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Abstract

Idiopathic pulmonary fibrosis (IPF) ranks among the most frequent forms of interstitial lung disease and is characterized by
progressive scarring (fibrosis) of lung tissue. Affected individuals are generally advised to pursue lung transplantation; failure
to do so often leads to ongoing, irreversible pulmonary deterioration and eventual mortality. With advanced, irreversible
damage, reliable forecasting of patient survival becomes critically important. Conventional clinical approaches typically lack
robust predictive instruments for this purpose. Nevertheless, the proven capacity of artificial intelligence to address complex
medical scenarios has opened the door to mortality prediction through machine learning methodologies. The present study
introduced a soft voting ensemble classifier based on the 30 most informative clinical features to estimate mortality risk in
patients diagnosed with idiopathic pulmonary fibrosis. Five distinct machine learning models were integrated for this task:
random forest (RF), support vector machine (SVM), gradient boosting machine (GBM), XGBoost (XGB), and multi-layer
perceptron (MLP). Integration of the classifiers via the soft voting ensemble yielded an accuracy of 79.58%, sensitivity of 86%,
F1-score of 84%, prediction error of 0.19, and responsiveness of 0.47. Conclusions: The developed model can assist physicians
in clinical decision-making, longitudinal disease monitoring, and risk mitigation. Ultimately, it supports efforts to lower
mortality rates, optimize patient health status, and improve risk stratification.
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Introduction

Idiopathic pulmonary fibrosis (IPF) falls within the
broader category of interstitial lung diseases (ILDs), a
diverse group of pulmonary parenchymal disorders
marked by varying degrees of fibrosis and inflammation
[1]. Among these conditions, IPF is the most frequent and
clinically aggressive subtype. It is characterized by
failure,

relentless progression toward respirator
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continuous worsening of pulmonary function, and
substantial mortality rates [2]. While some patients
exhibit identifiable triggers, a considerable proportion of
IPF cases arise without any clear underlying cause [3, 4].
Although environmental exposures (such as air
pollution), certain  pharmacological agents, and
infectious processes can increase the likelihood of
developing IPF, the fundamental mechanisms
responsible for the disease remain poorly understood [5,
6]. Established risk factors include advancing age, sex,
hereditary elements, tobacco use, and gastro-oesophageal
reflux disease [5, 7]. Typical presenting features involve
a persistent dry cough and progressive shortness of breath
on exertion. Affected individuals often report
pronounced fatigue, unintended weight loss, and joint
and muscle discomfort. After diagnosis, patients require
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regular clinical oversight. No definitive cure is currently
available; therefore, management centers on vigilant
monitoring and supportive care [8]. Existing
interventions primarily relieve breathing difficulties or
slow functional decline. Consequently, patients must
adapt to living with this chronic and debilitating illness.
In cases of advanced lung destruction, lung
transplantation offers the potential to extend life
expectancy [9]. However, the high cost of this procedure
leaves many patients without viable options, exposing
them to fatal outcomes. Mortality associated with IPF
remains elevated. Historical analyses conducted by Ref.
[10] indicate a median post-diagnosis survival period of
roughly 2-3 years. Supporting these findings, Ref. [11]
documented mortality rates of approximately 64.3 deaths
per million among men and 58.4 deaths per million
among women. Investigations by Ref. [12] further
emphasize the heightened vulnerability of adults aged
sixty years and above. Despite considerable research
efforts, prognostication in IPF continues to pose
difficulties for clinicians, since baseline pulmonary
function parameters alone prove inadequate for reliably
forecasting mortality [13].

The expanding role of digital health technologies and
artificial  intelligence  (Al)  applications  holds
considerable promise for improving the longitudinal care
of individuals diagnosed with IPF. For example, Bhatt et
al. [14] introduced an Al-enabled federated learning
system designed for stroke risk prediction in a Healthcare
4.0 environment underpinned by 5G connectivity, with
potential integration into wearable platforms for
continuous cardiac  surveillance. In a related
development, author [15] created Eboost, a new Al-based
tool for forecasting COVID-19 outcomes. Likewise, Ref.
[16] proposed an integrated framework merging Al with
computer vision techniques to enable real-time
surveillance, adherence monitoring, and mitigation of
infectious disease transmission. The medical literature
contains extensive work on predictive modeling for
various pulmonary and respiratory disorders, including
IPF.

