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Abstract: This study aims to construct and
validate machine learning models for liver
disease prediction, screen the optimal model,
and interpret the model using Shapley
Additive exPlanations (SHAP) and Feature
Permutation Method (FPM). The '"Liver
Disease Patient Dataset 30K train data"
released on the Kaggle platform was selected,
with a total of 16,308 samples included,
including 11,669 patients with liver disease
(71.55%), and 5-fold cross-validation was
performed. Derivative processing was
performed on the original features, and four
algorithms were used to construct prediction
models. Model performance was assessed
using the area under the receiver operating
characteristic curve (AUC). Meanwhile,
model interpretability was illustrated using
performance radar charts, decision curve
analysis, feature permutation importance
figures, and SHAP visualization plots. In the
test set via 5-fold cross-validation, the
gradient boosting decision tree (GBDT)
delivered the best overall performance, with
an average AUC of 0.9995 (95% CI: 0.9990-
1.0000). The SHAP heatmap and feature
permutation importance plot showed that
ALT/ALP and ALP had the greatest impact
on liver disease identification. Four machine
learning models for liver disease prediction
were successfully constructed and validated,
among which the GBDT model performed the
best, which can offer a dependable basis for
the early screening of clinical patients with
liver disease.
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1. Introduction

Liver disorders have grown into a widespread
health concern affecting millions of people
across the globe [1]. In research on liver disease
prediction, the proportion of subtype prediction
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is too high, while basic liver disease prediction is
insufficient [2,3]. At present, most subtype
studies take diagnosed liver disease patients as
research objects, providing a basis for precise
intervention in the progressive stage of the
disease, but do not involve the early
identification of basic liver disease. Therefore, it
is urgent to develop a simple, non-invasive, and
more efficient clinical identification model to
enable early, accurate screening and
identification of patients with liver disease [4].
Machine learning technology has been
extensively applied in population disease
prediction and diagnosis. Polat proposed a
classification algorithm based on Fuzzy Logic
Artificial Immune Recognition System (Fuzzy-
AIRS), with an accuracy of 83.36% for
classifying liver disease datasets, which had
advantages over the AIRS algorithm in
classification time and accuracy, and could
provide technical support for in-depth research
on patient diagnosis and early prevention in the
general population [5]. Tripathi constructed
early diagnosis models for liver disease using
three machine learning algorithms: Decision
Tree, Bagging Classifier, and XGBoost, all with
accuracies exceeding 99%, illustrating the
potential of machine learning in non-invasive,
scalable, and accurate liver disease diagnosis [6].
Mounita Ghosh employed multiple machine
learning approaches to diagnose liver disease,
among which the best-performing random forest
obtained an accuracy of 83.70% [7]. Lin Ronghe
used 510 outpatients with liver disease diagnoses
as a dataset, and the accuracy of CART in
classifying liver disease was 92.94% with small
samples [8].

Previous studies on liver disease prediction have
limited reference value, with the existing
prediction accuracy only about 0.85. Most
conclusions are based on small sample sizes or
inadequately representative data, and the
interpretability of the models is also poor.

In view of this, we will introduce the Feature
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Permutation Method (FPM) and Shapley
Additive exPlanations (SHAP) framework to the
optimal model to enhance the interpretability of
the model [9].

2. Data

The data utilized in this research was derived
from the "Liver Disease Patient Dataset 30K
train data" made available on the Kaggle
platform, and there has been no previous
research that employed this dataset for the
construction of a liver disease prediction model.
Among 30,689 samples, 3,531 samples with
missing values and 122 samples with illogical
data (total bilirubin content less than direct
bilirubin content) were removed, duplicate
samples were screened, and 16,308 samples
were finally retained.

2.1 Data Collection

Original features: age, gender, total bilirubin
(TBIL), direct bilirubin (DBIL), alkaline
phosphatase (ALP), alanine aminotransferase
(ALT), aspartate aminotransferase (AST), total
protein (TP), albumin (ALB), albumin/globulin
ratio.

