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ABSTRACT

Purpose: Patient satisfaction is a fundamental indicator for evaluating the quality of healthcare services and is of great
importance for the sustainability of healthcare systems. In this study, machine learning methods were used to determine
the factors affecting individuals' satisfaction levels with healthcare services and to predict satisfaction levels.

Methods: In this study, machine learning methods were used to identify factors affecting individuals’ levels of satisfaction
with healthcare services and to predict their satisfaction levels. The Turkish Statistical Institute (TUIK) life satisfaction
dataset was used; the data were split into training (80%) and test (20%) sets, and the SMOTE method was applied to
address class imbalance.

Results: Logistic Regression, SVM, Decision Trees, Random Forest, and Naive Bayes models were tested and Logistic
Regression was determined to be the most suitable model. According to the findings, the variables of age, gender, health
satisfaction scale, frequency of hospital visits, examination problems, hygiene problems, examination satisfaction,
insufficient healthcare personnel, medication cost problems, and waiting time problems were found to be statistically
significant.

Conclusion: Ultimately, machine learning approaches are practical for analyzing healthcare satisfaction.

Keywords: Patient Satisfaction, Machine Learning, Healthcare Service Quality, Classification, Data Analytics

O0ZET

Amag: Hasta memnuniyeti, saglik hizmetlerinin kalitesini degerlendirmede temel bir gdstergedir ve saglik sistemlerinin
strdiirilebilirligi agisindan biiyik 6nem tagir. Bu calismada, bireylerin saglik hizmetlerinden memnuniyet diizeyini
etkileyen faktorleri belilemek ve memnuniyet diizeyini tahmin etmek amacyla makine ogrenmesi yontemleri
kullanilmigtir.

Yontem: Tiirkiye istatistik Kurumunun (TUIK) yasam memnuniyeti veri seti kullanilms; veriler egjitim (%80) ve test (%20)
olarak ikiye ayrilms, sinif dengesizligi durumunda SMOTE yontemi uygulanmistir.

Bulgular: Lojistik Regresyon, SVM, Karar Agaclan, Rastgele Orman ve Naive Bayes modelleri denenmis, en uygun modelin
Lojistik Regresyon oldugu belirlenmistir. Bulgulara gore, yas, cinsiyet, saglik memnuniyet dlcedi, hastaneye basvuru
sikligi, muayene sorunlari, hijyen sorunlari, muayene memnuniyeti, saglik personeli yetersizligi, ila¢ maliyeti sorunlar ve
bekleme siiresi sorunlari degiskenleri istatistiksel olarak anlamli bulunmustur.

Sonug: Sonug olarak, makine grenmesi yaklasimlarinin saglik memnuniyeti analizinde etkili oldugu goriilmektedir.

Anahtar Kelimeler: Hasta Memnuniyeti, Makine Ogrenmesi, Saglik Hizmeti Kalitesi, Siniflandirma, Veri Analitigi
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Measuring Satisfaction in Healthcare Services with Machine Learning

are becoming increasingly important, and patient

satisfaction is gaining prominence in this context
(1). Patient satisfaction is considered one of the most
important indicators evaluating the quality of healthcare
services, and satisfaction with healthcare services not
only reflects the individual experience but also the
effectiveness of healthcare institutions, the efficiency of
service delivery, and the success of health policies (2).
The level of satisfaction is affected by numerous factors
such as patients’ interactions with service providers,
waiting times, information acquisition processes, and
the communication skills of healthcare personnel.
Accurate identification and analysis of these factors are
fundamental to improving the quality of healthcare
services (3). Traditional statistical methods have been
used for many years to analyze factors affecting patient
satisfaction. However, these methods may be limited in
their ability to identify complex relationships, especially
in large datasets (4). At this point, machine learning
(ML) techniques stand out as an important tool in the
healthcare sector. ML is a subfield of artificial intelligence
technologies. By leveraging a data-driven, algorithmic
approach, ML can identify relationships among multiple
variables, detect patterns, and make predictions (5,6).

