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ABSTRACT
Objectives  In lung transplantation (LTx), a priority is 
assigned to each candidate on the waiting list. Our primary 
objective was to identify the key factors that influence the 
allocation of priorities in LTx using machine learning (ML) 
techniques to enhance the process of prioritising patients.
Design  Developing a prediction model.
Setting and participants  Our data were retrieved from 
the United Network for Organ Sharing (UNOS) open-source 
database of transplant patients between 2005 and 2023.
Interventions  After the preprocessing process, a feature 
engineering technique was employed to select the most 
relevant features. Then, six ML models with optimised 
hyperparameters including multiple linear regression, 
random forest regressor (RF), support vector machine 
regressor, XGBoost regressor, a multilayer perceptron 
model and a deep learning model were developed based 
on the UNOS dataset.
Primary and secondary outcome measures  The 
performance of each model was evaluated using R-
squared (R2) and other error rate metrics. Next, the 
Shapley Additive Explanations (SHAP) technique was used 
to identify the most important features in the prediction.
Results  The raw dataset contains 196 270 records with 
545 features in all organs. After preprocessing, 32 966 
records with 15 features remain. Among various models, 
the RF model achieved a high R2 score. Additionally, the 
RF model exhibited the lowest error values, indicating 
its superior precision compared with other regression 
models. The SHAP technique in conjunction with the RF 
model revealed the 11 most important features for priority 
allocation. Subsequently, we developed a web-based 
decision support tool using Python and the Streamlit 
framework based on the best-fine-tuned model.
Conclusion  The deployment of the ML model has the 
potential to act as an automated tool to aid physicians in 
assessing the priority of lung transplants and identifying 
significant factors that play a role in patient survival.

INTRODUCTION
Lung transplantation (LTx) is an advanced 
treatment option for patients suffering from 
end-stage lung disease. When no other treat-
ment options are available and the patient 
is likely to die, lung transplant surgery is 

suggested as a well-established treatment 
option.1 When a patient meets the inclusion 
criteria for transplantation, they are placed 
on a waiting list and assigned a priority. 
Various conditions may affect eligibility for 
LTx and the patient’s priority.2 In some coun-
tries, a score is assigned to each patient on 
the waiting list to enhance the recipient selec-
tion process.3 4 Understanding the most influ-
ential factors in priority allocation for LTx is 
beneficial for researchers worldwide, as it can 
improve post-transplant survival. Using data 
mining methods and developing forecasting 
models in this field could aid clinicians in 
uncovering hidden patterns and relationships 
within patient data and allocation scores.

Machine learning (ML) methods have been 
developed across various fields of clinical 
medicine to assist clinicians in predicting and 
classifying diseases.5 These methods are used 
to predict the length of stay in the intensive 
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Artificial Intelligence techniques, specifically the 
Shapley Additive Explanations method.

	⇒ Understanding the factors influencing the deter-
mination of lung transplant priority could support 
clinicians in designing treatment plans and thus 
improving the quality of life of patients.

	⇒ Deploying the developed machine learning model in 
the form of a decision support system increases its 
applicability in clinical practice.

	⇒ The model was validated on the United Network 
for Organ Sharing dataset but requires external 
validation across diverse populations and health-
care systems to ensure generalisability and clinical 
applicability.
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care unit, diagnose septic infection6 and extract disease 
patterns from big data.7 8 Nevertheless, there is a lack of 
studies on the development of predictive models and 
identification of important features using ML methods 
to predict LTx priority.9 10 Thus, the primary objective of 
this study was to use ML techniques to identify the most 
influential factors that strongly impacted outcomes based 
on various developed ML methods to predict the priority 
using clinical and demographic data.

METHODS
Throughout this section, the process of developing, 
comparing and evaluating ML models is shown schemat-
ically in figure  1. Python programming language, V.10, 
was used in this study for developing and validating ML 
algorithms. For data preprocessing, Numpy and Pandas 
modules were employed, while the scikit-learn library was 
used for developing supervised classifier algorithms.

