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INTRODUCTION

Hospital Management Information Systems (HMIS) play an important role
in improving healthcare services and supporting operational efficiency in
hospitals (Aldali, 2024; Van et al., 2020). One of the major challenges in hospital
appointment management is patient no-show, which occurs when patients fail to
attend scheduled appointments without prior notification. This issue causes
inefficient physician utilization, increased idle service time, operational losses,
and reduced healthcare service effectiveness.

Patient no-show has become a significant concern in healthcare
management because it directly affects scheduling systems, medical resource
allocation, and hospital financial performance. Hospitals require effective
strategies to predict patient attendance behaviour to minimize operational
inefficiencies. Along with the rapid development of artificial intelligence and
machine learning technologies, healthcare data can be utilized to identify
patterns and predict patient behaviour more effectively.

Machine learning techniques have been widely applied in healthcare
analytics for disease prediction, patient monitoring, and healthcare decision
support systems. In appointment management systems, machine learning
models can analyse historical appointment data to predict the likelihood of
patient no-show. Such predictive systems may help hospitals optimize
appointment scheduling and improve healthcare service quality.

This study aims to implement a machine learning-based approach for
predicting patient no-show in hospital appointment systems using the Decision
Tree algorithm. The study also seeks to analyse patient appointment patterns and
evaluate the performance of the developed prediction model.

LITERATURE REVIEW
Hospital Management Information System

Hospital Management Information Systems are integrated systems
designed to manage healthcare services, patient administration, medical records,
and operational processes within hospitals (Olamijuwon & Zouo, 2024; Sarla,
2024; Shiyanbade, 2024). HMIS supports decision-making processes by
providing accurate and timely information for healthcare management.

Effective appointment management within HMIS is essential to ensure
optimal physician utilization and patient service quality. However, patient no-
show remains one of the major operational challenges in healthcare systems.
Machine Learning in Healthcare

Machine learning is a branch of artificial intelligence that enables systems
to learn patterns from historical data and make predictions automatically (Anjum
et al., 2021; Hassan, 2024; Tenepalli & Navamani, 2024). In healthcare, machine
learning has been applied in disease diagnosis, healthcare analytics, patient risk
prediction, and operational management.

Several studies have demonstrated that machine learning algorithms can be
utilized to predict patient no-show behavior based on historical appointment
data. Prediction models can assist hospitals in reducing scheduling inefficiencies
and improving healthcare resource management.
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Decision Tree Algorithm

Decision Tree is a supervised machine learning algorithm commonly used
for classification tasks. The algorithm creates a tree-like structure based on
decision rules derived from training data. Decision Tree is widely used because
it is easy to interpret and capable of handling categorical data effectively (Bodria
et al., 2023; Liu, 2022; Nagahisarchoghaei et al., 2023).

In healthcare analytics, Decision Tree algorithms have been successfully
applied for patient classification, disease prediction, and healthcare operational
analysis.

Hypothesis

H1: Machine learning can be used to predict patient no-show in hospital
appointment systems.

H2: Appointment schedule characteristics influence patient no-show behavior.
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Hypotheses
H1 : Machine learning can be used to predict patient no-show in hospital appointment systems.
H2 : Appointment schedule characteristics influence patient no-show behavior.

Figure 1. Conceptual Framework for Patient No-Show Prediction Using
Machine Learning

METHODOLOGY
Dataset
The dataset used in this research consists of 200 hospital appointment records
with the following variables:
Table 1. Variables of Hospital Appointment Dataset

Variable Description
appointment_id Appointment ID
patient_id Patient ID
doctor_id Doctor ID
appointment_date Appointment date
appointment_time Appointment time
reason_for_visit Reason for visit
status Appointment status
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The appointment status includes:
e Completed
e No-show
e Scheduled
e Cancelled
For machine learning implementation, the study focused only on Completed and
No-show records.
Research Stages
The research stages consist of:

RESEARCH STAGES

o © @

Data Exploratory Data Feature Data Model Model
Collection Data Analysis Preprocessing Engineering Encoding Development Evaluation
(EDA)
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from the Hospital understand values, remove transform existing numerical format using training using metrics

Information System patterns, distributions, duplicates, and features to improve suitable for data. and validate the
(SIMRS). and relationships. prepare the data model performance. machine learning results.
for modeling. algorithms.

Figure 2. Research Stage

Exploratory Data Analysis
EDA was conducted to analyze the characteristics of the appointment data and
identify no-show patterns.
The analysis showed that the dataset contains:

e 52 No-show records

e 46 Completed records

e 51 Scheduled records

e 51 Cancelled records
The hospital appointment dataset also contains 10 doctors and 48 patients.
Further analysis showed that Wednesday had the highest number of no-show
appointments. Additionally, no-show appointments were more frequent during
Morning and Afternoon sessions.