Derived variables:

Indirect bilirubin (IBIL):

IBIL = TBIL — DBIL. (D
Globulin (GLO):
GLO =TP - ALP. 2)
ALT/AST ratio:
AST
ASTIALT = Z7 . (3)
TBIL/ALB ratio:
TBIL
TBIL/ ALB = 5. 4)
TBIL/DBIL ratio:
TBIL
TBIL | DBIL = 1y (5)
ALT/ALP ratio:
ALT
ALT | ALP = /. (6)
ALB/ALP ratio:
ALB
ALB | ALP = 7 5. (7)

2.2 Statistical Methods

Excel and MATLAB 2023b were used for data
sorting, and MATLAB 2023b for data analysis
and visualization. After normality testing, all
quantitative  variables showed non-normal
distributions. MATLAB 2023b software was
used to construct and compare models—the test
level 0=0.05.
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2.3 Data Preprocessing

In the current research, the 16,308 samples were
randomly partitioned into five independent
subsets. Four subsets were used for model
training, and the remaining one subset was
adopted to validate model effectiveness.

2.4 Model Construction and Validation

The model was manually adjusted during
training, and 5-fold cross-validation was
adopted. Model training and validation based on
separate training subsets can effectively estimate
the effectiveness of machine learning models,
consequently decreasing the likelihood of
overfitting. Finally, four prediction models were
established: extremely randomized trees (Extra-
Trees), random forest (RF), gradient boosting
decision trees (GBDT), and back-propagation
neural networks (BPNN) [10]. The receiver
operating characteristic (ROC) curve was
applied to estimate the model’s discrimination
capacity, and AUC, accuracy, recall, precision,
F1 score, and other indicators were calculated.
The model with the maximum AUC score was
chosen as the optimum model. A risk assessment
tool was established using the best-performing
model to enable clinicians' efficient and accurate
identification of liver disease.

2.5 Interpretability Analysis

Although machine learning models achieve good
predictive performance, their results are difficult
to interpret, and a single analysis has limitations.
Therefore, this study used SHAP values and a
feature-permutation method to analyze the
influence of each variable on liver disease within
the optimal model and to visualize the
contribution of a single variable to the model's
output. The Feature Permutation Method (FPM)
is a classic method for quantifying the
contribution of features to model prediction. Its
core principle is to destroy the original
correlation between the feature and the outcome
variable by randomly perturbing the value of a
single feature while keeping the others
unchanged, and then observing changes in model
performance (e.g., accuracy) to evaluate the
feature's importance.

3. Results

3.1 Characteristics
The analysis involved 16,308 samples, of which
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11,669 (71.55%) were diagnosed with liver
disease. The proportion of males was high in
both groups, and there were statistically
significant differences in all variables except age
(all P<0.05). See Table 1.

Table 1. Baseline Characteristics of the

Healthy Group and the Liver Disease Group

Variable No(l;lnzlilérg(;up Livfgrrgisl::ase Z/IZ ’ Pu;/al
(n=11669) |value

Age(years)| #3000 | LCH Looa 036
Gender 0.98 [<0.001
Male | 3232(69.67) | 8127(69.65)

Female | 1407(30.33) | 3542(30.35)

Lo | Lo
(B,SII/IZ) 0'200.2%)20’ 0'51%%)2 " sy <0001
Tl T
o P T
TP(g/1) 6'67%50')90’ 6'57953)70’ 2.17 |<0.001
ALB(g/1) 3"2%20')90’ 3'039(620')50’ 22.43/<0.001
ALB/GLO 1'0192%)90’ 0'919(1%)70’ 24.19/<0.001
(,},E)I;/LL) 0'600.%)50’ 0'919(9%)6 " hogyfF0001
GLO(«/1) [3.20(2.90,3.60) 3'330_(930';)0= 6 0gl<0-001
ALT/AST |1.12(0.84,1.53) 1'212_8')84’ {0001
TBIL/ALB 0'206,&%)20’ 0'415_205')26’ 1 g <0.001
TBIL/DBIL 3'2%3(’)')00’ 2'647_820';)9= 32.771<0.001
ALT/ALP 0'105;%)10’ 0'10%08')10’ 16.750-001
ALB/ALP 0'0(%02')01’ 0'%1.802')01’ 36.24/<0.001
3.2 Model Comparison

The GBDT model performed best on the test set,
with the highest levels of all indicators. The
average AUC value, average accuracy, average
recall, average precision, and average F1 were
0.9995 (95% CI: 0.9990-1.0000), 0.9997,
0.9998, 0.9997, and 0.9998, respectively, as
shown in Figure 1. The data results indicated
that GBDT achieved the highest indicators and
the best overall performance; in terms of clinical
practicability, the GBDT model showed a
substantial net benefit in a wide scope of
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threshold probabilities, as illustrated in Figure 2.
Therefore, GBDT was selected as the best

model.
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Figure 1. Performance Radar Charts of
Machine Learning Models on the Test Set
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3.3 Interpretability Analysis