Dataset description and data retrieval
The data for this study were obtained from the UNOS 
online database.11 On receiving written permission from 
UNOS, we accessed the recorded data pertaining to 
LTx for our research. Our study included patients over 
18 years old with end-stage lung disease who underwent 
lung transplants between 2005 and 2022. We performed 
a waiting list analysis using all available data entries from 
the UNOS database for our study.

The priority of candidates on the waiting list was consid-
ered as the outcome, while the clinical and demographic 

characteristics of patients were considered as features or 
predictors.

Preprocessing process
Data preprocessing is a crucial step in ML techniques, 
especially when dealing with raw data from clinical data-
bases or medical records that often contain missing or 
unclear information. To ensure the development of more 
accurate models based on appropriate data, we followed 
a series of data preprocessing steps. The following steps 
were employed in this phase as preprocessing techniques.
1.	 Checking the duplicated values and records to remove 

the duplicates.
2.	 De-identify records and remove irrelevant features.
3.	 Convert nominal and categorical features to numerical 

values.
4.	 Identify missing data and missing values imputation.
5.	 Outlier detection.
6.	 Feature engineering and feature selection.
7.	 Data transformation and normalisation.

Duplicate checking and removal of irrelevant features
After duplicate checking, we consulted UNOS guidelines 
and experts to review all features and their definitions. 
Under their supervision, we removed identification vari-
ables and irrelevant features, such as ID columns, hospital 
centre identification codes and country of residence, to 
de-identify patients.

Following this, we converted the post-transplant 
survival days variable to years and excluded patients with 
a survival rate of less than 2 years. Next, we filtered out 

Figure 1  Schematic diagram illustrating the proposed methodology for developing machine learning models. The process 
includes data preprocessing, feature engineering, model training and evaluation, followed by a systematic comparison of 
multiple models using performance metrics to identify and select the optimal model for deployment. DL, deep learning; MLP, 
multilayer perceptron; MLR, multiple linear regression; RF, random forest; SHAP, Shapley Additive Explanations; SVM, support 
vector machine; UNOS, United Network for Organ Sharing; XGB, XGBoost.
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patients below 18 years of age and excluded any data 
before 2005. Additionally, records related to heart trans-
plantation were removed from the dataset.

After removing irrelevant features in the first data-
cleaning phase, we used the discretised operator to 
convert nominal values to numerical data. Categorical 
data were encoded using the LabelEncoder class too.

Missing data management
To address missing data in our dataset, we conducted 
missing data imputation across the entire dataset. 
Initially, we assessed the specified columns or attributes 
to determine the extent of missing and unique data in 
each column. During this analysis, we discovered that the 
ICU column was empty and decided to delete it due to its 
lack of meaningful information. To impute the missing 
data, a threshold of 80% was set for feature removal with 
expert consultation. As a result, any column with more 
than 80% missing data was removed. If the missingness 
is due to inconsistent reporting rather than clinical 
irrelevance, dropping the column could exclude crit-
ical information about high-risk patients. In this case, 
domain experts might recommend retaining the column 
and using advanced imputation techniques or creating a 
binary indicator for missingness.

Along with feature removal, the sensitivity analysis was 
conducted on the dataset, which revealed that the inclu-
sion of omitted features had a detrimental effect on the 
performance of the random forest (RF) regressor model. 
Specifically, these features led to a decrease in the R² score 
from 0.95 to 0.68 and an increase in root mean square 
error (RMSE) from 3.5 to 4.8. It means that the sensitivity 
analysis demonstrated that omitting features with missing 
data significantly degraded model performance (R² 
decreased from 0.95 to 0.68; RMSE increased from 3.5 
to 4.8), suggesting these missing values were not missing 
at random (MNAR). The observed performance drop 
implies that the missingness may depend on unobserved 
factors systematically related to the outcome, warranting 
MNAR-specific methods for robust inference.

For the missing data imputation, we adopted a strategy 
of replacing missing data in numerical features with the 
mean value of each respective feature. This approach 
allows us to retain the integrity of the dataset while mini-
mising the impact of missing data on our analysis. By 
performing these comprehensive steps of missing data 
imputation, we ensure the dataset is optimised for further 
analysis and modelling, enabling us to draw more accu-
rate conclusions and insights.