In earlier periods, IPF diagnosis relied predominantly on
conventional techniques that were often laborious, only
modestly effective, and limited in diagnostic precision. A
representative non-data-driven strategy, grounded in
statistical techniques such as regression or Cox
proportional hazards modeling, was advanced by Refs.
[13] and [17]. Numerous additional initiatives have been
undertaken, yet many have fallen short in delivering

robust accuracy or practical utility. Al methodologies
now offer new opportunities to assess disease severity
and predict survival probabilities in IPF. Sophisticated Al
detection algorithms allow healthcare professionals to
identify IPF cases with greater precision and speed [18].
Beyond early identification, Al-supported diagnostic
tools equip patients with better strategies to control their
condition and sustain an acceptable quality of life [18].
One notable example is the Fibresolve platform, which
has exhibited strong performance as a complementary
diagnostic aid, attaining 87% specificity and
outperforming standard approaches in sensitivity [19].
Similarly, the ZCoR-IPF instrument uses comorbidity
profiles extracted from clinical records to improve
diagnostic accuracy, supporting earlier recognition of
IPF and initiation of appropriate therapies [20]. By
identifying intricate patterns in clinical datasets and
evaluating longitudinal medical histories, Al systems
offer a compelling pathway toward more reliable and
efficient IPF diagnosis. This advancement facilitates
earlier clinical intervention and improved long-term
patient prognosis [21].

The current investigation applies artificial intelligence
techniques, notably machine learning (ML) algorithms,
to forecast mortality risk in IPF patients. The resulting
model is designed to function as a practical decision-
support instrument for clinicians, enabling more
informed management, effective risk stratification, and
ultimately reduced mortality. Unlike prior statistically
oriented models, the proposed framework is fully data-
driven and ML-based, promising superior reliability,
effectiveness, and predictive performance.

The structure of this paper is as follows: Section 2
surveys relevant prior studies. Section 3 details the data
acquisition process and the methodological approach
adopted. Section 4 reports the findings generated by the
proposed model. Finally, Sections 5 and 6 discuss the
results and overall conclusions, respectively.

Related work

In recent years, investigators have examined the clinical
status of patients with idiopathic pulmonary fibrosis
(IPF) to identify episodes of disease exacerbation and to
estimate survival probabilities. A wide range of
methodologies and techniques have been applied to
tackle these challenges. This section reviews selected
prior studies on IPF management.

Evgeni et al. [22] examined the use of artificial
intelligence (Al) methods, including machine learning,
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within respiratory medicine. The authors concluded that
although Al cannot fully substitute for physicians, such
models serve as valuable adjuncts in clinical decision-
making, enhancing patient care while minimizing human
error and reducing treatment expenses. Al has emerged
as a promising approach for resolving various healthcare
challenges. This perspective was reinforced by a
systematic review by S. Soffer et al. [23], which
emphasized Al’s contribution to assessing interstitial
lung disease (ILD) on chest computed tomography. Their
analysis demonstrated that Al has transformed medical
image interpretation, thereby advancing the quality of
care for patients with ILD.