T he quality and effectiveness of healthcare services

The proliferation of advanced algorithms and large
datasets has enabled the application of complex
data analysis across sectors, with a focus on solving
problems in healthcare. Machine learning applications
in healthcare services mainly focus on predicting
diseases and health problems (7). Machine learning
(ML) is applied through various algorithms in modeling
factors affecting satisfaction with healthcare services.
Classification algorithms categorize satisfaction levels
into high, medium, or low, while regression algorithms
predict satisfaction scores as continuous values. The
variety of methods, such as Artificial Neural Networks
(ANN), Bayesian Networks (BN), Support Vector Machines
(SVM), and Decision Trees (DT), enables the development
of effective, accurate predictive models. In particular,
Random Forest, SVM, Gradient Boosting, and Neural
Network algorithms show strong predictive performance
in variables such as patient characteristics, service
duration, appointment system, quality of communication
with healthcare personnel, and institutional factors. The
applicability of machine learning methods in different
fields and their ability to extract basic features from
complex datasets show that these techniques can also
be used in healthcare satisfaction analyses (8). The
application of machine learning, particularly in healthcare,
is not limited to measuring current satisfaction levels; it
can also guide improvements in service quality. Big data

and machine learning methods have the potential to
improve service delivery by supporting decision-making
processes in healthcare (9). In addition, the factors with
the most significant impact on patient satisfaction can
be identified using machine learning models, allowing
institutions to focus their resources and training programs
on them (10). Machine learning techniques analyze data
from patient-doctor interactions to identify psychological
and emotional factors that affect patient experiences,
thereby contributing to the development of patient-
centered service strategies (11).

In recent years, measuring satisfaction with healthcare
services has become an important research area for
health management and policy development. Traditional
studies conducted in Tirkiye have frequently used
surveys and regression analyses to identify factors
affecting individuals’satisfaction with healthcare services.
For example, in a study conducted by Ugurluoglu et al.
(12), appointment scheduling processes, examination
and analysis costs, insufficient number of physicians
and healthcare personnel, drug prices, waiting times,
cleanliness/hygiene, and the attitudes of healthcare
personnel were identified as the main factors affecting the
level of satisfaction with healthcare services. In the study,
hierarchical regression was used to analyze satisfaction
levelsamong 9,397 individuals. In contrast, today, machine
learning techniques enable more comprehensive and
accurate modeling of the factors affecting satisfaction
with healthcare services. These methods not only measure
the current level of satisfaction but also enable the
prioritization of factors affecting patient experience and
support healthcare managers’ strategic decision-making
(11,13). Algorithms such as Random Forest, Decision
Tree, and Gaussian Naive Bayes, in particular, enable
accurate prediction of satisfaction levels by considering
variables such as patient characteristics, service duration,
appointment system, and quality of communication with
healthcare personnel. This approach offers a more flexible,
data-driven modeling opportunity than traditional
regression analyses.

This study aims to model the factors affecting satisfaction
with healthcare services in Turkiye using machine
learning methods. The findings are expected to guide
healthcare institutions and policymakers and contribute
to the development of strategies to increase patient
satisfaction. Furthermore, the study aims to demonstrate
the applicability of machine learning techniques in
healthcare and their importance in healthcare quality
management.
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Material and Method variables were included as independent variables. Table 1
presents the variables, descriptions of the variables, and

In this study, satisfaction with general health services  Variable abbreviations.

was included as the dependent variable, while the other

Table 1. Description and Abbreviation of Variables

. . s Variable
Variables Variable Description Abbreviation
Overall, General Health Satisfaction Scale Overall satisfaction with healthcare services OHS
Age Age of the individual (years) AGE
Gender Gender of the individual GEN
Marital Status Marital status of the individual MS
Education Level Educational level of the individual EDU
Income Group Household income group INC
Employment Status Employment status of the individual EMP
Health Satisfaction Scale Satisfaction with the individual’s general health status HSS
Hospital Visit Frequency Number of hospital visits in the last 12 months HVF
Examination Problem Problems caused by insufficient consultation time with the physician EXAM_P
Hygiene Problem Problems caused by inadequate hygiene of the healthcare environment HYG_P
Examination Satisfaction Satisfaction with medical examination services EXAM_S
Doctor-related Problem Problems caused by the physician’s lack of attention DOC_P
Nurse-related Problem Problems caused by nurses NUR_P
Insufficient Health Staff Problems caused by an insufficient number of healthcare personnel STAFF_P
Examination Fee Problem Problems caused by high examination fees FEE_P
Drug Cost Problem Problems caused by high medication prices DRUG_P
Waiting Time Problem Problems caused by long waiting times WAIT_P
Health Insurance Cost The cost of health insurance INS_COST
Health Problem Presence of health problems or chronic conditions HLTH_P
Copayment Problem Problems caused by co-payment charges COPAY_P

Sample

The dataset used is the 2024 Life Satisfaction Micro Dataset
of the Turkish Statistical Institute, with the institution’s
permission. The dataset was modified, and the dependent
variable was converted into a binary classification. As
a result of this conversion, the dataset contains only
two classes: “not satisfied (1)” and “satisfied (0)." The new
dataset consists of 2811 observations and 21 variables.
When the class distribution is examined, the dissatisfied
group (minority class) comprises 827 people (29.4%),
and the satisfied group (majority class) comprises 1984
people (70.6%). The dataset was then divided into 80% for
training and 20% for testing. The training set consists of
2248 observations (661 dissatisfied, 1587 satisfied), and
the test set consists of 563 observations (166 dissatisfied,
397 satisfied).