Data Preprocessing

Data preprocessing was conducted to prepare the dataset before
implementing the machine learning model. This stage included data cleaning,
transformation, and feature preparation to improve data quality and model
performance. First, the dataset was checked for missing values and duplicate
records to ensure data consistency. The appointment date and appointment time
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variables were transformed into appropriate datetime formats to facilitate
temporal analysis.

Furthermore, feature engineering was performed by generating
additional variables, including day_name, hour, and session. The session
variable was categorized into Morning, Afternoon, and Evening based on
appointment time. The study also focused only on appointment records with
Completed and No-show status, while Scheduled and Cancelled records were
excluded from the modeling process.

Categorical variables such as doctor_id, reason_for_visit, day_name, and
session were converted into numerical representations using one-hot encoding.
Finally, the dataset was divided into training and testing data using an 80:20 ratio
before implementing the Decision Tree algorithm for patient no-show prediction.

Machine Learning Model

This study implemented the Decision Tree algorithm to predict patient no-
show behavior in hospital appointment systems. The Decision Tree algorithm
was selected because of its ability to handle categorical data effectively and
provide interpretable classification results. The model was developed using
appointment-related variables extracted from the hospital appointment dataset.

Before model training, the dataset was divided into training and testing
data using an 80:20 ratio. The training dataset was used to build the prediction
model, while the testing dataset was utilized to evaluate model performance.
Several appointment-related features were used as input variables, including
doctor_id, reason_for_visit, day_name, and session. These variables were
selected because they represent appointment schedule characteristics and
healthcare service patterns that may influence patient attendance behavior.

The Decision Tree model was trained to classify appointment status into
two categories, namely Completed and No-show. After the training process, the
model performance was evaluated using accuracy, precision, recall, and F1-score
metrics to measure the effectiveness of patient no-show prediction.

Model Evaluation

The performance of the Decision Tree model was evaluated using several
classification metrics, including accuracy, precision, recall, and Fl-score.
Accuracy was used to measure the overall correctness of the prediction model,
while precision measured the model’s ability to correctly identify no-show
patients among all predicted no-show cases. Recall was utilized to evaluate the
model’s capability to detect actual no-show patients, which is important in
hospital operational management to minimize appointment inefficiencies. In
addition, the Fl-score was used to provide a balanced evaluation between
precision and recall. These evaluation metrics were applied to the testing dataset
to assess the effectiveness of the machine learning model in predicting patient
no-show behavior within the hospital appointment system.
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RESEARCH RESULT
Exploratory Data Analysis Results
The distribution of appointment status is shown in Figure 1.

Appointment Status Distribution
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Figure 3. Distribution of Hospital Appointment Status
Figure 1 illustrates the distribution of appointment status in the hospital
appointment dataset. The results show that the dataset contains four
appointment categories, namely Completed, No-show, Scheduled, and
Cancelled. The No-show category represents a considerable portion of the
dataset, indicating that patient no-show is a relevant issue in hospital
appointment systems.
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Figure 4. No-show Appointments by Doctor
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Figure 4 presents the distribution of no-show appointments based on
doctor identification. The results indicate that several doctors experienced higher
no-show frequencies compared to others. Doctor D005 recorded the highest
number of no-show appointments, followed by D003 and DO001. This finding
suggests that appointment attendance behavior may vary depending on
physician-related factors and appointment scheduling patterns.
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Figure 5. No-show Appointments by Day
Figure 5 illustrates the distribution of no-show appointments based on
appointment days. The analysis shows that Wednesday had the highest number
of no-show appointments compared to other days. This result indicates that
appointment schedules may influence patient attendance behavior in hospital
appointment systems.
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Figure 6. No-show Appointments by Session
Figure 6 shows the distribution of no-show appointments based on

appointment sessions. The Morning and Afternoon sessions recorded higher no-
show frequencies than the Evening session. This finding suggests that
appointment time characteristics may affect patient attendance behavior.
Decision Tree Model Results
The Decision Tree model was successfully implemented to predict patient no-
show behavior in hospital appointment systems. The model was trained using
appointment-related variables including doctor_id, reason_for_visit, day_name,
and session. Overall model accuracy: 60%

Table 2. Decision Tree Evaluation Results

‘ Metric H Class 0 H Class 1 ‘
| Precision || 0.70 | 0.50 |
| Recall | 0.58 | 0.62 |
‘ Fl-score H 0.64 H 0.56 ‘

DISCUSSION

The implementation of machine learning for patient no-show prediction
demonstrates that hospital appointment data can be utilized to identify patient
attendance behavior patterns (Aghaeifar et al., 2023, 2023; Hartmann et al., 2024).
Based on the exploratory data analysis results, the dataset contained a
considerable number of no-show appointments, indicating that patient no-show
is a relevant operational issue in hospital appointment systems. This condition
may affect physician utilization, appointment scheduling efficiency, and
healthcare service quality.