More recently, Mékeld et al. [24] introduced an Al model
based on a convolutional neural network (CNN) that can
quantify fibroblast foci and inflammatory cells. Tested on
a cohort of 71 IPF patients, the model successfully
identified histological features that are challenging to
measure manually, providing new insights for prognostic
evaluation. In a comparable effort, Handa et al. [25]
developed an Al-driven system for analyzing chest
computed tomography scans in IPF. This approach
supplemented conventional gender, age, and lung
physiology variables with imaging data to improve
prediction of disease exacerbation. Yu et al. [26]
constructed a machine learning model using a hybrid
algorithm  combining quantum  particle  swarm
optimization and random forest (QPSO-RF) in a study
involving 50 IPF patients. The model achieved an overall
accuracy of 82.1% in forecasting disease progression
from computed tomography data. Employing lung CT
scans from IPF patients, Mandal et al. [27] identified the
most suitable machine learning model for predicting lung
function in advanced disease stages. The system
evaluated multiple ML algorithms, generated confidence
scores, and estimated final forced vital capacity values
for individual patients. Ziyuan Wang [28] applied a deep
learning (DL) strategy to automatically predict IPF. The
model utilized a DenseNet neural network architecture,
integrating CT scan images with clinical variables to
forecast changes in lung function and to determine the
presence of IPF. These investigations primarily relied on
medical imaging, particularly CT scans.

Although CT imaging has been extensively used for
diagnosis, some studies have explored using clinical data
alone to assess IPF. For example, Shi et al. [26]
introduced a soft-voting ensemble model to predict IPF
severity early. This ensemble combined three base
classifiers (GBM, RF, and XGB), attaining an accuracy

of 71%, precision of 64%, recall of 71%, and F1 score of
66%. The model helps clinicians and patients evaluate
disease severity in early phases, supporting more
effective disease management. This study uses the same
dataset but focuses on predicting patient survival. It
incorporates comprehensive feature engineering and
detailed model evaluation to enhance predictive
performance and reliability. Additional research on
mortality prediction in IPF includes Wu et al. [29], who
developed the CTPF risk prediction model. This model
was trained on CT images alongside physiological
parameters such as FVC, DLco, SpO2, age, and gender
using deep learning techniques. Results indicated a
positive association between high-risk classification and
increased mortality. Thillai et al. [30] also addressed
mortality prediction in IPF patients through CT scan
analysis. Their objective was to automate imaging
biomarker  extraction via deep learning-based
segmentation, achieving over 97.8% success across
training sets and revealing a strong correlation with
forced vital capacity (FVC), a key measure of pulmonary
function. The resulting tool enables rapid CT
segmentation and provides accurate short- and long-term
prognostic assessments.

In contrast to these earlier approaches, the current
method relies solely on clinical data to predict survival in
IPF patients, using the dataset’s reported average survival
duration as a reference. Extensive data preprocessing and
feature engineering were performed to ensure data
integrity and model robustness. Given the critical
implications of survival predictions for patient outcomes,
a rigorous performance evaluation was conducted to
confirm the validity and trustworthiness of the proposed
Al model’s results. The dataset’s characteristics further
distinguish this research and the developed methodology,
as elaborated in subsequent sections.

Materials and Methods

This section details the materials and methodological
framework adopted for the current investigation.

Data source and implementation environment

The data for this study were drawn from the Korean
Interstitial Lung Disease Cohort (KICO). The cohort
includes records from 2424 patients and incorporates 502
distinct features associated with IPF. All individuals
provided informed consent to participate. The dataset
offers extensive patient profiles covering demographic
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details, prior medical evaluations related to IPF,
pharmacological histories, survival and mortality
outcomes, instances of disease exacerbation, pulmonary
function metrics, and various other clinical parameters.
While multiple strategies—from conventional statistical
techniques to advanced Al methods—have been applied
to IPF prediction, reliable analysis requires both
accessible high-quality data and suitable processing. Ali
et al. [31] previously analyzed this dataset with a
different focus, assessing disease severity and assigning
patients to one of four exacerbation classes (class 0 to
class 3). The present work, however, pursues a distinct
research direction by investigating survival and mortality
in IPF patients in relation to a variety of clinical
characteristics. These characteristics provide valuable
indications of patient condition and, in cases of death,
help clarify potential contributing factors, including
acute exacerbation, pneumonia, trans-infection or sepsis,
pulmonary embolism, lung cancer, heart disease, or heart
failure. The dataset is labeled with three outcome
categories: “Survival,” “Death,” and “Tracking Failed.”
The “Survival” category identifies patients who remained
alive, the “Death” category denotes those who died due
to IPF, and “Tracking Failed” refers to individuals
lacking sufficient follow-up data to establish a definitive
outcome. This study concentrates on predicting survival
versus mortality using clinical features and omits records
classified as “Tracking Failed,” given their limited utility
for determining patient status.