Data Preprocessing

Before proceeding to the analysis phase, a series of
preparatory and preliminary testing procedures were

performed on the dataset. First, descriptive statistics
for the variables were calculated, and the risk of
multicollinearity among independent variables was tested
using VIF (Variance Inflation Factor) values. A consistent
coding scheme was applied for categorical variables;
for “problem”-focused variables, the assignment was
“1=Yes, 0=No,” and for ‘satisfaction’-focused variables, the
assignment was “1=Yes, 0=No. The dependent variable,
OHS, was converted into a binary format where “1=Not
Satisfied” (the focus of the risk analysis) and “0=Satisfied.”
To address the class imbalance, the dataset was first split
into 80% training and 20% testing sets to prevent data
leakage. The SMOTE (Synthetic Minority Oversampling
Technique) method was applied exclusively to the
training set to balance the minority class (“Not Satisfied”).
Consequently, the number of observations for the “Not
Satisfied” group in the training set was increased from
661 to 1587, achieving a 1:1 balance. The test set (n=563)
was preserved in its original distribution to ensure an
unbiased evaluation of the model’s real-world predictive
performance.
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Model Selection and Evaluation

During the model setup phase, the performance of the
Logistic Regression, Support Vector Machines (SVM),
Random Forest, XGBoost, LightGBM, Naive Bayes, and
Multilayer Perceptron (MLP) algorithms was compared.
Grid search and cross-validation techniques were used
for hyperparameter optimization; specifically, SYM and
Logistic Regression models were tested under different
parameter values (kernel type, C coefficient, solver
options). The performance of the models was evaluated
based on Accuracy, F1 Score, and ROC-AUC criteria.

To clarify the complex decision structure (black-box)
of the SVM model with the highest predictive power,
Logistic Regression was used as a complementary tool.
This allowed us to leverage the high predictive capacity
of machine learning algorithms while also reporting the
statistical significance (p-values) and coefficient directions
of the variables through Logistic Regression. The variable
importance levels of the most successful models were
analyzed using both Permutation Importance and SHAP
(Shapley Additive exPlanations) methods; thus, the relative
contributions and effect directions of the independent
variables to the model outputs were revealed from a
holistic perspective.

To clarify the complex decision structure (black-box)
of the SVM model, which demonstrated the highest
predictive power, Logistic Regression was employed as an
interpretable complementary tool. In this study, the “Not
Satisfied” (1) class was designated as the target variable
to specifically investigate the risk factors negatively
impacting health service quality. This approach enabled
the alignment of high-capacity machine learning outputs
with the statistical rigor of Logistic Regression, providing
coefficient directions and p-values for each predictor.
Furthermore, variable importance was cross-validated
using SHAP (Shapley Additive exPlanations). By ensuring
that the direction of Logistic Regression coefficients
remains consistent with SHAP values, the model’s internal
validity was strengthened, and the specific impact of each
health-related problem on dissatisfaction was revealed
from a holistic perspective.

Hyperparameter Optimization

To enhance the generalization ability of the models and
prevent overfitting, a comprehensive hyperparameter
optimization was performed. During this process, a wide
parameter space was explored using Grid Search and
Randomized Search methods. For example, in the Logistic
Regression model, the regularization parameter (C) and
penalty type (L1, L2) were optimized; in the SVM model,

the kernel type (RBF, Linear), C coefficient, and gamma
parameters were focused on.

To measure the stability and reliability of model
performance, a 5-fold cross-validation method was
applied throughout the entire process. This optimization
process ensured that the obtained variable importance
levels and coefficients were derived from optimized
models rather than randomly, by enabling the comparison
of the best capabilities of different algorithms (especially
SVM and Logistic Regression).

Data Analysis

In this research, data analyses were conducted on the
Google Colab platform using Python. Google Colab, a
cloud-based analysis environment, enables online data
processing, statistical modeling, and visualization. The
analyses primarily utilize the pandas, numpy, scipy,
statsmodels, and matplotlib libraries. This method was
used to clean the data, calculate descriptive statistics, and
apply regression analyses.