Outliers handling
Outliers can significantly impact the performance and 
interpretability of ML models. Therefore, it is essen-
tial to investigate their causes before deciding whether 
to exclude, transform or retain them. This exploration 
ensures that the preprocessing steps are justified and 
scientifically sound. To address outliers in the dataset, we 
first create distribution plots to visualise the data. Next, 

we apply the IQR method and use box plots to identify 
outliers. Finally, we remove these outliers to prepare the 
data for further processing.

To address outliers in the dataset, a comprehensive 
approach was employed that included visual and statis-
tical analysis to identify and understand the nature of 
the outliers. The distribution plots and boxplots were 
created to visualise outliers and applied the IQR method 
to quantify their extent. Additionally, statistical analysis 
was conducted to assess the impact of outliers on the 
dataset, and sensitivity analysis was performed to evaluate 
their influence on model performance. Throughout this 
process, we ensured transparency and justification by 
documenting all outliers and providing context-specific 
reasons for their exclusion, such as data entry errors or 
clinically irrelevant extreme values.12 13 This rigorous 
approach ensured that the removal of outliers was meth-
odologically sound and did not compromise the integrity 
of our analysis.

Feature engineering and feature selection
Given the high-dimensional nature of the dataset used 
in this study, feature engineering and selection were crit-
ical steps to reduce dimensionality, eliminate irrelevant 
or redundant features and enhance model performance. 
Feature selection aims to identify a subset of features that 
effectively describe the problem with minimal loss of 
information and computational efficiency.14 All phases of 
feature engineering and selection were conducted under 
the supervision of clinical experts to ensure the relevance 
and validity of the selected features.

Step 1, correlation analysis
As the first step, correlation analysis was performed to 
assess the relationships between features and the target 
variable, as well as interfeature correlations. This anal-
ysis helped identify highly correlated features that could 
introduce multicollinearity and redundancy into the 
model using a heatmap graph. Features with a correlation 
coefficient above a predefined threshold were flagged for 
further evaluation.

Step 2, variance threshold filtering
To eliminate low-variance features that contribute little 
to the model’s predictive power, a variance threshold 
was applied. Features with variance below a specified 
threshold (eg, 0.01) were removed, as they were deemed 
to have minimal impact on the target variable.

Step 3, embedded feature selection with XGBoost
Following the initial filtering, an embedded feature selec-
tion technique was employed using the XGBoost algo-
rithm. XGBoost provides intrinsic feature importance 
scores based on metrics such as gain, cover and frequency. 
Features with very low importance scores (negative scores 
indicating no correlation with target value) were excluded 
from the final feature set.
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Step 4, expert review and validation
All selected features were reviewed and validated by 
subject matter experts to ensure their clinical, practical 
and scientific relevance. This step was critical to avoid 
eliminating features that, although statistically signifi-
cant, may not be clinically significant. For example, some 
features were retained for model customisation based 
on expert consultation, despite having modest statistical 
significance.

Through a comprehensive and expert-guided feature 
selection process, we identified a subset of features 
that were statistically significant, domain-relevant 
and impactful for model performance. This rigorous 
approach ensured the final model was both robust and 
clinically meaningful, with the selected features deemed 
critical for predicting the target variable.

Data transformation and normalisation
In the end, data normalisation was carried out to optimise 
the features for modelling purposes.

Splitting data and validation technique
During the model development process, the dataset 
was divided into training and testing data in an 80:20 
ratio where 80% of the data were used for training the 
models and the remaining 20% were reserved for testing 
and validation. The training dataset is used to train the 
model, allowing it to learn patterns and relationships 
within the data based on the available data. The training 
dataset typically contains the bulk of the available data. 
In contrast, the testing dataset is intended solely to eval-
uate the model’s performance on unseen data, ensuring 
an unbiased assessment of its generalisability. This dataset 
is kept separate from the training process to provide a 
true measure of how the model performs in real-world 
scenarios. Both datasets are often split randomly, with 
common ratios such as 80:20 or 70:30, depending on the 
size and nature of the data.

