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A B S T R A C T

Metabolic dysfunction-associated fatty liver disease (MAFLD) introduces new diagnostic criteria for fatty liver
disease that are independent of alcohol consumption and viral hepatitis infection. Therefore, investigating how
biochemical and anthropometric factors influence mortality in MAFLD subjects is of significant interest. In
this work, we propose MORIX, an Artificial Intelligence-based framework capable of predicting fatal mortality
outcomes in subjects with MAFLD. MORIX utilizes data from epidemiological datasets containing carefully
selected anthropometric and biochemical information. This selection is achieved through Recursive Feature
Elimination (RFE) using a Random Forest (RF) to train Machine Learning (ML) algorithms and provide a
mortality risk (Yes/No) output. To provide physicians with a valuable tool, MORIX was trained and tested
on a dataset of MAFLD subjects, comparing five different models: Random Forest (RF), eXtreme Gradient
Boosting (XGB), Support Vector Machine (SVM), Multilayer Perceptron (MLP), and Light Gradient Boosting
Model (LGBM) in a 5-fold cross-validation training strategy. Experimental results identified the RF as the best
model, achieving a high accuracy for both mortality risks predicted. Additionally, an eXplainable Artificial
Intelligence (XAI) analysis was conducted to clarify the diagnostic logic of the RF model and to assess the
impact of each feature to the prediction. Moreover, a web application was developed to predict mortality risk
and provide explanations of how the input features influenced the final prediction. In conclusion, the MORIX
framework is easy to apply, and the required parameters are readily available in healthcare datasets, making
it a practical tool for medical professionals.
1. Introduction

Non-alcoholic Fatty Liver Disease (NAFLD) is the predominant cause
of chronic liver disease in Western countries, associated with height-
ened risks of cardiovascular diseases, type 2 diabetes mellitus, chronic
renal disease, and increased mortality rates [1,2]. In severe cases,
Non-alcoholic Fatty Liver Disease (NAFLD) may progress to fibrosis or
hepatocarcinoma. The global prevalence of NAFLD is approximately
23.71% in Europe [3]. In particularly in our geographical area (Bari dis-
trict of the Apulian Region in Italy) studies report a NAFLD prevalence
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of about 30%, predominantly among male and older individuals [4–
7]. In 2020, a new term, Metabolic dysfunction-associated fatty liver
disease (MAFLD), was proposed to replace NAFLD [8]. Differing from
NAFLD, the MAFLD diagnosis does not necessitate the exclusion of
other liver diseases, such as excessive alcohol consumption or viral
hepatitis. MAFLD is diagnosed in patients with hepatic steatosis who
also exhibit one of three metabolic conditions: overweight/obesity,
metabolic dysfunction in lean subjects, or diabetes mellitus [9].

However, the utility of this new definition in improving the detec-
tion of critical clinical endpoints (e.g. mortality) remains debated.
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While substantial evidence connects MAFLD with cardiovascular
iseases (CVD), malignancies, and liver-related outcomes, its impact
n overall mortality remains a topic of debate [10]. In light of the
ncreasing prevalence of NAFLD and the recent redefinition of MAFLD,
here has been a surge in research focusing on cost-effective diagnostic

techniques. Among these, Machine Learning (ML) has emerged as a
articularly promising approach.

In clinical practice, numerous studies have explored how ML and
-health tools serve as viable alternatives to conventional diagnostic
ethods like Magnetic Resonance Imaging (MRI), Mild Cognitive Im-
airment (MCI), and ultrasounds [11–17]. ML techniques are already

employed for NAFLD diagnosis [18,19]. Moreover, Saihood et al. [20]
resent a framework for diabetes diagnosis comprising three stages:
ata preprocessing, hyperparameter tuning, and ensemble methods. In

particular, the preprocessing stage ensures data quality by addressing
missing values, outliers, and feature selection. Subsequently, a grid
search is applied to optimize algorithm hyperparameters. Finally, en-
semble methods, including bagging, boosting, and stacking, are used
to combine algorithms and enhance model robustness. Experimental
results show that stacking with Random Forest and SVM achieved the
highest accuracy of 97.50%, demonstrating that ensemble models can
significantly outperform individual algorithms for reliable diagnosis.

Furthermore, from the perspective of developing models to pre-
dict heart attack, Al-Jamimi [21], presents a predictive model that
ombines eXtreme Gradient Boosting (XGBoost) with Bayesian opti-
ization, demonstrating effectiveness in identifying risks for diseases

uch as heart attack, breast cancer, and diabetes. Specifically, the
work adopt Support Vector Machine (SVM) using Recursive Feature
Elimination (RFE) approach for feature selection, enabling the model
to prioritize critical information and enhance prediction accuracy. The
experimental results show that comparative analysis with established
models (e.g. SVM, Random Forest (RF) and K-Nearest Neighbors (KNN))
underscores the model adaptability and potential for applications in
precision healthcare.

According to Curci et al. [22], who demonstrated the benefits of
physical activity and dietary interventions in NAFLD patients, this
manuscript proposes a method to predict the NAFLD-patient mor-
tality risk. This prediction allows physicians to recommend lifestyle
modifications to patients with a high mortality risk.

As of 2023, the term Metabolic Dysfunction-Associated Steatotic
iver Disease (MASLD) was introduced [23], which differs from NAFLD
ecause it refers to metabolic-associated liver disease with a focus
otentially on steatohepatitis, emphasizing inflammation along with
etabolic dysfunction. This paper, however, focuses on predicting
ortality in NAFLD subjects as it is the accepted term in medical

ommunities, reflecting a broader understanding of the metabolic fac-
ors involved in liver disease, and introducing a framework for such
redictions.

Our experimental setup employs a population-based cohort with
5 years of follow-up data, comprising a dataset with 25 variables.
e conduct a feature selection analysis to correlate features with

he mortality outcome. The framework seamlessly integrates Machine
earning (ML) and eXplainable Artificial Intelligence (XAI), enabling
oth predictive accuracy and interpretability, thus making it a powerful
ool for clinicians.

The integration of ML and XAI in our framework is a core of our
ork, providing clear, actionable insights alongside accurate predic-

ions. To demonstrate the robustness of our approach, we compare 5 ML
lgorithms using common performance metrics like Accuracy, Preci-
ion, Recall, F1 score, Area Under the ROC Curve (AUC), and Confusion
atrix (CM) in order to identify the best one for the considered task.

The key contributions of this work are summarized as follows:

• Integrated ML-XAI Framework: The development of MORIX, an
end-to-end framework that seamlessly integrates ML and XAI to
predict mortality in MAFLD subjects. This integration provides
both accurate predictions and clear explanations to aid clinical
decision-making, making it a powerful tool for clinicians.
2 
• Feature Selection and Optimization: Implementation of a ro-
bust and sound feature selection process using RFE with a RF clas-
sifier to identify and optimize the most significant features associ-
ated with mortality, ensuring relevance and reducing redundancy
in the dataset.