Ethical Considerations

This research utilizes data from the 2024 Life Satisfaction
Survey provided by the Turkish Statistical Institute (TUIK).
Permission to use the dataset was obtained from TUIK.
This study does not require ethical committee approval,
as it used secondary data. Permission to use the data
was obtained from the Turkish Statistical Institute with
application number 588938. Only anonymized data were
used in the study; participants’ identifying information or
personal data were not included in the analysis process. In
this respect, the study was conducted in accordance with
the principles of research and publication ethics.

Methodological Limitations

This study identifies factors determining health
satisfaction through machine learning algorithms, yet it
has certain methodological limitations. Firstly, the TUIK
2024 Life Satisfaction Micro Data Set used in the analyses
is a secondary data source and is limited to the variables
included in the survey; the absence of individuals’ clinical
health history or more detailed socio-psychological
indicators in the data set narrows the scope of the
analysis. Secondly, while the SMOTE technique, used to
address class imbalance in the dataset, enhances model
performance by augmenting the minority class with
synthetic data, it should be noted that these synthetic
observations may differ structurally from real-world data
and could cause a low level of bias in the results. Finally,
the cross-sectional nature of the data used prevents the
observation of changes in the relationships between
variables over time.
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Results

Table 2. Descriptive Statistics and VIF Value for Variables

Variable Value n % VIF
o Satisfied (0) 1984 0.70
Overall, General Health Satisfaction Scale (OHS) - NA
Not Satisfied (1) 827 0.29
Age (AGE) (Mean: 45.33; Std: 15.24; Min: 18; Max: 93) 9.024
Male (1) 1493 0.53
Gender (GEN) 2414
Female (0) 1318 0.46
. Married (1) 2041 0.72
Marital Status (MS) - 3.864
Single (0) 770 0.27
Collage and Lower (1) 1759 0.62
Education Level (EDU) Higher Education (2) 908 0.32 7.162
Postgraduate (3) 144 0.05
25.501+TL 803 0.28
8.501-12.500 TL 561 0.20
Income Group (INC) 17.501-25.500 TL 509 0.18 5611
0-8.500 TL 473 0.16
12.501- 17.500 TL 465 0.16
Employed (1) 1452 0.51
Employment Status (EMP) 2.857
Not Employed (0) 1359 0.48
Satisfied 1984 0.70
Health Satisfaction Scale (HSS) Mid 560 0.19 6.674
Not Satisfied 267 0.09
Public Hospital 1216 0.43
Hospital Visit Frequency (HVF) Family Health Center 1152 0.41 7.853
Private Hospital 443 0.15
o No (0) 1422 0.50
Examination Problem (EXAM_P) 2.865
Yes (1) 1389 0.494
. No (0) 1997 0.71
Hygiene Problem (HYG_P) 1.956
Yes (1) 814 0.29
Yes (1) 1713 0.60
Examination Satisfaction (EXAM_S) 2.778
No (0) 1098 0.39
No (0) 2132 0.75
Doctor-related Problem (DOC_P) 2.634
Yes (1) 679 0.24
No (0) 2247 0.79
Nurse-related Problem (NUR_P) 2.482
Yes (1) 564 0.20
X No (0) 1824 0.64
Insufficient Health Staff (STAFF_P) 1.710
Yes (1) 987 0.35
L Yes (1) 1508 0.53
Examination Fee Problem (FEE_P) 3.617
No (0) 1303 0.46
Yes (1) 1713 0.60
Drug Cost Problem (DRUG_P) 4410
No (0) 1098 0.39
. . No (0) 1482 0.52
Waiting Time Problem (WAIT_P) 3.263
Yes (1) 1329 0.473
Public Insurance (SGK) 2665 0.94
Health Insurance Cost (INS_COST) Private Insurance 95 0.03 9.883
Out-of-pocket insurance 51 0.01
No (0) 2437 0.86
Health Problem (HLTH_P) 1.337
Yes (1) 374 0.13
No (0) 1525 0.54
Copayment Problem (COPAY_P) 2418
Yes (1) 1286 0.45

Note: This data was obtained from the Turkish Statistical Institute’s 2024 Life Satisfaction Micro Data Set.
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Table 2 presents descriptive statistics for variables ob-
tained from the Turkish Statistical Institute’s 2024 Life
Satisfaction Micro Data Set and VIF (Variance Inflation
Factor) values measuring the risk of multicollinearity.
When examining participants’ OHS, it is seen that a large
majority, 70%, are satisfied. The demographic structure of
the sample consists of individuals with an average age of
45.33; the gender distribution is balanced between men
(53%) and women (46%). It is noteworthy that the college
and below group accounts for 62% of the education lev-
el, while the employment rate stands at 51%. Looking at
healthcare service usage habits, it is understood that the
most frequently visited institutions are Public Hospitals
(43%) and Family Health Centers (41%).