This split ensured that the models were evaluated on 
unseen data to assess their generalisation capability. 
To mitigate potential bias introduced by simple data 
splitting, the cross-validation technique was employed. 
Through this technique, the dataset was divided into k 
folds, and each model was trained and validated k times, 
with each fold serving as the validation set once. The 
average performance metrics across all folds were calcu-
lated to ensure robust evaluation. The results of the k-fold 
cross-validation were consistent with those obtained from 
the simple 80:20 split, confirming the reliability of the 
initial approach.

Model development and tuning
The objective of this study was to develop a prediction 
model for a continuous numerical variable (priority 
score) using regression techniques to identify the most 
effective factors in selecting the most appropriate candi-
date for LTx. In this study, regression models were selected 
to examine the connection between input variables and 

output numerical values, as the target variable (outcome) 
is a continuous numerical value.

To determine the most influential factors and identify 
the best model, the performance of six regression-based 
models was evaluated: multiple linear regression (MLR), 
RF regressor, support vector machine (SVM) regressor, 
XGBoost regressor, a multilayer perceptron model 
(MLP—a class of feedforward artificial neural network) 
and a deep learning (DL) model. The selection of these 
models was done based on the type of target variable and 
the study objectives.

A hyperparameter tuning optimisation technique was 
employed in this phase to improve model performance 
by optimising the training process by determining the 
best hyperparameters for each model. This technique 
was used to prevent models that underfit or overfit 
the data.15 After tuning parameters in each model, the 
models were trained with updated best hyperparameters, 
and all metrics were calculated again to achieve the best 
performance. We employed the random search method, 
a hyperparameter tuning technique where hyperparame-
ters are randomly chosen from a predefined set to train 
a model.

Multiple linear regression
MLR is a statistical technique used to estimate the rela-
tionship between a dependent variable and one or more 
independent variables. It is an extension of linear regres-
sion, which requires more than one predictor variable 
to forecast the response variable.16 MLR is a significant 
regression algorithm that models the linear association 
between a dependent continuous variable and multiple 
independent variables.17 Hence, we have chosen this 
model to predict the continuous variable (priority score) 
based on several independent variables. The equation for 
MLR is demonstrated below17:

	﻿‍ y = β0 + β1X1
+ β2X2

+ β3X3
+ β4X4

+ β5X5
+ β6X6

+ β7X7‍�
where y represents the priority; xi is the considered 
variables; β0 is the intercept; and βi is the regression 
coefficients.

RF regressor
The RF regressor algorithm is a kind of ML approach that 
employs a group of decision trees, which are trained on 
a subset of the data, to make predictions. This technique 
is designed to stabilise the algorithm and decrease vari-
ance by using multiple trees. The RF regressor algorithm 
is widely recognised as a popular model in developing 
regression models because of its strong performance with 
large datasets and diverse data types.18 19

SVM regressor
SVM regression is a versatile regression function that can 
be used to solve both classification and regression prob-
lems. SVM is a supervised learning algorithm that fits a 
regression to the training data by reducing the distance 
between the sampled points and the fitted hyperplane.20 21 
One advantage of SVM is that it is a sparse algorithm, 
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meaning that it only needs information from a limited 
number of data points.22

XGBoost regressor
Extreme Gradient Boosting (XGBoost) is another ML 
library that is available for free and offers a powerful and 
efficient implementation of the gradient boosting algo-
rithm.23 Gradient boosting is a technique that involves 
creating an ensemble of tree-based models and then 
combining them to create a more accurate overall model 
than any of the individual models in the sequence.24 
XGBoost is a popular choice for those who require an 
effective and optimised implementation of gradient 
boosting.25

MLP model
The MLP is considered one of the top regression models 
in the field of artificial neural networks. It is equipped with 
the capability to learn from training data using a variety of 
training algorithms and rules. This feature allows the MLP 
to acquire numerous advantages, including increased 
capacity. As a result, the MLP operates as a self-regulating 
model that uses specific learning algorithms to enhance 
its performance when encountering new inputs.26 27

DL model
A DL model can be used for regression problems by 
learning a mapping from input features to the target 
output. DL is an adaptable model proficient at effectively 
managing intricate data relationships. It proves especially 
beneficial when working with extensive datasets where 
traditional regression methods might not uncover intri-
cate patterns. Nonetheless, to prevent overfitting and 
attain peak performance, these models necessitate metic-
ulous calibration and validation.28–30 Occasionally, due 
to the complex nature of implementing these models, 
simpler regression models may outperform them.

