 0.990 1.000 0970 0.969 0963 0965 0958 0.970
NPV** 0997 0.999 0.995 0.999 0992 0991 0993 0996
Model 2 Precision 0.990 1.000 0.970 0.969 0963 0965 0958 0970
Recall 0979 0951 0.960 0.955 0972 0977 0961 0944
F Score 0.984 0975 0.965 0962 0967 0971 0959 0957
Prevalence 0118 0.028 01M 0.026 0213 0283 0150 0072
Balanced Accuracy 0.989 0976 0978 0977 0981 0982 0977 0971

* PPV: Positive predictive value, ** NPV: Negative predictive value

Figure 1 displays the ROC curve produced by Models 1 and 2. Overall,
Model 1 yielded an AUC value of S8.63%, while Model 2 yielded an AUC value
of 98.89%, indicating near-perfect performance for both models. Therefore, a
comparison of the two models reveals that Model 2 outperforms in terms of
AUC value.

Figure 1: ROC Curve Obtained on the whole Dataset by the RF Model
and Hospital Role Class
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3.1. Importance Levels of Predictor Variables

After the RF models were trained and optimized, the importance scores
of the predictor variables were calculated with the RF models and ranked from
highest to lowest according to the model. Figure 2 illustrates the importance
level of the predictor variables as determined by the RF models. The y-axis
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represents the predictor variables, and the x-axis represents the importance
scores of the variables. In the models, “tcys” (total number of hospital beds),
“ths” (total number of physicians), “hs” (total number of nurses), and “pms”
(number of outpatient clinic visits) are the first four predictor variables with the
highest level of importance in predicting the hospital role class, respectively.
Similarly, the variables with the lowest significance levels in both models are
"hokg” (average length of stay) and “ytdo” (bed occupancy rate).

Figure 2: Importance Levels of Predictor Variables by RF Model
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DISCUSSION AND CONCLUSION

This study developed and evaluated RF classification models to predict
the role classifications of public hospitals in Turkiye and to identify the relative
importance of key predictor variables. The findings demonstrate that RF is a
highly effective and transparent method for predicting hospital roles at the
national scale. Among the models created, RF Model 2 demonstrated superior
predictive performance based on multiple evaluation metrics and was thus
recommended as the most accurate model. According to the model evaluation
results, RF Model 2 consistently outperformed RF Model 1 in both overall
classification accuracy and class-level metrics. Specifically, Model 2 achieved
an overall accuracy of 96.82% and a Kappa coefficient of 0.9612, compared
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10 95.82% and 0.94889 for Model 1. The AUC values were also higher for Model
2 (0.9889) compared to Model 1 (0.9863). Furthermore, as shown in Table 6,
Model 2 demonstrated better performance across all role classes in terms of
F1 scores and balanced accuracy, supporting its robustness across diverse
hospital types.

The strong predictive performance of RF aligns with the broader
literature, which highlights its ability to handle complex nonlinear relationships
and assess variable importance in health-related classification tasks (Kramer
et al, 2019; Simsekler et al,, 2021; Song et al., 2021; Hong et al, 2022). These
characteristics make RF particularly suitable for national hospital classification
systems, where organizational heterogeneity and multidimensional structural
differences must be taken into account.