Based on the problems encountered during the service
process, approximately half of the participants reported
issues related to EXAM_P (49.4%) and WAIT_P (47.3%).
Financially, DRUG_P (60%) and FEE_P (53%) stand out
as the most prominent complaints. On the other hand,

hygiene problems (29%) and doctor/nurse-related issues
(20-24%) occur at lower rates. When examining VIF values,
which are critical for statistical reliability, it is seen that
all variables remain below the accepted threshold of 10,
but variables such as INS_COST (9.883), AGE (9.024), and
HVF (7.853) have high values. A sensitivity analysis was
performed to assess the impact of this situation on model
stability. In the tests performed, it was observed that re-
moving the variables in question from the model did not
significantly improve prediction performance (ROC-AUC
and F1-score) and did not significantly improve the mod-
el’s AIC value (3477.02 vs. 3478.54, respectively). In light
of these findings, it was decided to include all variables in
the analysis to prevent data loss and preserve the inter-
action structure between variables.These findings prove
that there is no multicollinearity problem in the model
but that some variables have a high potential for correla-
tion with each other, supporting the validity of the anal-
yses (14).
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The correlation analysis conducted as part of the research
reveals that disruptions in healthcare services and
problems perceived by patients are highly interrelated. The
most striking finding in terms of institutional perception is
the strong positive relationship between Doctor-Related
Problems (DOC_P) and Nurse-Related Problems (NUR_P)
(r=0.69). This high correlation indicates that patients
do not differentiate between disruptions in the service
provided by medical personnel; rather, inadequacies
in one unit directly and negatively affect perceptions
of another unit. Similarly, the significant relationships
between Examination Process Problems (EXAM_P) and
Waiting Time Problems (WAIT_P) (r = 0.49) and Hygiene
Problems (HYG_P) (r = 0.39) indicate that a bottleneck in
operational processes creates a chain reaction of negative
effects on the overall quality perception of the facility.

When examining the key “problem” areas that determine
Overall Health Satisfaction (OHS), waiting times and
the flow of examinations were identified as critically
important. According to the findings, Waiting Time Issues
(WAIT_P) and Examination Process Issues (EXAM_P) are
the variables with the highest correlation (r=0.31) with
overall dissatisfaction (OHS). This proves that the greatest
disappointment in the patients’ overall experience stems

from temporal and procedural difficulties in accessing
medical intervention rather than the intervention itself.
Furthermore, while Hygiene Issues (HYG_P, 0.29) emerge as
a significant factor contributing to overall dissatisfaction,
the negative relationship between Staff-Related Issues
(STAFF_P) and OHS (-0.20) confirms that reducing issues
with staff plays a buffering role in alleviating overall
system dissatisfaction.

When examining the cost dimension of the service,
it is understood that the economic burden parallels
other operational issues. Fee Issues (FEE_P) are highly
correlated with Drug Cost/Access Issues (DRUG_P, 0.56)
and Waiting Time Issues (0.46). This situation shows that
when patients’ basic expectations, such as “fast service”
and “easy access to medication,” are not met in exchange
for the fees they pay, they perceive the amount paid as
a greater problem area (disruption of the price-benefit
balance). Finally, the negative correlation between Age
(AGE) and Employment (EMP) in the demographic data
(-0.34) reminds us that changes in employment-related
social security or income structure as age increases may
differentiate the perspective on healthcare issues on a
socio-economic level.

Table 3. Model Performance Table

Model Accuracy F1 Score ROC-AUC
Logistic Regression 0.753108 0.515679 0.792950
Random Forest 0.756661 0.498168 0.779794
SVM 0.761989 0.521429 0.785932
Naive Bayes 0.719361 0.561111 0.778186
MLP (Neural Net) 0.730018 0.509677 0.692786
XGBoost 0.730018 0.500000 0.756108
LightGBM 0.747780 0.520270 0.776152