Performance evaluation
Typically, regression models are evaluated based on a func-
tion that measures the difference between the predicted 
and actual numerical value of the target variable, such as 
the priority score.31 In this study, three popular evalua-
tion metrics were used, including mean absolute error 
(MAE), RMSE and R2 score to assess the performance of 
the developed models.32
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denotes the average analysed value.
To validate the developed (ML models and reduce 

bias, we employed k-fold cross-validation. This technique 
overcomes the limitations of a simple train/test split by 
dividing the available data into multiple folds or subsets. 
By averaging the results across these folds, we achieve 
a more robust estimate of the model’s performance 
compared with a simple train/test split.

Feature importance
To implement explainable AI (XAI), a technique 
employed to elucidate the impact of each feature on 
the model is the SHAP (Shapley Additive Explanations) 
method. The SHAP method aims to enhance the trans-
parency and interpretability of ML models by drawing on 
cooperative game theory.33 For instance, linear models 
use their coefficients to gauge the significance of each 
feature. However, these coefficients are influenced by 
the scale of the variable itself, potentially resulting in 
misinterpretations.34 The same can be found in tree-
based models for feature ranking. This is precisely why 
SHAP becomes valuable for model interpretation.35 The 
absolute value of SHAP provides insight into how signifi-
cantly an individual feature influences the prediction.36 
Once we identify the optimal model for priority predic-
tion, we’ll leverage the SHAP technique to assign weights 
to the most critical features. These features will then be 
ranked based on their importance and impact on the 
final priority score.

Patient and public involvement
Patients and/or the public were not involved in the 
design, or conduct, or reporting, or dissemination plans 
of this research.

RESULTS
Dataset description
The raw dataset including all organs comprises informa-
tion on 1 96 270 patients who underwent LTx, as well as 
data related to lung donors. This comprehensive dataset 
includes 545 features, encompassing demographic and 
clinical details about the organ recipients, biomarkers, 
laboratory test results and characteristics of the donated 
organs (online supplemental table A-2 in appendix A). 
Additionally, it provides insights into various patient 
outcomes, such as post-transplant survival rates, occur-
rences of acute organ rejection, priority levels, duration 
of ICU stay, post-transplant infections and instances of 
retransplantation.

https://dx.doi.org/10.1136/bmjopen-2024-089796
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To preprocess the dataset, we converted the transplan-
tation date data type to a string format and extracted 
the year column by parsing the month, hour and year 
components. We removed all data prior to 2005 due to 
the absence of a prioritisation system during that period. 
Furthermore, to focus exclusively on adult transplants, we 
excluded information related to paediatric transplants 
for children and adolescents under 18 years of age. As a 
result, our initial dataset comprised 183 086 records.

Subsequently, we filtered the dataset to include only 
post-transplant survival records exceeding 1 year. After 
that, we eliminated any records with missing priority 
scores. Ultimately, our final dataset consisted of 45 966 
records for subsequent analysis.

Exploratory data analysis
Following imputation of missing independent variable 
data and preprocessing steps, the overall patient popu-
lation consisted of 66.88% men and 33.20% women, with 
a median age of 54.27±14.24 years. Our target variable 
is the priority (or allocation) score, which represents a 
continuous numerical value. In online supplemental 
table A-1 in appendix A, we present descriptive analysis 
and the frequency distribution of various demographic 
and clinical variables within the dataset.

Furthermore, we employed a data visualisation method 
to enhance our comprehension of the data and dataset. 
This approach aids in verifying the integrity of the data 
and detecting any apparent inaccuracies. Incorporating 
data visualisation is essential for all data science projects 
across various fields.37

Data cleaning and preprocessing
In the method section, we present detailed information 
regarding preprocessing procedures applied to the whole 
dataset. After de-identifying the dataset, it was limited 
to 40 024 records and 445 features. During the initial 
data cleaning phase, we removed irrelevant features, 
reducing the total to 322. Subsequently, we performed 
missing values imputation, resulting in 215 features 
available for further analysis. Next, in the correlation 
analysis phase, our dataset contains over 165 features 
postprocessing–preprocessing.