In Turkiye, there is no study on predicting the role class of hospitals
using ML algorithms and other methods. Existing national research has
generally focused on managerial or financial performance within predefined
role groups (Keskin, 2018; Yilmaz & Senel, 2019; Ekinci & Bakir, 2021; Koca
& Demir Uslu, 2022; Babacan & Akga, 2024). In contrast, this study employs
an algorithmic and data-driven classification method that offers a more
objective and reproducible assessment framework. Internationally, the
literature on hospital role classification using ML methods is also limited. The
only comparable study was conducted in the United States by Dharmapala
(2021), which classified 45 hospitals into three categories—village, county,
and regional—using seven predictor variables and six ML algorithms. While
the U.S. study achieved an accuracy of 93.3% using an ensemble subspace
KNN model, its results were limited to a small regional sample. It used only
accuracy and AUC as performance metrics. In contrast, the present study
classified 716 public hospitals in Turkiye into eight distinct role categories (A1,
A1-Branch, A2, A2-Branch, B, C, D, E), employed two RF models, and evaluated
model performance using a broader set of metrics, including Kappa, F1 score,
and balanced accuracy. Furthermore, this study provides class-specific model
evaluation. It identifies key predictors of role classification, thereby offering
more profound insights into the underlying structure of hospital roles at a
national scale.
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The identification of key predictive variables—such as bed capacity,
staffing levels, and average length of stay—offers practical implications.
These insights can support policymakers, strategic planners, and hospital
administrators in designing more transparent, consistent, and evidence-based
processes for role assignment and allocation. However, like most supervised
learning techniques, the RF models could be further improved through
expanded parameter tuning and the integration of additional predictors or
alternative data sources. A remaining limitation is the exclusion of hospitals
with incomplete data, underscoring the need for more standardized and
comprehensive administrative datasets.

Although this study relies on RF as a supervised ML method, future
research could explore alternative algorithms such as gradient boosting,
SVMs, or deep learning models. Moreover, unsupervised ML approaches (e.g.,
clustering) could be used to uncover latent structures that may offer new
or refined role groupings beyond the current administrative classification
system. Such methods could contribute to more dynamic, adaptable hospital
role frameworks that reflect the evolving complexity of healthcare delivery.

Overall, the results indicate that RF-based classification can support
data-driven decision-making, improve transparency in role determination, and
optimize resource allocation. The proposed modeling framework is adaptable
and can be applied to other countries or health systems; however, its
generalizability must be carefully considered. Because the model was trained
on Turkiye-specific classification objectives, it cannot be applied to another
context on a purely “plug-and-play” basis. Nonetheless, the methodological
roadmap—objective variable selection, estimation of variable importance,
and validation of administrative classification—offers a universal structure.
Furthermore, health systems change over time, introducing the risk of model
drift. Therefore, the model should be maintained using a dynamic MLOps
approach, with continuous monitoring and periodic retraining based on up-to-
date data.

In conclusion, RF-based hospital role prediction represents a promising
tool for strengthening health system governance. In an era where healthcare
systems are increasingly expected to "do more with less,” data-driven decision
support models, such as the one proposed in this study, can facilitate more
informed and equitable healthcare planning.
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KAMU HASTANELERININ ROL SINIFLANDIRMASINDA VERIYE DAYALI
BiR YAKLASIM: TURKIYE'DEN KANITLAR

Tevfik BULUT
Aziz KUCUK
GENISLETILMIiS OZET

Hastane siniflandirmasi, modern saglik sistemlerinde kaynaklarin dengeli
dagiimi ve etkin kullanimi, saglik hizmetlerine erigimin artirilmasi ve hastalarin
uygun bakim duzeyine yonlendirilmesi agisindan kritik bir rol oynamaktadir. Bu
kapsamda, 2003 yilinda baslatilan Saglikta Donusum Programi cergevesinde
saglik kaynaklarininetkintahsisinisaglamak ve atil kapasite olusumunu 6nlemek
amaclyla bolgesel planlama calismalar yurdtiimistir. Bolgesel planlamalar;
Turkiye'nin cografi gesitliligi, nufus dagihmi, saglk merkezlerine olan uzaklik,
ulasim altyapisi ve mevcut saglik hizmeti envanteri goz 6ninde bulundurularak
sekillendirilmistir. Bu gergevede, 2009 yilinda kamu hastanelerinin hizmet
sunum rolleri yeniden tanimlanmis ve hastaneler cesitli kriterler dogrultusunda
sekiz farkli rol sinifina (A1, A1-Dal, A2, A2-Dal, B, C, D, E) aynimistir.