All computational experiments for model development
were conducted on a workstation operating under
Windows 10, featuring an Intel (R) Core (TM) i7-10700
processor and 16 GB RAM. Programming was
performed in Python 3.8 using the Jupyter Notebook

platform, with primary libraries consisting of

TensorFlow v2.13, Keras 2.13, and Scikit-learn.

Data preprocessing

Thorough preprocessing of the dataset is critical for
securing strong performance from Al models. Standard
preprocessing operations include managing missing
values, normalizing or scaling variables, selecting
features, and carefully including or excluding cases [32,
33]. The following subsections describe the key
preparatory procedures applied to the data.

Feature selection

Datasets with a large number of variables frequently
include features that add little predictive value and can
occasionally undermine model effectiveness. Feature
selection aims to retain only the most informative
attributes, thereby enhancing performance, lowering
model complexity, and decreasing computational
requirements [34, 35]. This study tested three prominent
feature selection approaches on this dataset: feature
importance ranking [36], recursive feature elimination
with cross-validation [37, 38], and the Boruta automated
selection method [39]. Recursive feature elimination
with cross-validation emerged as the most suitable
technique for the present data. This method is favored in
machine learning applications because it systematically
identifies relevant predictors while helping to prevent
overfitting. The procedure used a gradient boosting
classifier with 5-fold cross-validation, using accuracy as
the optimization metric to maximize correct
classifications. This technique identified an optimal
subset of 30 features, as shown in Figure 1.

Recursive Feature Elimination
with correlated features

Mean test accuracy

(o] 10

20

30 40

Number of features selected

Figure 1. Number of features vs. cross-validation scores.
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Complementing the algorithmic outcomes, discussions 30 most pertinent features based on their relative
with clinical specialists reinforced the selection of these  importance, as shown in Figure 2.
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Figure 2. Feature classification according to their importance.

Table 1 provides a brief overview of the 30 selected

features.
Table 1. Selected features and descriptions.
No. Feature Description Values
1 Ht Patient height Numerical
2 wit Patient weight Numerical
3 BMI Body mass index (BMI) Numerical
4 Age Patient age Numerical
. 1 = Housewife, 2 = Office worker, 3 = Commerce, 4 =
5 Job Occupational category Lo
Construction site
6 Smoking Smoking status 1 = Never smoked, 2 = Current smoker, 3 = Former smoker
7 DxAge Age at diagnosis Numerical
8 ABG_Done Arterial blood gas test performed 1 = Performed, 0 = Not performed
9 PET FEVM Forced expiratory volume _(measured) Numerical
- from pulmonary function test
10 PFT_FEVpc Predicted forced expiratory volume (%) Numerical
11 PFT_FVCm Measured forced vital capacity Numerical
12 PFT_FVCpc Predicted forced vital capacity (%) Numerical
13 PET FFpc Pulmonary function test free-flow Numerical
parameter
14 PET DLCOMm Measured diffusing capacity. of the lungs Numerical
- for carbon monoxide
15  PFT DLCOpC Predicted diffusing capacity of the lungs Numerical

for carbon monoxide

16  CT_UIPPattern UIP pattern identified on CT scan 1 = Definite, 2 = Probable, 3 = Inconsistent
17 CT_Honeycombing Presence of honeycombing on CT Yes=1,No=0
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18 CT_GGO_1 Presence of ground-glass opacity (GGO) Yes=1,No=0

19 BloodSampleYN Blood sample available Yes=1,No=0

20 PlasmaSampleYN Plasma specimen available Yes=1,No=0

21 SerumSampleYN Serum specimen available Yes=1,No=0

22 NTProBNPYN NT-proBNP assessment performed 1 = Performed, 0 = Not performed
23 NTProBNP NT-proBNP measurement Numerical