Due to the dataset’s high dimensionality, we applied 
preprocessing techniques to select only the most 
important features based on their importance scores. 
As a result, we narrowed down the dataset to 65 features 
in the first phase of feature engineering. After further 
applying feature engineering and selection techniques, 
our final dataset consisted of 32 966 records, containing 
15 features.

Development and evaluation of regression models
The prediction models were developed by training 
several selected features obtained during the feature 
engineering phase. We used 80% of the dataset to train 
the algorithms and the rest 20% to test and validate their 

efficacy (80:20), and all six regression algorithms were 
trained based on trained data.

To address the bias of training using simple data split-
ting the average score, k-fold cross-validation was done, 
and k was considered as 10 folds. The results showed that 
average scores of 10-fold cross-validation in six ML algo-
rithms are the same as the simple splitting data process. 
Subsequently, the hyperparameters were fine-tuned using 
a hyperparameter tuning technique to enhance the 
performance of the developed models.

The optimised and selected hyperparameters are docu-
mented in table 1. Next, the MAE, RMSE and R2 values 
for each optimised model were calculated and repre-
sented in table  2. Finally, all the optimised ML models 
were compared based on their R2 scores in combination 
with other relevant metrics. In this task, the RF regressor 
emerges as the most robust model, demonstrating supe-
rior performance with an impressive 95.168% R² value, 
which indicates it explains nearly 96% of the variance in 
the data, significantly outperforming other techniques. 
The adjusted R² metric, which penalises unnecessary 
model complexity, closely mirrors the standard R² here 
(95.163%). The model’s exceptional performance is 
evidenced by its lowest mean squared error (12.548), 
MAE (2.056) and RMSE (3.542), suggesting highly 
accurate and precise predictions. The superior perfor-
mance of the RF model can be attributed to its ability to 
handle complex, non-linear relationships in medical data 
through ensemble learning, where multiple decision trees 
are combined to create a more flexible and generalised 
predictive model. In contrast, traditional linear methods 
like linear regression and SVM struggled, achieving R² 
values below 53%, which suggests the priority prediction 
requires sophisticated, non-linear modelling approaches 
that can capture intricate patterns in medical datasets. 

Table 1  The best selected hyperparameters

Algorithm Hyperparameters

1 Multiple linear 
regression

positive=False, n_jobs=2, fit_
intercept=True, copy_X=True

2 Random forest 
regressor

n_estimators=90, min_samples_
split=2, min_samples_leaf=1, max_
samples 10000, max_features: sqrt, 
max_depth=10

3 SVM regressor C=9.11158, loss='epsilon_insensitive', 
max_iter=5000

4 XGBoost 
regressor

subsample=1, min_child_weight=5, 
max_depth=6, learning_rate=0.1, 
colsample_bytree=0.75

5 MLP solver= ‘sgd’, Learning_rate= 
‘adaptive’, hidden_layer_sizes: (20,), 
alpha: 0.001, activation: logistic

6 DL Optimizer= ‘sgd’, batch_size=16, 
activation= ‘relu’

DL, deep learning; MLP, multilayer perceptron; SVM, support 
vector machine.

https://dx.doi.org/10.1136/bmjopen-2024-089796
https://dx.doi.org/10.1136/bmjopen-2024-089796
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The progression from linear to ensemble and advanced 
ML techniques clearly demonstrates the importance of 
selecting appropriate algorithms for complex predictive 
challenges in healthcare.

As a result, the RF regressor model emerged as the top 
performer among the developed prediction models. We 
made this determination based on a comprehensive eval-
uation of various metrics, using the best features.