When examining the model performance data presented
in Table 3, significant differences are observed among the
success criteria of the seven different machine learning
algorithms. In terms of Overall Accuracy, SVM (0.7619)
exhibits the highest performance, followed by Random
Forest (0.7566) and Logistic Regression (0.7531). When
consideringtheF1Score, whichrepresents classimbalance
and model sensitivity, the Naive Bayes model (0.5611),
which lags behind in accuracy, is seen to provide the best
balance among all algorithms. Looking at the ROC-AUC
values, which measure the models’ ability to distinguish
between classes, Logistic Regression (0.7929) stands out
as the strongest discriminating model, achieving the

highest score. In contrast, MLP (Neural Networks) lags
behind other models in terms of both ROC-AUC (0.6927)
and accuracy rates, performing below expectations on
the dataset. In general, it is understood that the stability
of the SVM model and the discriminatory capacity of
Logistic Regression are critical for the prediction success
of the study. In light of these findings, a strategic role
distribution was made among the models in the study.
SVM was determined to be the primary prediction
engine of the study because it offered the highest overall
accuracy rate. On the other hand, Logistic Regression has
been positioned as the primary interpretative model,
explaining the effects of independent variables on the
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dependent variable, thanks to its high discrimination
capacity (ROC-AUC) and the coefficients it provides (Table
4).Thus, the study aimed for high prediction success while

also preventing the model from becoming a ‘black box’
and revealing the relationships between variables with
statistical transparency.

SVM Model Permutation Importance
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Figure 2. Permutation and Shaping for SVM.

When examining the permutation importance level graph
of the SVM model presented in Figure 2, it can be seen that
the fundamental parameters determining the model’s
prediction performance are ranked in a hierarchical
structure. Based on the evaluation using mean accuracy
loss, it was determined that the EXAM_S and EXAM_P
variables have the most dominant weight on the model’s
discriminatory power. This proves that the model uses
operational and subjective patient assessments related to
the examination process as the primary reference point
when generating output. On the other hand, the fact that
variables such as WAIT_P (Waiting Time Issues) and FEE_P
(Fee Issues) are located in the negative accuracy loss
region indicates that if these factors are removed from
the model, the margin of error will increase significantly,
thus pointing to these “problem”-focused variables
being indispensable negative predictors for the model’s
classification success.

The SHAP analysis results, which explain the prediction
direction and individual effects of the variables, provide
more micro-level insights into the model’s decision-
making mechanism while visually validating the logistic
regression findings (Table 4). The fact that the STAFF_P
(Personnel Issues) variable ranks highest in the SHAP

summary graph and that high values (red dots) are
concentrated on the positive SHAP axis confirms that
personnel shortages directly and strongly trigger the
model’s final “dissatisfaction” (OHS=1) output. This finding
is fully consistent with the high significance level (p <
0.001) and coefficient direction in Table 4.

Similarly, the clustering of high satisfaction values (blue
dots) in the negative SHAP region in the EXAM_S variable
proves that clinical interaction quality is the strongest
protective factor minimizing the risk of dissatisfaction.
In the DRUG_P and WAIT_P variables, which represent
financial and time barriers, the positioning of red dots on
the positive axis shows that an increase in these problems
directly leads to patient dissatisfaction. In particular, the
narrower and more negatively inclined range exhibited
by demographic factors such as education (EDU) and
employment (EMP) in the SHAP distribution supports
the inference that high socioeconomic status increases
the likelihood of satisfaction through health literacy.
Consequently, this integrated alignment between the
importance hierarchy in permutation analysis and the
effect orientations in SHAP analysis reinforces the model’s
inferential reliability.
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Table 4. Logistic Regression Results

Variable Coef. (B) Std. Err. z P>|z| [95% Conf. Interval]
Constant -0.0618 0.300 -0.206 0.837 [-0.651,0.527]
Age (AGE) -0.0064 0.003 -1.974 0.048 [-0.013, 0.000]
Gender (GEN) -0.6491 0.092 -7.030 0.000 [-0.830, -0.468]
Marital Status (MS) -0.0934 0.095 -0.981 0.327 [-0.280, 0.093]
Education Level (EDU) -0.0605 0.081 -0.751 0.452 [-0.218, 0.097]
Income Group (INC) -0.0420 0.029 -1.454 0.146 [-0.099, 0.015]
Employment Status (EMP) -0.1892 0.101 -1.882 0.060 [-0.386, 0.008]
Health Satisfaction Scale (HSS) 0.3339 0.074 4,505 0.000 [0.189, 0.479]
Hospital Visit Frequency (HVF) 0.1277 0.063 2.012 0.044 [0.003, 0.252]
Examination Problem (EXAM_P) 0.5033 0.098 5.160 0.000 [0.312,0.694]
Hygiene Problem (HYG_P) 0.3121 0.103 3.025 0.002 [0.110,0.514]
Examination Satisfaction (EXAM_S) -1.1409 0.087 -13.154 0.000 [-1.311,-0.971]
Doctor-related Problem (DOC_P) 0.1759 0.135 1.305 0.192 [-0.088, 0.440]
Nurse-related Problem (NUR_P) -0.0027 0.143 -0.019 0.985 [-0.282, 0.277]
Insufficient Health Staff (STAFF_P) -1.1761 0.103 -11.376 0.000 [-1.379,-0.973]
Examination Fee Problem (FEE_P) 0.1657 0.103 1.602 0.109 [-0.037, 0.368]
Drug Cost Problem (DRUG_P) 0.5757 0.111 5.168 0.000 [0.357,0.794]
Waiting Time Problem (WAIT_P) 0.3582 0.104 3.444 0.001 [0.154,0.562]
Health Insurance Cost (INS_COST) 0.1712 0.153 1.121 0.262 [-0.128, 0.471]
Health Problem (HLTH_P) -0.2138 0.144 -1.484 0.138 [-0.496, 0.068]
Copayment Problem (COPAY_P) -0.0080 0.093 -0.086 0.932 [-0.190, 0.174]
Note: Dependent Variable: OHS (1 = Dissatisfied, 0 = Satisfied).