• Explainability as a Core Strength: Detailed post-hoc explain-
ability analysis using SHAP values to interpret the model’s pre-
dictions, elucidating the contribution of each feature and en-
hancing transparency. This approach provides physicians with ac-
tionable insights, fostering trust and facilitating informed clinical
decisions.

• Practical Application and User Interface: Development of a
user-friendly web application that integrates the trained ML model
and XAI analysis. This allows healthcare professionals to input
new data and receive both mortality risk predictions and explana-
tory insights in real-time, thus bridging the gap between advanced
AI techniques and practical clinical use.

The remainder of the paper is organized as follows: in Section 2,
we overview the most relevant related work; Section 3 describes the
roposed approach; Section 4 provides an overview of the proposed
ethod, and Section 5 reports the metrics used to measure the perfor-

mance of our model, the explanation obtained from the XAI analysis,
and the web application developed. Section 6 details the developed web
user interface. Finally, Section 7 discusses the results and tightens the
onclusion and future research directions.

2. Related work

This section summarizes relevant works and delineates the sig-
nificant distinctions between this study and previous efforts, thereby
ighlighting our novel contributions.

The distribution of MAFLD and NAFLD among individuals with
hronic Kidney Disease (CKD) was investigated by Dan-Qin Sun et al.

[24]. Their study sought to compare the prevalence of CKD in individ-
uals with MAFLD or NAFLD and to examine the relationship between
the presence and severity of MAFLD and CKD, as well as abnormal
albuminuria. They found that renal dysfunction severity and CKD stage
1 prevalence escalated with increasing MAFLD severity, suggesting that
MAFLD better identifies subjects with CKD compared to NAFLD. They
further noted that elevated liver fibrosis scores in MAFLD are strongly
and independently associated with CKD and abnormal albuminuria.
However, their research did not incorporate mortality data to train an
AI algorithm, nor did it perform any explainability analysis to assist
physician decision-making processes.

Su Lin et al. [25] aimed to validate the diagnostic criteria of
MAFLD by comparing it with NAFLD. They assessed clinical param-
eters of subjects diagnosed with MAFLD, NAFLD, and non-metabolic-
dysfunction NAFLD (non-MD-NAFLD), identifying significant differ-
ences. Their findings indicated that MAFLD criteria could better iden-
tify at-risk subjects, with the MAFLD group exhibiting higher liver
enzymes and more severe glucose and lipid metabolism disorders. How-
ever, their focus was solely on validating MAFLD diagnostic criteria
without exploring other disease aspects or conducting explainability
analysis, as addressed in our study.

Decraecker et al. [26] evaluated non-invasive methods to predict
mortality in MAFLD subjects. They developed and compared several
prognostic models, finding that non-invasive liver fibrosis assessment
at baseline correlated well with all-cause and liver-related mortality
(C-index ≈ 0.8 − 0.9; AUC ≈ 0.72 − 0.74). Unlike our work, they did not
utilize variables readily available in healthcare databases to develop
hese models, nor did they incorporate AI algorithms or explainabil-

ity analysis that could facilitate physician decision-making in MAFLD
subjects.

Nguyen et al. [27] analyzed the initial characteristics and long-
term outcomes of three groups of participants diagnosed with fatty
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liver disease based on ultrasound findings: those meeting criteria for
AFLD but not MAFLD (non-MAFLD NAFLD), those meeting criteria for
oth NAFLD and MAFLD (NAFLD-MAFLD), and those meeting criteria

for MAFLD but not NAFLD (MAFLD non-NAFLD). They discovered
that non-NAFLD MAFLD was independently associated with higher
all-cause, cardiovascular-related, and other-cause mortality rates. Im-
portantly, MAFLD subjects without NAFLD had more than twice the
mortality risk compared to those with NAFLD without MAFLD. Their
tudy, however, did not explore using AI algorithms to predict mortality

or conduct explainability analyses, areas our current research seeks to
address.

Kim et al. [28] developed a Cox proportional hazards model to
assess all-cause and cause-specific mortality in MAFLD versus NAFLD
subjects, adjusting for known risk factors. They reported that MAFLD
subjects with advanced fibrosis exhibited a 17% higher all-cause mor-
tality risk, independent of metabolic risk factors, while NAFLD showed
no significant association after adjustments. Unlike our study, they did
not explore the potential of AI algorithms to predict mortality nor the
utility of explainability analysis in clinical decision-making.

In [29], Drozdz et al. employed a machine learning approach to
redict mortality risk in MAFLD patients, specifically from cardiovas-
ular diseases (CVD). They trained a logistic regression classifier using
ither univariate feature ranking or principal component analysis (PCA)

to identify high-risk individuals, achieving AUCs up to 0.87. However,
their study was limited to CVD-related mortality and did not extend to
ther potential mortality risks or incorporate explainability analysis.

Huang et al. [30] investigated the differential impact of MAFLD and
AFLD on mortality, finding that MAFLD significantly increases the risk

of all-cause mortality compared to NAFLD. Their study highlighted the
importance of considering ethnic differences in drug development for
MAFLD. However, like others, it lacked the integration of AI-driven
tools for mortality prediction and did not offer explainability to aid
physician decision-making.

Our research advances the current state-of-the-art by introducing
a novel approach that employs AI algorithms and explainability tech-
niques to predict mortality in MAFLD subjects, providing a ready-to-use
ramework to support physicians in their clinical decision-making pro-

cess. This is the principal novelty of this study compared with the
previous literature on this topic.

3. Proposed framework

In this section, we present the proposed framework as shown in
Fig. 1. It consists of four key components: Data Preparer, Predictor,
xplainer, and User Interface. Each component is designed to execute
pecific tasks, ensuring a streamlined and efficient workflow from data
reparation to user interaction.

3.1. Data preparer

The Data Preparer is devoted to transforming raw data into a format
suitable for analysis and modeling. This component involves several
fundamental steps. Initially, data is acquired from various sources such
as population studies and surveys, aiming to gather comprehensive
and relevant datasets that can provide valuable insights. Following
acquisition, the data undergoes preprocessing to ensure its quality and
suitability for further analysis. Preprocessing includes data cleaning to
remove noise and inconsistencies, normalization to standardize data
ranges, and undersampling to address class imbalances, thereby en-
hancing the dataset’s integrity and usability. The next step focuses on
identifying and selecting relevant and informative features from the
dataset. By removing non-representative features, the dataset is stream-
lined, improving the performance and interpretability of the predictive
models. The final step in data preparation involves dividing the cleaned
and processed dataset into training and test sets. This partitioning is
crucial for validating the model’s performance and ensuring that it can

generalize to new, unseen data.

3 
3.2. Predictor

The aim of the Predictor module is to learn the patterns from the
repared data and make predictions. It encompasses several important

tasks. Initially, various ML algorithms are utilized to train the predictor
on the prepared dataset. The choice of algorithms may vary based
on the specific application and data characteristics, ensuring the best
possible model performance. To optimize model performance, hyper-
parameters are fine-tuned through a process that involves adjusting the
model parameters to enhance accuracy and efficiency, often employing
techniques such as cross-validation. Once trained and optimized, the
model is used to generate predictions. These predictions form the basis
for subsequent analysis and decision-making, making this step crucial
for the framework’s overall effectiveness.