23 GAP_1 GAP stage classification Categorical

24 EchoYN Echocardiography performed 1 = Performed, 0 = Not performed
25 GAPIldx_1 GAP index classification Categorical

27 RxName

Prescribed medication (active ingredient)

0 = None, 1 = Corticosteroid, 2 = N-acetylcysteine, 3 =
Pirfenidone, 4 = Nintedanib

28 RxHomeYN Home oxygen therapy

Yes=1,No=0

29 Survival_FUMonths Follow-up duration (months)

Categorical

30 State Disease exacerbation status

0 = No exacerbation, 1 = First-stage exacerbation, 2 =
Second-stage exacerbation, 3 = Third-stage exacerbation

Data sampling

Data sampling constitutes a statistical procedure that
involves selecting, processing, and examining a
representative portion of a larger dataset to uncover
underlying patterns and trends. It is also an effective
strategy for managing class imbalance within datasets
[40, 41]. Class imbalance occurs when the distribution of
observations across target categories is uneven—in this
case, the “survival” class [32]. Such imbalance poses a
significant challenge because many machine learning
algorithms tend to overlook the minority class, even
though accurate recognition of this class is crucial for
overall model performance. To mitigate the imbalance in
the current dataset, we oversampled the minority class
using the Synthetic Minority Oversampling Technique
(SMOTE), a widely recognized and effective
oversampling method [41]. SMOTE generates synthetic
examples for the minority class by interpolating between
a given instance and one of its k-nearest neighbors,
thereby producing new data points that enhance class

representation. This technique has proven reliable for
creating balanced datasets [32] and helps improve model
learning by reducing bias associated with unequal class
distributions [41].

Proposed machine-learning model

The present study evaluated several machine learning
models to predict survival outcomes (survival or death)
among patients with IPF. Specifically, the following
established classifiers were implemented: multi-layer
perceptron (MLP), random forest (RF), support vector
machine (SVM), gradient boosting machine (GBM), and
XGBoost (XGB). These models were applied to
determine the survival and mortality status of IPF
patients with high accuracy. However, individual
classifiers may not always yield optimal results due to
variations in input hyperparameters. Table 2 summarises
the hyperparameters examined for each classifier along
with their assigned values, selected to construct a robust
and efficient predictive system.

Table 2. Specifications of the classifiers for IPF mortality risk prediction.

Classification model

Configured hyperparameters

Multi-Layer
Perceptron (MLP)

hidden_layer_sizes = (500,500,500), max_iter = 1000, random_state = 42

Random Forest

n_estimators = 500, criterion = 'gini', max_depth = 20, min_samples_split = 5, min_samples_leaf =

5, random_state = 0

Support Vector
Machine (SVM)

kernel ="linear', degree = 7, gamma = 5.9, C = 30, decision_function_shape = 'ovr', probability =
True, random_state =0

Gradient Boosting
Machine (GBM)

learning_rate = 0.1, n_estimators = 500, max_depth = 15, min_samples_split = 5, min_samples_leaf
=5, subsample = 1, max_features = 'sgrt’, random_state = 10

Extreme Gradient
Boosting (XGBoost)

objective = 'binary:logistic', learning_rate = 0.01, n_estimators = 500, max_depth = 15, gamma = 7,
colsample_bytree = 0.4, subsample = 0.9, scale_pos_weight = 2, reg_alpha = 0.1, silent = False,

random_state =0
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To leverage the strengths of multiple classifiers and
minimize the overfitting risk inherent in any single
model, we adopted a soft voting ensemble approach. This
technique integrates predictions from several base
classifiers to form a more effective overall model. Figure
3 illustrates the fundamental architecture of the proposed
ensemble classifier. In a soft voting ensemble, diverse
machine learning classifiers or varied training subsets are
combined to generate final predictions [32]. The
ensemble aggregates probability outputs from each

Pre-processing

IPF Raw
Dataset

<F Classifier 1

Classifier 2

constituent classifier before making a collective decision
on unseen data. The primary rationale for employing an
ensemble strategy is to reduce generalization error in
predictions. By combining diverse and independent base
learners, the approach limits individual model
weaknesses and yields more stable results. Although the
ensemble incorporates multiple base classifiers, it
operates as a unified predictive system. Ensemble
modeling represents a common and effective practice in
applied machine learning.