Among the machine learning algorithms used in the
previous stage of the study, SVM stood out as the model
with the strongest prediction capacity. To overcome the
“black-box” nature of SVM and validate its results within
a robust theoretical framework, Logistic Regression was
employed as a parametric benchmark.

According to the results in Table 4, where the dependent
variable (OHS) is coded as 1=Dissatisfied and 0=Satisfied,
the model provides high inferential power. The variables
with the most dominant impact on the probability of
dissatisfaction were Examination Satisfaction (EXAM_S)
and Insufficient Health Staff (STAFF_P), both exhibiting
strong negative coefficients (B=-1.141 and B=-1.176,
respectively; p<0.001). These results indicate that
higher satisfaction with the examination process and an
adequate number of healthcare staff are the most critical
factors in reducing the risk of overall dissatisfaction.

Conversely, Examination Problems (EXAM_P) (B=0.503,
p<0.001) and Drug Cost Problems (DRUG_P) (B=0.576,

p<0.001) yielded the highest positive coefficients. This
confirms that as these process-oriented and financial
barriers increase, the likelihood of a patient being in the
“Dissatisfied” category rises significantly. Furthermore, the
significance of Waiting Time Problems (WAIT_P) (B=0.358,
p=0.001) reinforces the conclusion that operational speed
is a non-negligible determinant of patient judgment.

The alignment between these logistic regression
coefficients and the SHAP value distribution (Figure 2)
ensures that the model is not only predictive but also
inferentially consistent. For instance, the negative impact
of Gender (B=-0.649, p<0.001) and the positive effect of
Hospital Visit Frequency (B=0.128, p=0.044) provide a
more nuanced understanding of the demographic drivers
of satisfaction. In summary, the consistent directions
of both the problem-focused and satisfaction-focused
variables across different models confirm the reliability of
the study’s findings regarding the primary pain points in
healthcare delivery.
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Discussion and Conclusion

Machine learning is a significant tool that enables
computers to acquire the ability to learn without explicit
programming (15). This provides a major advantage
in complex problem areas where predefined rules are
insufficient (16). Machine learning models automatically
discover hidden patterns from large samples,
outperforming classical statistics in processing high-
dimensional data such as medical records and repeatedly
improving their performance as they adapt to new data
(17). In this study, factors affecting dissatisfaction with
healthcare services in Turkey were comprehensively
analysed using machine learning and logistic regression
methods. The findings reveal that demographic
characteristics, socioeconomic status, and service delivery
variables form a multidimensional and complex network
of interactions that influence patient satisfaction. The
capacity of machine learning models to uncover hidden
patterns in high-dimensional data has significantly
increased the interpretability and reliability of results
obtained using classical statistical methods.

In the logistic regression analysis conducted within the
scope of machine learning, dissatisfaction with healthcare
services (OHS = 1) was considered as the dependent
variable. According to the findings, the variables of
age, gender, health satisfaction scale, frequency of
hospital visits, examination problems, hygiene problems,
examination  satisfaction, insufficient  healthcare
personnel, medication cost problems, and waiting time
problems were found to be statistically significant.

When demographic variables are evaluated, it is revealed
that the variables of gender (GEN) and age (AGE) are
statistically significant. The negative coefficient of
the age (AGE) variable indicates that the likelihood of
dissatisfaction decreases as age increases. This situation
can be explained by the relatively lower expectations
of individuals in older age groups regarding health
services or their higher level of adaptation to the health
system. The negative and highly significant level of the
gender (GEN) variable indicates that women have a lower
probability of dissatisfaction compared to men. This
finding may be related to women developing a more
harmonious interaction with the system due to their
more frequent use of healthcare services or to differences
in their expectations. Some studies in the literature prove
the relationship between age and gender variables and

satisfaction with healthcare services and support our
findings (18-21).