3.3. Explainer

This component handles the functions of making the predictions
understandable and actionable. This involves a detailed analysis of the
trained model to understand the contribution of each feature to the pre-
dictions. Techniques such as feature importance and partial dependence
plots elucidate how different features influence the model’s decisions.
Additionally, post-hoc explanation methods provide transparency by
explaining the model’s predictions after they have been made. These
explanations offer insights into the decision-making process, which is
essential for validating the model’s behavior and ensuring trust in its
predictions.

3.4. User Interface

The purpose of the UI is to enhance interaction with the framework,
pecifically by allowing users to efficiently visualize and interpret the
lgorithmic results. This component includes a graphical representation

of the results using interactive graphs and visualizations, which help
users quickly grasp complex data patterns and model insights. Further-
more, the interface enables users to interact with the data, explore
different aspects of the model’s performance, and gain deeper insights.
By providing an intuitive and responsive interface, users can make
informed decisions based on the model’s predictions.

4. Proposed method

In this section, we summarize the rationale behind the dataset
analysis from a given population study. Next, we detail the approach
adopted to predict mortality in MAFLD subjects using a relational XAI
method. Finally, we discuss the metrics, the results obtained, and the
tatistical analysis, along with the implementation details of the MORIX
ramework and its display in the web app. Moreover, for a clearer
verview of the workflow, Fig. 2 reports a complete schematization of

the MORIX pipeline.
In detail the proposed pipeline consists of several key phases:

• Data Loading: Importing data from its source into the pipeline.
• Data Splitting: Dividing the data into training and test sets.
• Data Cleaning: Removing or correcting erroneous data to im-

prove quality.
• Data Balancing: Ensuring an even class distribution is even for

better model performance.
• Model Training: Using the training data to fit the machine

learning model.
• Prediction: Generating predictions on new or test data using the

trained model.
• SHAP Data: Calculating SHAP (SHapley Additive exPlanations)

values to interpret and explain model predictions.
• Visualization: Creating visual representations of the data and the

results for easier interpretation.
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Fig. 1. MORIX classification framework architecture.
Fig. 2. Representation of the full MORIX pipeline.
4.1. Population study and clinical data collection

The cohort consisted of 1675 subjects aged over 30 years (543
women and 1131 men) diagnosed with MAFLD at recruitment. These
participants were drawn from the second follow-up of the MICOL
cohort and the NUTRIHEP cohort [31], recruited from January 2005
and monitored until December 31, 2020. The baseline characteristics of
these subjects are provided in Supplementary Table 1.

The research was conducted at the National Institute of Gastroen-
terology and the ‘‘S. De Bellis’’ Research Hospital in Castellana Grotte,
Italy. Informed consent was obtained from all participants. All proce-
dures adhered to the ethical standards of the institutional research com-
mittee (MICOL study: DDG-CE-589/2004, DDG-CE-782/2013; NUTRI-
HEP study: DDG-CE-502/2005, DDG-CE-792/2014) and the 1964 Helsinki
Declaration.

Participants provided information on sociodemographic character-
istics, health status, medical history, tobacco use, dietary habits, edu-
cation level, employment status, and marital status through interviews.

Weight was measured using an electronic SECA mechanical bal-
ance scale,1 and height was measured with a wall-mounted SECA
stadiometer.2 Blood pressure and BMI were assessed in accordance
with international guidelines [32]. Fasting venous blood samples were
collected and processed by the central hospital’s laboratory follow-
ing standard procedures [33]. All participants underwent standardized
ultrasonography, conducted by two radiologists using a Hitachi H21
Vision machine (Hitachi Medical Corporation, Tokyo, Japan) with a
3.5 MHz transducer. Hepatic steatosis was classified dichotomously as
either absent or present.

1 https://us.secashop.com/products/measuring-stations-and-column-
scales/seca-700/

2 https://uk.secashop.com/products/height-measuring-instruments/seca-
206/
4 
Furthermore, it is important to highlight that the study population
remains relevant and comparable to contemporary cohorts. Bonfiglio
et al. [34] underscore the critical role of lifestyle factors (using the
same population of our study), particularly dietary habits, in the onset
and progression of MAFLD. They observe that the population in the
studied geographical area exhibits highly conservative eating patterns,
with consistent dietary behaviors persisting across different age groups
over time. This stability in dietary habits is a noteworthy characteristic,
as it likely contributed to the consistency of findings over the 15-
year follow-up period, minimizing the confounding effects of significant
dietary changes on MAFLD outcomes.

4.2. Dataset description

Subjects in the study had 30 characteristics, which included con-
tinuous and categorical values for biochemical, anthropometric and
sociodemographic variables. Specifically, the 30 columns contained the
values of: Aspartate Aminotransferase, Education, Job, Marital status,
Weight, Hypertension, Blood Fats, Diabetes, Systolic blood pressure, Di-
astolic blood pressure, Cholesterol, Triglycerides, Blood Glucose, Alka-
line Phosphatase, Total Bilirubin, HDL, LDL, Alanine Aminotransferase,
Gamma-glutamyl transferase, NAFLD level, C-reactive protein, Age,
Smoke, Hepatitis, Homa, MAFLD occurrence, BMI, Total alcohol con-
sumed per day (in grams), Gender, and Status (Mortality (Yes/No)). The
dataset is represented by tabular data, encompassing 1674 observations
across these 30 features, including the target variable. Characteristics of
the study population are detailed in the Supplementary Table 1 located
in the Appendix.

4.3. Data pre-processing and features selection analysis

We processed the dataset using the Pandas library in Python,3 which
facilitated the removal of all missing values. Following the cleaning

3 https://pandas.pydata.org/

https://us.secashop.com/products/measuring-stations-and-column-scales/seca-700/
https://us.secashop.com/products/measuring-stations-and-column-scales/seca-700/
https://uk.secashop.com/products/height-measuring-instruments/seca-206/
https://uk.secashop.com/products/height-measuring-instruments/seca-206/
https://pandas.pydata.org/
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process, the dataset was reduced to 1459 subjects. Given the significant
mbalance where the Mortality (No) class outnumbered the Mortality
Yes) class (1374 to 301), we employed a random undersampling
trategy using the imbalanced-learn library,4 achieving a balanced final

dataset of 528 subjects. Indeed, the final number of 528 subjects is
in line with the literature [35–37], where other studies use datasets
f comparable size while still ensuring robustness and validity of the
esults.

The data were then standardized using the RobustScaler technique
rom scikit-learn,5 which removes the median and scales the data

according to the quantile range, thus minimizing the influence of
outliers.

Feature selection was performed using the RFE method combined
with a RF classifier, integrated within a grid search algorithm to
ptimize selection.6 This was conducted with a 5-fold cross-validation
trategy to determine the most predictive features while avoiding the
roblem of double dipping.