Class 1

Ensemble
Classifier

Class 2

Figure 3. Basic architecture of the proposed ensemble classifier with the arrows highlighting the participation of
different classifiers in determining the best predictor.

Performance evaluation metrics

The performance of the proposed ELIPF model was
assessed using several key indicators, including model
accuracy (A+), sensitivity or recall (R+), average
precision (P+), F1-score (F1), reliability and error-related
measures (MSE, MCC, K, and ROC-AUC), as well as
response time or latency (Time). Brief explanations of
these evaluation metrics are provided in Eq. (1)-Eq. (8).
Accuracy represents the overall correctness of the ELIPF
model in classifying both “Survived” and “Death”
outcomes. It is computed as shown in Eq. (1) and reflects
the proportion of correct predictions across all cases.

TP + TN

1
TP + TN + FP + FN @

Accuracy (A1) =

TP: True Positive; TN: True Negative; FN: False
Negative; FP: False Positive.

Recall (also known as sensitivity) quantifies the
proportion of actual positive cases that the model
correctly identifies. In this study, recall indicates how
effectively the model recognizes samples belonging to
each class. The average recall across classes was
calculated according to Eq. (2).

TP
= ——— 2
Recall (RY) TP + FN 2
Precision evaluates the proportion of positive predictions
that are actually correct. In this research, precision was
determined using Eq. (3) to gauge the reliability of the
model’s assignment of instances to particular classes.

TP

ision (P*) = ——— 3
Precision (P%) TP * FP 3
F1-Score (F1) provides a balanced single measure that
combines recall and precision. It is calculated via Eq. (4)
and accounts for both positive and negative samples,
applying a penalty for misclassifications within each
class.

Precision * Recall

F1— F1)= 2
Score (F1) * Precision + Recall 4)

To further assess the reliability and effectiveness of the
proposed model, we employed additional quantitative
metrics. These measures offer deeper insights into model
behavior and highlight areas for potential refinement.
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Mean Squared Error (MSE) quantifies the average
squared deviation between predicted and actual values,
as defined in Eq. (5) and Eq. (6).

Error; = Predicted; — Actual; ®)

- (Error;)?

MSE =Z
n

i=1

(6)

MSE is an important indicator of model reliability,
reflecting the model’s accuracy and capacity for
generalization. Lower MSE values correspond to higher
predictive reliability.

TP X TN) — (FN x FP
MCC ( )—( )

Matthews Correlation Coefficient (MCC) incorporates
true positives, true negatives, false positives, and false
negatives to provide a comprehensive evaluation of
binary classification performance. It provides a balanced
assessment even with class imbalance, making it
particularly suitable for the current study. Given the
dataset’s imbalanced nature, MCC was used to validate
classifier quality and complement insights from accuracy
and F1-score. By considering all elements of the
confusion matrix, MCC reveals the interrelationships
among the factors influencing the ELIPF model’s final
predictions. The coefficient is calculated as presented in

Eq. (7).

U]

Cohen’s Kappa Coefficient (K) assesses the level of
agreement  between  observed and  expected
classifications, accounting for chance agreement in

« 2 x (TP x TN — FN x FP)

- J(TP + FP) x (FP + TN) x (TP + FN) x (FN + TN)

~ (TP + FP) x (FP + TN) x (TP + FN) x (EN + TN)

Latency or Time (s) refers to the inference time required
by the ELIPF model to process input data and generate
predictions,  thereby  indicating the  model’s
responsiveness.

Process workflow

Figure 4 illustrates the complete workflow for
constructing the predictive system to classify IPF patients
into the two outcome categories—“Survived” and
“Death”—. The procedure consists of six primary phases,
several of which have been described in detail in
preceding subsections. These phases encompass data
acquisition, preprocessing, implementation of base
classifiers, development of the proposed ensemble
model, performance evaluation, and final prediction.
Clinical specialists gathered the IPF patient data, which
formed the basis of the dataset. During preprocessing,

classification tasks. It is derived from the values in the
confusion matrix.