Most important features to select the most appropriate 
candidate
On selecting the best model, we proceeded to identify 
and weigh the most influential features using the SHAP 
library within the final model. Initially, a prediction model 
based on the chosen regression model was created. Subse-
quently, the importance of each feature was determined 
by analysing the set of trees generated by the model using 
the SHAP technique. The SHAP library assigns a score 
to each feature based on its impact on the prediction 
model. The ranking of the variables used in the ultimate 
model is visually represented in figure 2, which is a widely 
recognised and popular chart produced by SHAP.

Ultimately, the researchers pinpointed the 11 most 
effective features, each receiving the highest score in 
candidate prioritisation.

These features, along with their explanations, are 
detailed in table 3. Notably, it showed that factors such as 
a patient’s oxygen consumption and diagnosis played a 
significant role in prioritising the waiting list. Additionally, 
the patient’s waiting time on the transplant list emerged 
as another influential factor. Subsequently, we developed 
a web-based decision support tool using Python and the 
Streamlit framework based on the best-fine-tuned model 
(figure 3).

DISCUSSION
The study aimed to explore the feasibility of using ML 
methods to predict priority levels for patients on the 
waiting list for lung transplants and to pinpoint the crit-
ical factors influencing priority allocation. Despite the 
potential advantages of employing ML algorithms in 
organ allocation,38 there is a lack of research on their 
application specifically in LTx. This investigation led to 

the development of a decision support tool for estimating 
transplantation priorities.

Currently, the decision-making process for prioritising 
individuals on organ transplant waiting lists is predomi-
nantly reliant on physicians’ subjective judgements, often 
following ‘first-come, first-served’ or ‘longer waiting time’ 
principles rather than using sophisticated mathemat-
ical models.39 40 Researchers recommend that authori-
ties explore more equitable and innovative solutions for 
allocating donor organs to patients on waiting lists. As 
a result, researchers in the field of transplantation have 
concentrated on developing advanced models to forecast 
priority rankings and outcomes for recipients based on 
pretransplantation factors.41 42 Similarly, we employed 
ML models to investigate more appropriate factors in 
assigning organs to recipients.

Prior studies on organ allocation have focused 
only on classification models to predict the risk of 
mortality following transplantation.41 43 However, these 
approaches have not been highly effective in improving 
the prioritisation of patients on lung transplant waiting 
lists.44 45 In contrast, our developed model takes into 
account various factors such as disease type, oxygen 
saturation, demographics, clinical tests and functional 
status.

In the context of ML, the effectiveness of methods 
depends not only on their design and techniques but 
also on the quality and suitability of the data they operate 
on. To overcome the limitations of prior research, which 
often relied on a single ML technique and small sample 
sizes, our study takes a different approach. We incorpo-
rate multiple ML techniques to enhance the accuracy of 
our results, leveraging a large dataset sourced from the 
UNOS database.

Our algorithm yields slightly superior results. To 
enhance the robustness of our model, we employed 
various data preprocessing techniques and feature engi-
neering methods. These approaches allowed us to iden-
tify the most relevant and informative features in the 
data while discarding redundant or noisy ones.46 47 Data 
preprocessing plays a crucial role in improving data 
quality and enhancing the accuracy of knowledge 
extraction.48 Additionally, by reducing data complexity 
and dimensions, our models became better equipped to 

Table 2  The evaluation metrics of developed models and comparison of the model performance

Model R2 (%) Adjusted R2 (%) MSE MAE RMSE

1 Random forest regressor 95.168 95.163 12.548 2.056 3.542

2 XGBoost regressor 82.88 82.87 58.326 4.487 7.637

3 Deep learning algorithm 736 68.23 80.096 42.096 45.05

4 MLP regressor 66.003 65.98 88.97 5.681 9.432

5 Linear regression 52.259 52.23 123.989 6.984 11.131

6 Support vector machines 48.590 48.55 133.591 6.570 11.555

MAE, mean absolute error; MLP, multilayer perceptron; MSE, mean squared error; RMSE, root mean square error.
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capture underlying patterns and relationships, resulting 
in improved predictive performance.10 47

Our analysis reveals that employing the RF regressor 
model, which incorporates 15 features from the most 
significant donor and recipient variables available prior 
to transplantation, represents an effective approach for 
assigning an allocation score to each candidate on the 
waiting list. This outperforms other regression models. 
RF was specifically chosen due to its favourable predic-
tion performance in previous research.49 Implementing 
the developed model as an AI-based decision support 
tool could assist physicians in integrating clinical insights 
into their decision-making processes and point-of-care 

scenarios, thereby enhancing the practical utility of the 
data.