The dataset was subsequently split into training, testing, and valida-
ion sets. The latter was used to evaluate the performance of the model

with the selected features iteratively, aiming to identify the optimal
feature set for predicting mortality. By the end of this process, six
key features were selected as most indicative of mortality outcomes:
Weight, Cholesterol, Blood Glucose, Alkaline Phosphatase, LDL, and

ge. The target variable, Status, was treated as a binary variable
Mortality (No) = 0, Mortality (Yes) = 1). Furthermore, all biochemical

markers were treated as continuous variables in the models to reflect
their natural variation and scale.

4.4. Predictive models

To identify the most effective classifier for predicting mortality
n MAFLD patients, we employed the following models: Multilayer
erceptron (MLP) [38]; RF [39]; SVM [40]; Extreme Gradient Boosting
XGBoost) [41]; Light Gradient Boosting Machine (LGBM) [42]. These
odels were selected in alignment with recommendations in the lit-

rature, particularly those by Abdullah Alanazi, who emphasizes their
pplicability and efficacy in healthcare contexts [43–47].

The predictive models were developed using the Python program-
ming language, specifically utilizing the Scikit-learn library, version
.4.2.7 For each algorithm under study, a hyperparameter tuning is

performed using a grid search with 5-fold cross-validation strategy.
Upon the end of the process, the framework is capable of predicting
the patient’s outcome as either Mortality (No) or Mortality (Yes). The
ffectiveness of the models is evaluated based on several metrics,
escribed further forward. These include percentage accuracy, Area

Under the Receiver Operating Characteristic Curve (Receiver Operating
Characteristics (ROC)), precision, recall, and F1 score.

These metrics serve as the basis for comparing five different al-
orithms to identify the most effective one for predicting mortality

in MAFLD subjects. The comparative analysis and results of these
lgorithms are presented in Section 5.

4.5. Explainability machine learning

A post-hoc XAI approach [48] is adopted To clarify how features
contribute to predicting the target variable, it is essential to recognize
the inherent trade-off between model accuracy and interpretability
when combining prediction and explanation models. This challenge is

4 https://imbalanced-learn.org/stable/index.html
5 https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.

obustScaler.html
6 https://scikit-learn.org/stable/modules/generated/sklearn.model_

election.GridSearchCV.html
7 http://scikit-learn.org
5 
addressed through the concept of XAI. Tools like Local Interpretable
Model-Agnostic Explanations (LIME) [49] and Shapley Additive exPla-
nations (SHAP) [50] are capable of providing explanations independent
of the predictive model.

In this study, SHAP is utilized to interpret the contribution of
features to the prediction. As demonstrated by Lombardi et al. [51],
consider 𝐷 as a dataset of samples 𝐷 =

[(

𝑥1, 𝑦1
)

,
(

𝑥2, 𝑦2
)

,… ,
(

𝑥𝑧, 𝑦𝑧
)]

,
where 𝑥𝑖 denotes the feature vector for sample 𝑖 and 𝑦𝑖 denotes the label
or sample 𝑖. Let 𝑓 be a classifier, and 𝑓𝑥𝑖 the prediction for the test
nstance 𝑖, corresponding to the predicted label. The aim is to elucidate
he contribution of each feature 𝑗 among the 𝑆 features as the average
arginal contribution of the feature value across all possible coalitions,
.e., all possible subsets of feature values with and without the feature
𝑗. A coalition, 𝐹 , is defined as a subset of 𝑆, such that 𝐹 ⊆ 𝑆.

Given that 𝑓𝑥𝑖 (𝐹 ) is the prediction for 𝑓𝑥𝑖 given 𝐹 , the marginal
contribution of adding the 𝑗th feature value to 𝐹 is expressed as:
[

𝑓𝑥𝑖 (𝐹 ∪ 𝑗) − 𝑓𝑥𝑖 (𝐹 )
]

(1)

To calculate the exact Shapley value, all possible subsets of feature
alues excluding the 𝑗th feature value, 𝐹 ⊆ 𝑆− {𝑗}, must be considered:

𝜙(𝑓 , 𝑥) =
∑

𝐹 ⊆𝑆⧵{𝑗}
|𝐹 |! (|𝑆| − |𝐹 | − 1)!

|𝑆|!

[

𝑓𝑥𝑖 (𝐹 ∪ {𝑗}) − 𝑓𝑥𝑖 (𝐹 )
]

(2)

Here, |𝐹 |! represents the number of permutations of feature values
that precede the 𝑗th feature, (|𝑆| − |𝐹 | − 1)! represents the number of
permutations of feature values that follow the 𝑗th feature, and |𝑆|! is
the total number of permutations [50]. The term 𝜙(𝑓 , 𝑥), known as the
HAP value of a single feature, corresponds to the Shapley value in game
heory [50].

The Shapley value quantifies each player’s contribution in a cooper-
tive game with multiple players. SHAP determines the Shapley value
or each feature as if it were a player in the learned model. SHAP values
re computed across all feature combinations, which requires exponen-

tial time. The results of the post-hoc explanation analysis conducted in
this study are presented in Section 5.4.

4.6. MORIX pipeline formalization

A description of the operations performed is provided in the Al-
gorithm 1. It details all the previously described steps useful for the
evelopment of the MORIX approach. Specifically, the algorithm fol-

lows a systematic process to prepare the dataset, train the model, and
analyze the results. Initially, the dataset 𝐷 is split into training and
test sets during the Setup Phase. This is followed by a preprocessing
step where records with missing values are removed from both the
raining and test sets. To ensure that the model is trained on a well-
alanced dataset, the training set is then balanced to equalize the
umber of records for each class. This balancing step is crucial for

improving model performance and fairness. Before training begins, an
undersampling approach is applied to the dataset. Indeed, this step
helps to mitigate class imbalance by reducing the number of samples
from the majority class, which is typically performed if the dataset is
skewed towards one class. The balanced dataset is then used to train the

odel. After training, the Summarization Phase involves computing
HAP (SHapley Additive exPlanations) values for each test instance.
hese values help to interpret and explain the model’s predictions. The
lgorithm then stores the computed SHAP values along with the test
nstances and their corresponding predictions. Finally, in the Final-
zation Phase, the results from the predictions and SHAP values are
ompiled and summarized. This ensures that the summarized data is
ade available for further use or analysis, providing insights into the
odel’s behavior and its decision-making process.