Bu c¢alismanin amaci, Turkiye'deki kamu hastanelerinin rol siniflarini
Rastgele Orman (Random Forest, RF) algoritmalari kullanarak tahmin etmek
ve elde edilen sonuglar mevcut siniflandirma ile Karsilastirarak en yuksek
performansi gosteren modeli belirlemektir. Turkiye'de hastane rol siniflarinin
makine 6grenmesi yontemleriyle dngorulmesine yonelik literatirde herhangi
bir ulusal dizeyde calisma bulunmamaktadir. Bu yoniyle g¢alisma, kamu
hastanelerinin rol temelli siniflandirmasina odaklanan, veriye dayali ilk kapsamli
analiz olarak 6ne ¢ikmaktadir.

Calismada, Saglik Bakanligina bagl 716 kamu hastanesine ait 2015-
2023 yillar arasindaki veriler kullanilmistir. Hastane rol sinifi bagimli degisken
olarak tanimlanirken, bu sinifi tahmin etmek amaciyla 10 bagimsiz (6ngaricu)
degisken modele dahil edilmistir. Veriisleme ve analiz surecleriile sonuglarin disa
aktarimi, R programlama dili ve R Studio yaziimi kullanilarak gergeklestirilmistir.
RF modellerinin performansini artirmak amaciyla, “tuneLength” parametresi 10
olarak belirlenmis ve “mtry” degeri optimize edilmistir. Calismada iki farkli RF
modeli (Model 1 ve Model 2] gelistirilmis; bu modeller genel dogruluk, Cohen'in
Kappa katsayisi, egri alti alan (AUC), F1 skoru ve dengelenmis dogruluk gibi
cesitli performans olgutleri ile karsilastirmali olarak degerlendirilmistir.
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Calismanin bulgular, Model 2'nin genel performans agisindan Model
T'e kiyasla UstUn sonuglar verdigini gostermektedir. Bu Ustinlik hem genel
performansta hem de hastane rol siniflari 6zelinde yapilan analizlerde gegerlidir.
Model 2, %96,82 dogruluk, 0,9612 Kappa katsayisi ve 0,9883 AUC degeri ile
6ne ¢ikarken; tim hastane rol siniflarinda daha yuksek F1skoru ve dengelenmis
dogruluk sergilemistir. Degisken 6nem analizine gore; toplam yatak sayisi,
hekim sayisi, hemsire sayisi ve poliklinik basvuru sayisi en etkili 6ngdricu
degiskenler olarak belirlenmistir. Buna karsin, ortalama yatis suresi ve yatak
doluluk oraninin siniflandirma Uzerindeki etkisi oldukga dusuk bulunmustur. Bu
dogrultuda, Turkiye'de kamu hastanelerinin rol siniflarini tahmin etmek icin en
uygun modelin Model 2 oldugu sonucuna variimistir.

Elde edilen bulgular, RF algoritmasinin hastane rol siniflandirmasinin
yuksek dogruluk ve seffaflikla 6ngortimesinde etkili bir yontem oldugunu
ortaya koymaktadir. Gelistirilen model, sadece siniflandirma basarisiyla
degil, ayni zamanda 6ngoricu degiskenlerin dnem duzeylerini belirleyerek
politika yapicilara karar destek sunmasi agisindan da degerlidir. Model,
mevcut hastanelerin rollerinin yeniden degerlendirilmesi veya yeni kurulacak
hastaneler igin rol atamasinin nesnel ve veri temelli bigcimde yapiimasina olanak
sa@lamaktadir. Uluslararasi literatirde, hastane siniflandirmasini makine
o6grenmesi teknikleriyle inceleyen galismalar oldukga siniflidir ve gogunlugu,
Amerika Birlesik Devletleri'nde gerceklestirilen bir arastirma gibi, yerel dizeyde
kalmaktadir. Bu baglamda, dnerilen yontem yalnizca Turkiye'ye 6zgu bir katki
sunmakla kalmamakta; aynizamanda farkli Ulke ve saglik sistemlerinde hastane
siniflandirmalarina uyarlanabilecek yapisiyla, kaynak tahsisi ve stratejik saglk
planlamasina yonelik kiresel tartismalara da katki saglamaktadir.
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