®)

key operations such as feature selection and KNN
imputation were performed. The processed data were
subsequently partitioned into training and testing sets
using an 80:20 ratio in accordance with the Pareto
principle. Given the dataset’s inherent class imbalance,
which could lead to model overfitting, the Synthetic
Minority Oversampling Technique (SMOTE) was
applied to balance the classes. Multiple base classifiers
were trained on the balanced training data, from which
five models—MLP, RF, XGBoost, SVM, and Gradient
Boosting—demonstrated the strongest performance with
optimally tuned hyperparameters. These were integrated
into the ensemble model. The efficacy of the proposed
ensemble was assessed through metrics including
accuracy, recall, precision, confusion matrix, ROC, and
AUC to reliably distinguish between survival and
mortality states in IPF patients.

100
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Figure 4. Complete Process flow of the experiment.

Experimental results

Five machine learning classifiers were combined to form
an ensemble model capable of accurately predicting
survival outcomes in patients with IPF. The classifiers
were trained on 80% of the original dataset after
application of the SMOTE technique to address class
imbalance. Model performance was evaluated on the
remaining 20% reserved for testing, with the outcomes
summarised in Table 3.

Table 3. Comparative analysis of classifiers’

performance.

Classifiers  Accuracy Precision Recall FL-
Score
MLP 0.7622 0.8016 0.8412 0.8250
Random 7603 08105 0.8611 0.8300

Forest

XGBoost 0.7441 0.8624 0.7109 0.7864
SVM 0.7648 0.8232 0.8105 0.8103
GBM 0.7881 0.8135 0.8722 0.8401
SVE 0.7958 0.8261 0.8637 0.8420

The results indicate that the proposed soft voting
ensemble (SVE) model achieved superior overall
performance in distinguishing “Survival” and “Death”
states among IPF patients. It recorded an accuracy of
79%, sensitivity of 86%, and F1-score of 84.2%.
Although GBM attained a slightly higher recall of 87.2%
than SVE’s 86.3%, SVE performed better across most
evaluation metrics. Similarly, while XGBoost achieved

higher precision (86.2%), its accuracy (74%) and F1-
score (78.6%) were lower than SVE’s, confirming the
ensemble as the preferred model for this prediction task.
A confusion matrix further illustrates the model’s
classification performance in a two-dimensional format.
The x-axis denotes the actual classes (labeled 0 and 1,
corresponding to survival states), while the y-axis shows
the predicted labels. The diagonal elements represent
correct classifications for each category and align well
with expected performance levels. Figure 5 displays the
confusion matrix generated by the proposed soft voting
ensemble model.

Confusion Matrix

200
180
160
140

120

Tue label

100

& 8

00 10
Predicted label
Figure 5. Confusion matrix of our proposed
ensemble model.

As shown in Figure 5, the ELIPF model exhibited
limited misclassification, correctly identifying 211 cases
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as actual positives and 97 as actual negatives. These
outcomes confirm the model’s adequate capacity to
determine the clinical status of IPF patients.

Table 4 presents additional indicators of the proposed
model’s predictive reliability and efficiency relative to
the individual classifiers.

Table 4. Classifiers’ performance evaluation.

Classifiers Time (s) MSE MCC K
MLP 0.7154 0.2532 0.0107 0.5229
Random Forest 0.2720 0.4677 0.0327 0.0428
XGBoost 0.0339 0.2222 0.0160 0.0348
SVM 2.3360 0.2144 0.0120 0.0662
GBM 0.0166 0.3927 0.0197 0.0170
SVE 0.4740 0.1925 0.5555 0.58484

In terms of computational efficiency, the GBM recorded
the shortest inference time (0.0166 s), whereas the SVM
required 2.3360 s. The SVE achieved a latency of 0.4740
s. Although the GBM offered faster predictions, the SVE
demonstrated greater reliability in error reduction and
generalization, with an MSE of 0.1925, MCC of 0.555,
and K of 0.58484. Given the emphasis on precision in
health monitoring applications, the SVE—with its
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balanced latency of 0.4740 s—is more dependable and
effective than the GBM, which showed higher error
(0.3927) and lower generalization values (0.0197 and
0.0170).