https://imbalanced-learn.org/stable/index.html
https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.RobustScaler.html
https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.RobustScaler.html
https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.GridSearchCV.html
https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.GridSearchCV.html
http://scikit-learn.org
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Algorithm 1 Algorithm of MORIX framework
1: Functions:
2: 𝑠𝑝𝑙 𝑖𝑡𝑡𝑖𝑛𝑔_𝑑 𝑎𝑡𝑎𝑠𝑒𝑡(𝐷): Function to split the dataset 𝐷.
3: 𝑐 𝑙 𝑒𝑎𝑛_𝑑 𝑎𝑡𝑎(𝐷): Function to remove records with missing values from 𝐷.
4: 𝑏𝑎𝑙 𝑎𝑛𝑐 𝑒_𝑑 𝑎𝑡𝑎𝑠𝑒𝑡𝑠(𝐷): Function to equalize the number of records for each

class in 𝐷.
5: 𝑡𝑟𝑎𝑖𝑛_𝑚𝑜𝑑 𝑒𝑙(𝐷): Function to train a model on the dataset 𝐷.
6: 𝑝𝑟𝑒𝑑 𝑖𝑐 𝑡_𝑜𝑢𝑡𝑐 𝑜𝑚𝑒𝑠(𝑚𝑜𝑑 𝑒𝑙 , 𝐷): Function to predict outcomes using the model

on the dataset 𝐷.
7: 𝑐 𝑜𝑚𝑝𝑢𝑡𝑒_𝑠ℎ𝑎𝑝(𝑚𝑜𝑑 𝑒𝑙 , 𝑖𝑛𝑠𝑡𝑎𝑛𝑐 𝑒): Function to calculate SHAP values for the

instance using the model.

8: Inputs:
9: 𝐷: Original dataset.

10: Outputs:
11: 𝑝𝑟𝑒𝑑 𝑖𝑐 𝑡𝑖𝑜𝑛𝑠: Predicted outcomes for the test set.
12: 𝑠ℎ𝑎𝑝_𝑣𝑎𝑙 𝑢𝑒𝑠: SHAP values for the test instances.

13: procedure Setup Phase
14: 𝐷𝑡𝑟𝑎𝑖𝑛, 𝐷𝑡𝑒𝑠𝑡 ← 𝑠𝑝𝑙 𝑖𝑡𝑡𝑖𝑛𝑔_𝑑 𝑎𝑡𝑎𝑠𝑒𝑡(𝐷)
15: 𝐷𝑡𝑟𝑎𝑖𝑛 ← 𝑐 𝑙 𝑒𝑎𝑛_𝑑 𝑎𝑡𝑎(𝐷𝑡𝑟𝑎𝑖𝑛)
16: 𝐷𝑡𝑒𝑠𝑡 ← 𝑐 𝑙 𝑒𝑎𝑛_𝑑 𝑎𝑡𝑎(𝐷𝑡𝑒𝑠𝑡)
17: 𝐷𝑡𝑟𝑎𝑖𝑛 ← 𝑏𝑎𝑙 𝑎𝑛𝑐 𝑒_𝑑 𝑎𝑡𝑎𝑠𝑒𝑡𝑠(𝐷𝑡𝑟𝑎𝑖𝑛)
18: 𝐷𝑡𝑒𝑠𝑡 ← 𝑏𝑎𝑙 𝑎𝑛𝑐 𝑒_𝑑 𝑎𝑡𝑎𝑠𝑒𝑡𝑠(𝐷𝑡𝑒𝑠𝑡)
19: 𝑚𝑜𝑑 𝑒𝑙 ← 𝑡𝑟𝑎𝑖𝑛_𝑚𝑜𝑑 𝑒𝑙(𝐷𝑡𝑟𝑎𝑖𝑛)
20: 𝑝𝑟𝑒𝑑 𝑖𝑐 𝑡𝑖𝑜𝑛𝑠 ← 𝑝𝑟𝑒𝑑 𝑖𝑐 𝑡_𝑜𝑢𝑡𝑐 𝑜𝑚𝑒𝑠(𝑚𝑜𝑑 𝑒𝑙 , 𝐷𝑡𝑒𝑠𝑡)
21: end procedure
22: procedure Summarization Phase
23: for each instance in 𝐷𝑡𝑒𝑠𝑡 do
24: 𝑠ℎ𝑎𝑝_𝑣𝑎𝑙 𝑢𝑒 ← 𝑐 𝑜𝑚𝑝𝑢𝑡𝑒_𝑠ℎ𝑎𝑝(𝑚𝑜𝑑 𝑒𝑙 , 𝑖𝑛𝑠𝑡𝑎𝑛𝑐 𝑒)
25: Store instance, prediction, and 𝑠ℎ𝑎𝑝_𝑣𝑎𝑙 𝑢𝑒
26: end for
27: end procedure
28: procedure Finalization Phase
29: Make the summarized data available for further use or analysis.
30: end procedure

5. Experimental results

This section presents and discusses the experimental evaluation
results of our model for predicting mortality in MAFLD subjects.

Dataset Splitting. The dataset is split into training and testing sets
using the standard 80∕20 method. For reproducibility, the Scikit-learn
library’s train-test split function is employed with a random seed set to
2.8
Decision-Maker Hyperparameter Tuning and Optimization. The

lassifiers employed in this study include MLP, RF, SVM, XGBoost,
and LGBM. Details on these algorithms can be found in Section 4.4.
Hyperparameter tuning for these classifiers is performed using a grid
earch strategy, which is documented for reproducibility.9 This tuning
rocess utilizes a 5-fold cross-validation method, with accuracy as the

evaluation metric. The specific values of the hyperparameters explored
re listed in Table 1 for clarity and reproducibility.

To determine the most effective predictive model, we assessed
he performance of various algorithms using the metrics outlined in
ection 5.1. The results are summarized in Table 2, which presents the

performance of each algorithm in predicting mortality.
Additionally, Confusion Matrices (CMs). are utilized to illustrate the

lassification accuracy during the testing phase, particularly focusing
n the number of subjects misclassified by each algorithm. These
atrices are depicted in Fig. 3, providing a visual representation of

8 https://scikit-learn.org/stable/modules/generated/sklearn.model_
election.train_test_split.html

9 https://scikit-learn.org/stable/modules/generated/sklearn.model_
election.GridSearchCV.html
 s
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the model’s performance in terms of true positives, true negatives, false
positives, and false negatives.

Finally, to determine whether the differences in the accuracy of the
arious models were statistically significant, we performed a statistical
nalysis.

5.1. Evaluation metrics

In this section, metrics based on accuracy are presented. These
etrics, which primarily rely on the CM, are essential for evaluating

the performance of classification models.

Accuracy measures the overall proportion of correct predictions across
the entire dataset:

𝐴𝑐 𝑐 𝑢𝑟𝑎𝑐 𝑦 = 𝑇 𝑃 + 𝑇 𝑁
𝑇 𝑃 + 𝑇 𝑁 + 𝐹 𝑃 + 𝐹 𝑁 (3)

where 𝑇 𝑃 , 𝑇 𝑁 , 𝐹 𝑃 , and 𝐹 𝑁 denote the numbers of true positive, true
negative, false positive, and false negative predictions, respectively.