The exploratory analysis also revealed several important patterns related to
patient no-show behavior. The analysis based on doctor identification showed
that certain doctors experienced higher no-show frequencies than others. This
finding suggests that physician-related factors and appointment management
characteristics may influence patient attendance behavior. In addition, the

768



International Journal of Education and Life Sciences (IJELS)
Vol. 4 No. 6 (2026): 761-772

analysis of appointment days demonstrated that Wednesday recorded the
highest number of no-show appointments, indicating that appointment
schedules may affect patient attendance patterns.

Furthermore, the analysis based on appointment sessions showed that
Morning and Afternoon sessions experienced higher no-show frequencies
compared to Evening sessions (Aghaeifar et al., 2023; Barrera et al., 2020;
Berquedich et al, 2020). This result indicates that appointment time
characteristics may contribute to patient attendance behavior in hospital
appointment systems. These findings support the second hypothesis stating that
appointment schedule characteristics influence patient no-show behavior.

The Decision Tree algorithm was successfully implemented to classify
patient appointment status into Completed and No-show categories. The model
achieved an accuracy of 60%, indicating moderate classification performance.
Although the overall accuracy was relatively moderate, the model demonstrated
acceptable recall performance for detecting no-show patients. In healthcare
operational management, recall is considered important because hospitals need
to identify potential no-show patients in order to reduce scheduling inefficiencies
and minimize idle physician time.

Several factors may have influenced the model performance obtained in this
study. First, the dataset size was relatively small, consisting of only 200
appointment records. Limited data may reduce the model’s ability to learn
complex attendance behavior patterns. Second, the study used limited variables,
mainly appointment-related features such as doctor_id, reason_for_visit,
day_name, and session. Additional variables such as patient demographics,
payment methods, previous appointment history, and waiting time may
improve prediction performance in future studies.

Despite these limitations, the findings indicate that machine learning has
strong potential for implementation in Hospital Management Information
Systems (HMIS). Predictive models for patient no-show may assist hospitals in
improving appointment scheduling efficiency, optimizing healthcare resource
allocation, and supporting operational decision-making processes. The results of
this study are also consistent with previous healthcare analytics studies
indicating that machine learning can support predictive analysis and operational
optimization in healthcare environments.

CONCLUSIONS AND RECOMMENDATIONS

This study successfully implemented a machine learning approach for
predicting patient no-show in hospital appointment systems using the Decision
Tree algorithm. The research results demonstrate that hospital appointment data
can be utilized to identify patient attendance behavior patterns and support
predictive analytics in healthcare management systems.

The exploratory data analysis revealed that patient no-show represents a
considerable portion of the appointment dataset, indicating that no-show
behavior is a relevant operational issue in hospital services. The analysis also
showed that appointment schedule characteristics, including doctor assignment,
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appointment day, and appointment session, may influence patient attendance
behavior.

The Decision Tree model achieved an accuracy of 60%, indicating moderate
classification performance in predicting patient no-show behavior. Although the
model performance was relatively moderate, the findings demonstrate that
machine learning has the potential to support hospital operational management
by identifying potential no-show patients and improving appointment
scheduling efficiency.

This study recommends that future research should utilize larger datasets
and include additional variables such as patient demographics, payment
methods, medical history, and previous appointment behavior to improve
prediction performance. Future studies are also encouraged to compare multiple
machine learning algorithms and integrate predictive models into Hospital
management Information Systems (HMIS) and healthcare decision support
systems.

Advanced Research

This study has several limitations that may influence the performance of the
machine learning model. The dataset used in this research was relatively small
and contained limited appointment-related variables. As a result, the Decision
Tree model achieved moderate prediction performance. Future research is
recommended to utilize larger and more diverse healthcare datasets in order to
improve model generalization and prediction accuracy.

Further studies may also include additional variables such as patient
demographics, waiting time, insurance type, payment methods, medical history,
and previous appointment attendance behavior. The inclusion of these variables
may provide a deeper understanding of patient no-show patterns and improve
predictive performance.

In addition, future research may compare multiple machine learning
algorithms such as Random Forest, XGBoost, Support Vector Machine, and
Neural Networks to identify the most effective prediction model for healthcare
appointment systems. Advanced healthcare analytics approaches, including
deep learning and ensemble learning methods, may also be explored.

Future studies are also encouraged to integrate machine learning prediction
models into Hospital Management Information Systems (HMIS) and healthcare
dashboards to support real-time operational decision-making. Moreover, graph
database technologies such as Neo4j and knowledge graph approaches may be
implemented to analyze relationships among patients, physicians, appointments,
and healthcare services in a more comprehensive manner.
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