ML-based models rely on intricate mathematical struc-
tures and multidimensional datasets, often yielding 
complex patterns and relationships that can be chal-
lenging for humans to grasp. To address this complexity 
and limitation, researchers have turned to SHAP 
summary analysis. This technique identifies the top 
influential features within the final model. By doing so, 
it sheds light on which parameters should take prece-
dence when selecting the most suitable recipient with 
the highest priority—a factor that has not received exten-
sive exploration in prior studies. On the other hand, as 

Figure 2  (A) SHAP summary plot of the top 11 features for predicting lung allocation score using random forest regressor and 
(B) SHAP values to explain the predicted probabilities. SHAP, Shapley Additive Explanations.
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the research community increasingly shifts towards XAI 
methods,50 51 the adoption of this approach represents a 
significant step forward. By employing XAI techniques, 
the performance of developed models can be interpreted 
and explained more transparently, fostering greater trust 
and understanding in their outcomes.

Our study possesses some limitations. Despite the 
dataset under consideration being of a substantial size, 
it was obtained from a freely accessible dataset, aligning 
with the structure of the UNOS database will allow for the 
collection of patient information tailored to researchers’ 
requirements. While our study demonstrates the effec-
tiveness of the RF model in predicting outcomes for lung 
transplant patients using the UNOS dataset, it is important 
to note the lack of external validation as a limitation. The 
model was developed and validated only on the UNOS 
dataset, which, although comprehensive, may contain 
biases related to specific populations and practices in the 
USA. However, we plan to focus on collaborating with 
international transplant registries or multicentre studies 
to validate the performance of the model in different 
populations and healthcare settings. This will enhance 
the validity of the model and its potential for widespread 
clinical adoption. External validation on independent 
datasets from different geographic regions or health-
care systems is essential to ensure the generalisability and 
robustness of our findings. As part of future work, we are 

developing an intelligent lung transplant patient infor-
mation system at our centre. Building on previous efforts 
to apply AI-based techniques in solid organ transplanta-
tion,52–55 this system aims to integrate the current model 
with patients’ medical records while leveraging additional 
AI-based models to enhance its performance.

CONCLUSION
During this study, we succeeded in developing a priority 
prediction model based on the huge data of the UNOS 
database using ML models with the least error. Our 
research is among the pioneering studies that employ 
the SHAP method as an XAI technique to enhance the 
comprehensibility of the proposed model intended for 
clinicians. Additionally, the automated auxiliary model 
that we created can assist clinicians in acquiring a better 
understanding of the transplant priority estimation and 
the crucial factors that influence patient survival.
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Table 3  The top 11 features identified by the SHAP method 
based on the prediction model

# Feature Description

1 INIT_O2 The amount of oxygen needed 
when the transplant candidate is 
on the waiting list

2 GROUPING Lung transplant candidate 
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3 DAYSWAIT_CHRON The amount of waiting time of 
patients on the waiting list—up-
to-date waiting time

4 MED_COND_TRR The status of the patient’s lungs 
at the time of the last clinical 
evaluation

5 HEMO_SYS_TRR The latest status of 
haemodynamics Pcw (Sys) mm 
Hg

6 END_O2 O2 requirement at rest

7 VENTILATOR_TCR The patient’s status in terms of 
the need for a ventilator

8 LIFE_SUP_TCR The amount of social and 
financial support

9 CIG_Use History of cigarette use

10 Vent_Support_TRR Episode of ventilatory support

11 Transfusion Events occurring between listing 
and transplant

SHAP, Shapley Additive Explanations.

Figure 3  Interactive web-based interface for the machine 
learning model, developed using the Streamlit framework. 
The tool allows users to input data, visualise predictions and 
explore model performance metrics in real-time, providing 
an accessible platform for researchers and practitioners to 
interact with the developed algorithm.
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