Recall indicates the fraction of actual positive cases that are correctly
classified:

𝑅𝑒𝑐 𝑎𝑙 𝑙 = 𝑇 𝑃
𝑇 𝑃 + 𝐹 𝑁 (4)

Precision assesses the ratio of correct positive predictions to the total
redicted positives:

𝑃 𝑟𝑒𝑐 𝑖𝑠𝑖𝑜𝑛 = 𝑇 𝑃
𝑇 𝑃 + 𝐹 𝑃 (5)

F1 Score calculates the harmonic mean of precision and recall, provid-
ing a balance between the two when the dataset is imbalanced:

𝐹1 = 2
1

Precision + 1
Recall

= 2 ⋅ Precision ⋅ Recall
Precision + Recall (6)

The F1 score integrates both precision and recall into a unified metric,
making it particularly valuable when handling imbalanced datasets.

Area Under the Receiver Operating Characteristic Curve (AUC)
assesses the model’s capability to differentiate between classes. It is
articularly useful for binary classification problems:

𝐴𝑈 𝐶 =
∑

𝑥−∈𝑋−
∑

𝑥+∈𝑋+ 1(𝑓 (𝑥−) < 𝑓 (𝑥+))
|𝑋− ∥ 𝑋+

|

(7)

where

1(⋅) =
{

1 if 𝑓 (𝑥−) < 𝑓 (𝑥+)
0 otherwise

𝑋+ is the set of positive samples, 𝑋− is the set of negative samples,
𝑓 (⋅) is the result of the model prediction, and 1(⋅) is an indicator
function [52].

5.2. Best model performance evaluation

In this section, a performance comparison of the considered classi-
fiers was carried out. The results are illustrated using CMs and perfor-
mance metrics as shown in Fig. 3 and Table 2.

In particular, the RF model demonstrates superior performance. As
detailed in Fig. 3(b) and Table 2, RF achieves the highest recall (0.84)
and F1 score (0.83) for the Mortality (Yes) class, alongside the highest
recision (0.83) and F1 score (0.83) for the Mortality (No) class. It

also registers the fewest misclassifications for the Mortality (Yes) class
and boasts the best accuracy on the test set (0.83), highlighting its
effectiveness for this task.

Conversely, the XGBoost (XGB) model records the best precision
(0.84) for predicting Mortality (Yes) and the best recall (0.85) for
ortality (No), with Fig. 3(d) showing the lowest number of misclas-

ifications for the Mortality (No) class.

https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.train_test_split.html
https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.train_test_split.html
https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.GridSearchCV.html
https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.GridSearchCV.html
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Fig. 3. Depiction of confusion matrix values during the evaluation of LGBM, MLP, RF, SVM, and XGB classifiers. 0 represents Mortality (No), while 1 represents Mortality (Yes).
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Table 1
List of hyperparameters, their corresponding values, and types for the classification models presented in this study.

Algorithm Hyperparameter Values Type

Multilayer Perceptron random_state {42} Integer
hidden_layer_sizes {(50,), (100,), (50, 50), (100, 150), (100, 100)} Tuple of Integers
activation {relu, tanh, logistic} String
solver {sgd, adam} String
learning_rate {constant, adaptive} String

Random Forest random_state {42} Integer
n_estimators {50, 100, 200} Integer
max_depth {10, 20, 30, None} Integer or None
min_samples_split {2, 5, 10} Integer
min_samples_leaf {1, 2, 4} Integer

Support Vector Machines random_state {42} Integer
C {0.1, 1, 10, 100} Float
gamma {0.1, 0.01, 0.001} Float
kernel {linear, rbf, poly} String

eXtreme Gradient Boosting random_state {42} Integer
max_depth {3, 4, 5} Integer
learning_rate {0.1, 0.01, 0.001} Float
n_estimators {100, 200, 300} Integer

Light Gradient Boosting random_state {42} Integer
learning_rate {0.1, 0.01, 0.001} Float
num_leaves {31, 50, 100} Integer
max_depth {-1, 10, 20, 30, 300} Integer
Table 2
Mortality prediction results for the evaluated algorithms. ‘‘No/Yes’’ indicates mortality status. For each value, the lower and upper bounds of the 95%
CI for each considered metric are provided in brackets.

Classifier

RF XGB MLP LGBM SVM

Precision No 0.83 (0.74, 0.91) 0.81 (0.70, 0.85) 0.78 (0.68, 0.84) 0.78 (0.69, 0.83) 0.78 (0.68, 0.82)
Yes 0.83 (0.74, 0.90) 0.84 (0.72, 0.87) 0.77 (0.66, 0.81) 0.84 (0.71, 0.86) 0.82 (0.70, 0.85)

Recall No 0.82 (0.74, 0.90) 0.85 (0.73, 0.89) 0.76 (0.65, 0.82) 0.85 (0.72, 0.87) 0.82 (0.71, 0.85)
Yes 0.84 (0.75, 0.91) 0.80 (0.68, 0.86) 0.79 (0.67, 0.83) 0.76 (0.65, 0.81) 0.78 (0.67, 0.82)

F1 score No 0.83 (0.76, 0.88) 0.83 (0.72, 0.86) 0.77 (0.66, 0.82) 0.81 (0.70, 0.84) 0.80 (0.69, 0.83)
Yes 0.83 (0.76, 0.89) 0.82 (0.71, 0.85) 0.78 (0.67, 0.82) 0.80 (0.69, 0.84) 0.79 (0.68, 0.82)

Accuracy 0.83 (0.77, 0.88) 0.82 (0.72, 0.85) 0.77 (0.67, 0.81) 0.81 (0.70, 0.84) 0.80 (0.69, 0.83)
AUC 0.88 (0.82, 0.93) 0.88 (0.80, 0.91) 0.88 (0.78, 0.90) 0.88 (0.78, 0.89) 0.86 (0.77, 0.88)
s
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While the Multilayer Perceptron (MLP), Light Gradient Boosting Ma-
chine (LGBM), and Support Vector Machine (SVM) models perform well
n average, they do not exhibit outstanding metrics compared to RF
nd XGB, except for SVM, which achieves the highest Area Under the
eceiver Operating Characteristic Curve (AUC) of 0.89. However, SVM

s noted for its balanced performance and minimal misclassifications
cross both classes, making it the most reliable among the three. In
ontrast, LGBM is identified as the least effective model, with a high
umber of misclassifications, particularly for the Mortality (Yes) class.
iven the primary goal of this work — to accurately identify subjects
t the highest risk of mortality for early physician intervention — the
odel with the fewest errors in predicting Mortality (Yes) is considered

he most suitable. Therefore, RF, with only 13 misclassified samples as
seen in Fig. 3(b), is proposed as the best model.

Specifically, the best model utilized the following hyperparameters:
max_depth = 10, min_samples_leaf = 4, min_samples_split
= 10, n_estimators = 100, and random_state = 42.

Fig. 4 presents the ROC curves for each classifier. Although RF does
not have the highest AUC when compared with SVM, its AUC score
confirms its reliable performance in correctly classifying both Mortality
(No) and Mortality (Yes) classes.

5.3. Statistical analysis

To assess and compare the performance of the different ML mod-
els, a statistical analysis is carried out. The primary objective was
8 
to determine whether the observed model accuracy differences were
tatistically significant. The models evaluated included Random Forest

(RF), Support Vector Machine (SVM), XGBoost, Multi-Layer Perceptron
(MLP), and LightGBM.