To further confirm the superiority of the SVE model over
the constituent classifiers, the Area Under the Receiver
Operating Characteristic Curve (AUC-ROC) is presented
in Figure 6.

0.6 0.8 1.0

Flase Positive Rate

Figure 6. AUC-ROC of the proposed ensemble model.

The AUC-ROC curve graphically represents model
performance across various classification thresholds.

1

AUC — ROC = f TPR(x)dx )

0

It is computed as the integral of the true positive rate
(TPR) with respect to the false positive rate (FPR) from
0 to 1. This probability curve illustrates the trade-off

between sensitivity and specificity at different decision
thresholds. As evident in Figure 6, the SVE model
exhibits strong generalisability, achieving an AUC value
of 0.852 across multiple thresholds.

Results and Discussion

This study introduced a predictive framework for
determining “Survival” and “Death” outcomes in patients



103

J Med Sci Interdiscip Res, 2026, 6(1):93-106

Ben Youssef et al.

with idiopathic pulmonary fibrosis (IPF) based
exclusively on clinical data, rather than relying on CT
scan images as in several previous investigations [23, 42,
43]. Using data from the Korean Interstitial Lung Disease
Cohort (KICO) at Haeundae Paik Hospital, Busan, South
Korea, the research applied several advanced machine
learning algorithms to perform binary classification of
patient survival status. Performance varied across the
algorithms tested on the dataset. The five most effective
models—multi-layer  perceptron, random  forest,
XGBoost, support vector machine, and gradient
boosting—were selected and integrated into an ensemble
that surpassed the performance of any individual
classifier, as detailed in Table 3. Both soft and hard
voting ensemble strategies were examined. Hard voting
determines the final classification by majority vote
among the base models, whereas soft voting aggregates
the predicted probabilities from each classifier. The soft
voting approach was ultimately chosen due to its superior
results.

The proposed model was rigorously assessed using the
performance indicators presented in Table 3. The
findings show that the soft voting ensemble provides the
most effective solution for predicting survival outcomes
in IPF patients in this dataset, offering strong predictive
capability, reliability, and practical efficiency. Thus,
developing a robust early-warning system for mortality
risk assessment in IPF using machine learning and
readily available clinical features is feasible. In
comparison with related studies, the current work
specifically targets binary survival versus mortality
prediction, differing from approaches focused on
survival analysis. Moreover, the dataset consists solely of
clinical variables without accompanying imaging data,
which distinguishes this research. A notable limitation,
however, is that the model’s overall performance could
be further improved with a larger volume of data. High-
accuracy machine learning models generally require
extensive training samples, which were not fully
available in the present dataset. Future efforts will focus
on expanding the dataset, retraining the model, and
minimizing missing values during collection to improve
outcomes.

Conclusion
The present study developed a machine learning model

designed to identify “Survival” and “Death” states in IPF
patients utilizing clinical characteristics. The model

performs automated binary classification between these
two outcomes. Thirty highly relevant features were
selected from the dataset of 2424 patients through
recursive feature elimination to optimize model fit.
Preprocessing steps included imputing missing values
via the K-nearest neighbors method and correcting class
imbalance using the SMOTE oversampling technique.
Multiple base classifiers were evaluated on the prepared
data, and the five strongest performers were combined
into a soft-voting ensemble that delivered the highest
overall results. This ensemble achieved an accuracy of
79.58%, recall of 86%, and Fl-score of 84%,
outperforming the individual state-of-the-art classifiers
and providing reliable predictions and classifications.
The proposed model supports clinicians by facilitating
informed decision-making, effective disease monitoring,
reduced mortality risk, improved patient health
management, and better risk stratification. Future work
will involve gathering additional data and exploring more
advanced artificial intelligence methods, such as deep
learning, to further refine the model and increase
predictive accuracy.
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