From the SHAP heatmap and SHAP mean
absolute value bar chart, it can be seen that
ALT/ALP and ALP had the greatest impact on
liver disease identification, as shown in Figure 3.
In the variable importance plot under the feature
permutation method, ALT/ALP, ALT/AST, and
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ALP had the greatest impact on liver disease
identification, as shown in Figure 4.
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Figure 3. Visual Explanation of Machine
. Learning Models with SHAP Values
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Figure 4. Variable Importance based on
Feature Permutation

4. Discussion

Constructing a convenient and efficient liver
disease risk prediction model based on routine
clinical indicators has important practical value
for primary medical institutions and large-scale
epidemiological surveys. This study used the
Kaggle database to construct a clinical
prediction model for early screening of liver
disease.
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Studies have shown that models such as Extra-
Trees, RF, and GBDT show excellent
performance in liver disease prediction, among
which GBDT has the best comprehensive
performance: AUC is as high as 0.9995 (95%
CI:  0.9990-1.0000), and accuracy, recall,
precision and F1 score are all close to 1.0
(0.9997, 0.9998, 0.9997, 0.9998 respectively),
indicating that the model has a strong ability to
identify liver fibrosis and almost no deviation in
positive and negative sample classification.
Compared with existing studies, the innovations
of this study are as follows: (1) Focusing on the
basic question of "whether to suffer from liver
disease", filling the gap in current research
where subtype prediction accounts for too high a
proportion while basic prediction is insufficient,
and can be directly applied to basic liver disease
screening in healthy people; (2) Most previous
studies relied on original biochemical indicators
to construct models with a single feature
dimension, which was difficult to reflect liver
conditions fully. This study integrated 10
original indicators and 8 derived ratios. The
derived indicators cover multiple dimensions
such as  bilirubin  metabolism  (IBIL,
TBIL/DBIL), enzymatic balance (ALT/AST,
ALT/ALP), and liver synthesis and metabolism
coordination (TBIL/ALB, ALB/ALP), which
can more comprehensively capture subtle
changes in liver injury and provide data feature
support for achieving high model performance;
(3) Most previous liver disease prediction
studies constructed models based on single-
center small sample (<1000 cases) data, which
were affected by sample representativeness,
regional differences and other factors, resulting
in large result bias and limited generalization
ability. After strict data cleaning (removal of
missing values, logical abnormalities, and
duplicate samples), this study included 16,308
samples, of which 71.55% were from patients
with liver disease. The sample size was 10-20
times that of previous studies and included
population data from multiple regions
worldwide, effectively reducing sampling error
and ensuring the model's stability and
applicability.

The study has the following limitations: (1)
Although the Kaggle dataset has a large sample
size and a wide range of data sources, there may
be implicit biases in regional and population
characteristics, and the detection standards of
different medical centers and baseline
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characteristics of patients are also different. The
model performance in this study was based
solely on internal 5-fold cross-validation, with
no cross-population or cross-center external
validation. (2) To ensure data quality, samples
with missing values and duplicates were deleted
in the preprocessing stage. Although data bias
was reduced, it may lead to sample size
reduction, and deleting samples with missing
values may introduce selection bias; (3) Limited
by the Kaggle database, this study cannot obtain
specific subtype information of liver disease
patients. The model can only judge "whether to
suffer from liver disease" and cannot distinguish
subtypes. The pathogenesis and treatment
strategies of different liver disease subtypes are
significantly different, and prediction based only
on "whether to suffer from the disease" is
difficult to meet the needs of precision medicine.
For future investigations, it is essential to
combine subtype annotation data to construct a
hierarchical prediction model to realize two-step
prediction of "first judge whether to suffer from
the disease, then distinguish subtypes"; (4) This
study is a cross-sectional study, which only
predicts liver disease status based on baseline
indicators and cannot verify the model's ability
to predict "whether liver disease will occur in the
future".

In conclusion, four machine learning models for
predicting liver disease were constructed and
validated in this study, among which the GBDT
model performed the best, providing a reliable
reference for the early clinical screening of liver
disease patients. Future research can further
improve  the model's practicality by
incorporating  multi-center ~ external  data,
supplementing subtype information, optimizing
methods for handling missing values, etc.,
thereby providing stronger support for the
precise prevention and management of liver
disease.
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