To assess the robustness and significance of differences in model
ccuracies, a bootstrap analysis [53] was conducted. Therefore, for each

model considered, 1000 bootstrap samples were generated from the test
et, and the accuracy of each model was computed for each bootstrap
ample.

Moreover, based on previous evaluations, the Random Forest (RF)
model was identified as the best-performing model. For each of the
ther models (SVM, XGBoost, MLP, LightGBM), a paired t-test was
onducted to compare the bootstrap accuracies against those of the RF
odel. The following metrics were computed for each comparison:

• T-statistic: A measure of the difference in accuracies between the
models.

• P-value: Indicates the statistical significance of the observed
differences.

• Mean Difference: The average difference in accuracies between
the Random Forest model and the compared model.

• 95% Confidence Interval (CI): The lower and upper bounds of
the 95% CI for the mean difference.

As shown in Table 3, the statistical analysis confirmed that the dif-
ferences in accuracies between the RF model and the others were
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Fig. 4. Representation of ROC curve and AUC for each model under study.
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Table 3
Results of the t-test on bootstrapped datasets comparing the best model (Random Forest)
s the best configurations of all other considered models.
Model T-statistic 𝑃 -value Mean difference (95% CI)

XGBoost 2.62 <0.01 0.004 (−0.082, 0.082)
MLP 20.03 <0.01 0.028 (−0.057, 0.113)
LightGBM 17.20 <0.01 0.023 (−0.063, 0.101)
SVM 19.94 <0.01 0.028 (−0.057, 0.113)

statistically significant (𝑃 -value < 0.01), as determined by the statisti-
cal analysis. Figs. 5 and 6 show the distributions of bootstrap accuracies
and their relative differences. Therefore, it demonstrates the superior
erformance of the RF model compared to other considered models.

5.4. Explainability results

To elucidate the decision-making process of the chosen best model,
n XAI analysis is conducted. The goal of XAI analysis is to enhance
he transparency of the model by analyzing and comparing its decision
trategy. This facilitates a deeper understanding of the algorithmic rea-
oning and the specific contributions of each feature to the prediction
utcome.

XAI analysis is performed using the SHAP (SHapley Additive exPla-
ations) library in Python,10 which is applied post-hoc to the RF model

detailed in Section 5.2. Fig. 7 displays a global synthesis diagram gen-
erated from SHAP values, illustrating the influence of anthropometric
and biochemical parameters on model predictions.

The diagram portrays the feature importance in descending order
from top to bottom). The horizontal position of each dot indicates
hether the feature influences the prediction towards the positive or

10 https://shap.readthedocs.io/en/latest/index.html
9 
negative class. The color coding (red for positive and blue for negative)
further helps in visualizing the direction of each feature’s impact on the
rediction outcome.

Shapley values are pivotal as they provide insights into the predic-
ion direction from a clinical perspective. As depicted in Fig. 7, the

features 𝐴𝑔 𝑒 and 𝑊 𝑒𝑖𝑔 ℎ𝑡 emerge as the most and least significant, re-
spectively, indicating that 𝐴𝑔 𝑒 is the predominant variable influencing
mortality risk prediction.

This analysis confirms that the model has accurately identified 𝐴𝑔 𝑒
as the most critical variable for the task at hand, aligning with clinical
xpectations and enhancing trust in the model’s predictive capabilities.

To deepen our understanding of how individual features impact
he prediction of outcomes, an extended XAI analysis was conducted.
his analysis focuses on the contribution of each feature during the
rediction phase and evaluates their explanatory power within the
odel.

Fig. 8 illustrates the incremental impact of key variables on the
model’s explanatory power. Notably, the variable 𝐴𝑔 𝑒 alone accounts
for 60% of the explanation provided by the model. When the variable
𝐵 𝑙 𝑜𝑜𝑑 𝐺 𝑙 𝑢𝑐 𝑜𝑠𝑒 is added, the combined features explain over 70% of the
model. Incorporating the remaining features, including 𝐿𝐷 𝐿, 𝐴𝑙 𝑘𝑎𝑙 𝑖𝑛𝑒
𝑃 ℎ𝑜𝑠𝑝ℎ𝑎𝑡𝑎𝑠𝑒, 𝐶 ℎ𝑜𝑙 𝑒𝑠𝑡𝑒𝑟𝑜𝑙, and 𝑊 𝑒𝑖𝑔 ℎ𝑡, brings the total explained vari-
ance to 100%.

This analysis underscores that the selected set of features is optimal
for the task at hand. It demonstrates that these features collectively
provide a complete and nuanced understanding of the model, affirming
their appropriateness and efficacy in capturing the dynamics of the
predicted outcomes.

To further assess the performance of the RF model, we examined its
predictive behavior on two randomly selected subjects from the test set,
representing the Mortality (No) and Mortality (Yes) classes, respectively.

Fig. 9 illustrates the SHAP value analysis for a prediction ofMortality
(Yes). The figure displays positive and negative SHAP values on the left
and right sides, respectively, highlighting the competing influences on
the model’s decision.

https://shap.readthedocs.io/en/latest/index.html
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Fig. 5. Distribution of bootstrapped accuracies for the compared models.

Fig. 6. Distribution of differences in bootstrapped accuracies comparing the best model (Random Forest) against other models.

Fig. 7. Visualization of Shapley values for the anthropometric and biochemical parameters analyzed.
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Fig. 8. Percentage of the incremental impact of key variables on the model’s explanatory power.
Fig. 9. SHAP value analysis demonstrating the influence of various features on the prediction of Mortality (Yes) for a test subject using the RF model.
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As depicted in Fig. 9, features such as 𝐴𝑔 𝑒, 𝑊 𝑒𝑖𝑔 ℎ𝑡, 𝐶 ℎ𝑜𝑙 𝑒𝑠𝑡𝑒𝑟𝑜𝑙,
and 𝐴𝑙 𝑘𝑎𝑙 𝑖𝑛𝑒 𝑃 ℎ𝑜𝑠𝑝ℎ𝑎𝑡𝑎𝑠𝑒 positively influence the prediction, implying
a higher likelihood of mortality. Conversely, 𝐵 𝑙 𝑜𝑜𝑑 𝐺 𝑙 𝑢𝑐 𝑜𝑠𝑒 and 𝐿𝐷 𝐿
egatively impact the prediction, suggesting a lower likelihood of
ortality.