The fact that the coefficient directions obtained from the
logistic regression model show complete alignment with
SVM-based SHAP analyses confirms that the model has
both high predictive performance and high inferential
validity. In particular, the fact that the FEE_P, WAIT_P and
EXAM_Svariables have the highestimportanceand impact
levels in both analytical approaches clearly demonstrates
the decisive role of financial burden, waiting times and
the examination process in the healthcare experience. The
fact that problem-focused variables have positive SHAP
values in the SHAP summary graphs strongly supports the
dissatisfaction-increasing effect of these variables.

According to the model results, variables related to the
examination process are the strongest determinants of
dissatisfaction. The negative and high coefficient of the
Examination Satisfaction (EXAM_S) variable indicates that
the quality of doctor-patient interaction, communication
level, and the effectiveness of the clinical process play a
critical role in patient perception. The negative coefficient
of the Satisfaction (EXAM_S) variable, which falls under
Staff and Relationship Quality, indicates that examination
satisfaction significantly reduces the likelihood of general
dissatisfaction with healthcare services. This confirms
that positive clinical interactions are a primary factor
in preventing negative patient outcomes. It is stated
that if healthcare providers wish to minimise patient
dissatisfaction, they should encourage their doctors
to spend more time with patients and show genuine
interest in their problems (28). Conversely, the positive
coefficients of the Examination Issues (EXAM_P) and
Waiting Issues (WAIT_P) variables reveal that operational
process disruptions directly trigger patient dissatisfaction.
Waiting times are considered one of the most critical
factors driving negative patient experiences (25). For
example, in Peru, both waiting and examination times
were found to be key determinants of overall patient
satisfaction (26). These findings suggest that process
management and effective planning of patient flow in
service delivery are fundamental elements in improving
healthcare quality. Another factor affecting overall
dissatisfaction with healthcare services is Hygiene Issues
(HYG_P). Hygiene issues (HYG_P) also received a positive
coefficient, indicating that deficiencies in physical
facilities and cleanliness significantly increase the risk
of ‘dissatisfaction’ This is consistent with findings that
patients prioritise the cleanliness of hospital facilities,
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such as toilets and common areas, as key indicators of
quality (27).

The Health Satisfaction Scale (HSS) has a positive
coefficient. This result indicates that as the general
perception of health deteriorates, the likelihood of
dissatisfaction with healthcare services increases.
Individuals’ negative perceptions of their general health
status may lead them to evaluate the service provided
more critically. The positive and significant nature of the
Hospital Visit Frequency (HVF) variable indicates that the
risk of dissatisfaction increases among individuals who
visit healthcare institutions more frequently. This situation
can be explained by the fact that individuals who have
more contact with the healthcare system experience
systemic failures more intensely and become more aware
of them.

One of the noteworthy findings of the study is the high
impact level of the Health Personnel Shortage (STAFF_P)
variable. The coefficient of this variable indicates
that shortages in personnel numbers and quality are
among the factors that most sharply increase the risk of
dissatisfaction across the system. This finding highlights
that human resource planning and workload distribution
in the healthcare system are critical not only in terms of
service efficiency but also in terms of patient satisfaction.
Furthermore, this finding is consistent with research
findings showing that it is vital in reducing patient
dissatisfaction levels and improving the overall perception
of healthcare services (29).

When examining the economic dimension, the high
positive coefficient of the Drug Price Issues (DRUG_P)
variable indicates that drug costs are a significant source of
dissatisfaction for patients. Perceptions regarding the cost
of healthcare services greatly influence patient outcomes.
This result highlights the negative impact of out-of-
pocket healthcare expenditures on patient perceptions
and points to the need to strengthen financial protection
mechanisms. Similarly, the decisive role of financial
burden on patient satisfaction is consistent with findings
in the literature (30).

Overall, the results of this study reveal that patient
satisfaction is shaped not only by clinical service
quality but also by the holistic impact of organisational,
economic, and sociodemographic factors. The combined
use of machine learning and classical statistical methods
offers the potential to produce more accurate, reliable

and policy-guiding results in the field of healthcare
management. In this context, it can be said that policies
aimed at reducing waiting times in the healthcare system,
improving clinical processes, increasing staff competence
and reducing drug costs are priority areas for intervention
in increasing patient satisfaction.
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