Similarly, Fig. 10 shows the SHAP value analysis for a prediction of
ortality (No), indicating which features predominantly influence this

outcome.
In Fig. 10, the features 𝐴𝑔 𝑒, 𝐵 𝑙 𝑜𝑜𝑑 𝐺 𝑙 𝑢𝑐 𝑜𝑠𝑒, 𝐿𝐷 𝐿, and 𝐶 ℎ𝑜𝑙 𝑒𝑠𝑡𝑒𝑟𝑜𝑙

egatively influence the prediction of Mortality (No), whereas 𝑊 𝑒𝑖𝑔 ℎ𝑡
nd 𝐴𝑙 𝑘𝑎𝑙 𝑖𝑛𝑒 𝑃 ℎ𝑜𝑠𝑝ℎ𝑎𝑡𝑎𝑠𝑒 exert a positive influence, suggesting a devi-
tion from the expected mortality risk. This dual analysis using SHAP
alues provides critical insights into how specific features drive the
redictions made by the RF model, offering valuable explanations for
ach predicted class.
11 
6. MORIX Web User Interface

After identifying the best RF model and conducting XAI analysis,
the RF model was exported through Python’s pickle11 library. This ap-
proach ensures that the model does not require retraining for each new
rediction, thereby enhancing efficiency. Furthermore, we developed
 user-friendly web application using HTML and CSS [54] (Fig. 11),
hich allows physicians to interact seamlessly with the model loaded

in the backend using Python’s joblib12 library. This setup ensures robust
performance during real-time predictions.

The interface of the user web application is designed to be intuitive,
guiding physicians through the process of entering data and receiving
predictions. Indeed, it not only provides mortality risk predictions and
their probability but also visualizes the impact of each variable on the

11 https://docs.python.org/3/library/pickle.html
12 https://joblib.readthedocs.io/en/stable/

https://docs.python.org/3/library/pickle.html
https://joblib.readthedocs.io/en/stable/
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Fig. 10. SHAP value analysis demonstrating the influence of various features on the prediction of Mortality (No) for a test subject using the RF model.
prediction outcome through SHAP Waterfall plots, thereby promoting
transparency and trust in the model’s decisions. Example scenarios are
outlined below:

1. High-Risk Prediction: On the one hand when the model pre-
dicts a high risk of mortality, as indicated by a 97% probability
due to elevated factors like high blood glucose levels (Fig. 12),
physicians receive a detailed breakdown. The SHAP plot identi-
fies high glucose as a critical factor. This prompts the physician
to prioritize glucose management, potentially adjusting medica-
tions, recommending lifestyle changes, and scheduling frequent
follow-ups to closely monitor the patient’s condition.

2. Low-Risk Prediction: On the other hand, if the model indicates
a low risk of mortality with a 77% probability, showing stable
indicators such as lower age and balanced cholesterol levels
(Fig. 13), the physician might opt for a less aggressive approach.
This scenario suggests continuing with routine monitoring and
perhaps focusing on preventive measures to maintain current
health levels. The SHAP plot serves as a reassurance that the
current health management strategies are effective, reducing the
need for immediate interventions.

As previously described, both scenarios illustrate the application’s
potential to aid in clinical decision-making by providing physicians
with a data-driven tool that complements their expertise and enhances
patient care strategies. This approach not only improves efficiency but
also ensures personalized care by tailoring medical interventions based
on individual risk profiles generated by the model.

The integration of the web application with the trained RF model
was implemented using python’s flask13 library. A flask object handles
requests from the web, serving an HTML file that facilitates interaction
with the RF algorithm.

7. Conclusion and further directions

In this paper, we proposed MORIX, a framework that seamlessly
integrates ML and XAI to predict mortality in MAFLD subjects.

The framework is composed of four main components: (1) a Data
preparer that handles data preprocessing operations; an (2) Predictor
that executes predictions of Mortality Risk using ML techniques; (3) a
Explainer that interprets the best-model results and provides explana-
tions for the model’s predictions, and (4) a User Interface that provides
a graphical representation of training and explanation results via a web
app. Therefore, it allows physicians to interact with the AI algorithm.

We conducted a comparison between five ML models to ascer-
tain the optimal model for predicting the Mortality (Yes) or Mortality
(No) classes and implemented an explainability analysis to delineate

13 https://flask.palletsprojects.com/en/3.0.x/
12 
Fig. 11. Home screen of MORIX web user interface able to represent the mortality
risk Mortality (No/Yes) for a subject with MAFLD.

how each feature contributes to the predictions, aiding physicians in
decision-making.

Our approach included experiments to confirm that the chosen
features accurately represent mortality risk, ensuring that significant
predictors are used without redundancy to avoid the double-dipping
problem.

The experimental results highlight the RF model’s superior perfor-
mance, achieving precision, recall, and F1 scores of (0.83, 0.82, 0.83)
for theMortality (No) class, and (0.83, 0.84, 0.83) for theMortality (Yes)
class, respectively. Additionally, the best model attained an accuracy of
0.83 and an AUC of 0.88.

This method enables physicians to proactively recommend lifestyle
changes, such as diet and physical activity, in alignment with the find-
ings of Curci et al. [22], while also relying on the model explanation.

However, our current approach has limitations. The dataset used
was initially unbalanced, which hindered the classification perfor-
mance. We addressed this issue by applying an undersampling tech-
nique to balance the dataset, significantly improving the model’s per-
formance. Furthermore, despite performing undersampling, all 528
samples are representative of the population. This population is homo-
geneous, as all residents follow the Mediterranean diet and reside in

https://flask.palletsprojects.com/en/3.0.x/
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Fig. 12. Representation of the MORIX web user interface, representing the Risk
Mortality (Yes), with a probability of 97%, for a subject with MAFLD.

Fig. 13. Representation of the MORIX web user interface, representing the Risk
Mortality (No), with a probability of 77%, for a subject with MAFLD.

the cities of Castellana and Putignano (Italy), constituting a unified de-
mographic population [18] and [6]. Currently, no comparable studies
are developing a MAFLD mortality classifier, which limits our ability
to benchmark against other models.

Future work should focus on expanding the dataset size and di-
versity to enhance model robustness and generalizability also in other
kinds of population. Efforts will include incorporating data from local
hospitals and research institutions, allowing the dataset to better reflect
a broader population and capture a wider range of demographic and
clinical characteristics. Additionally, the exploration of Deep Learn-
ing (DL) algorithms could offer new insights and improve predictive
13 
accuracy, particularly in predicting mortality in MAFLD subjects. Us-
ing methods such as bootstrapping or cross-validation has mitigated
some limitations by assessing model stability; however, larger and
more varied datasets will further enhance confidence in these findings.
Expanding the dataset and applying advanced DL techniques will not
only strengthen the reliability of our results but also support the
development of predictive models with broader clinical applicability.
Furthermore, we will explore the relationships between the disease and
its risk factors, which, while beyond the scope of the present study,
represent a promising direction for future research.

Regarding the developed web application, improvements will in-
clude: (a) optimizing the backend to handle requests even more ef-
ficiently, possibly by exploring the use of additional lightweight web
frameworks alongside Flask to enhance server-side operations; (b) im-
proving data management capabilities by integrating advanced data
validation techniques and incorporating real-time data processing to
ensure accuracy and responsiveness before making predictions, and
(c) strengthening security measures by incorporating the latest ad-
vances in cybersecurity to protect user data and model integrity, while
continuously mitigating risks such as data breaches and unauthorized
access.
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