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ABSTRACT
Background and Aim: Noninvasive tests (NITs), such as platelet-based indices and ultrasound/MRI elastography, are widely 
used to assess liver fibrosis in metabolic dysfunction-associated steatotic liver disease (MASLD). However, platelet counts are not 
routinely included in Japanese health check-ups, limiting their utility in large-scale screenings. Additionally, elastography, while 
effective, is costly and less accessible in routine practice. Most existing AI-based models incorporate these markers, restricting 
their applicability. This study aimed to develop a simple yet accurate AI model for liver fibrosis staging using only routine demo-
graphic and biochemical markers.
Methods: This retrospective study analyzed biopsy-proven data from 463 Japanese MASLD patients. Patients were randomly as-
signed to training (N = 370, 80%) and test (N = 93, 20%) cohorts. The AI model incorporated age, sex, BMI, diabetes, hypertension, 
hyperlipidemia, and routine blood markers (AST, ALT, γ-GTP, HbA1c, glucose, triglycerides, cholesterol).
Results: The Support Vector Machine model demonstrated high diagnostic performance, with an area under the curve (AUC) 
of 0.886 for detecting significant fibrosis (≥ F2). The AUCs for advanced fibrosis (≥ F3) and cirrhosis (F4) were 0.882 and 0.916, 
respectively. Compared to FIB-4, APRI, and FAST score (0.80–0.96), SVM achieved comparable accuracy while eliminating the 
need for platelet count or elastography.
Conclusion: This AI model accurately assesses liver fibrosis in MASLD patients without requiring platelet count or elastogra-
phy. Its simplicity, cost-effectiveness, and strong diagnostic performance make it well-suited for large-scale health screenings 
and routine clinical use.
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1   |   Introduction

Metabolic dysfunction-associated steatotic liver disease 
(MASLD) has emerged as one of the most common chronic 
liver diseases worldwide [1]. MASLD is a heterogeneous con-
dition that is strongly associated with diabetes mellitus (DM), 
hypertension (HT), hyperlipidemia (HL), obesity, and metabolic 
syndrome [1]. Although ethnic differences in the incidence of 
MASLD have been reported, this condition is found in approxi-
mately 30% of the world's population and is expected to remain 
the most prevalent form of the disease globally [2]. Metabolic 
dysfunction-associated steatohepatitis (MASH) includes in-
flammation/fibrosis and is a more progressed form of MASLD. 
In MASLD patients, chronic inflammation leads to liver fibro-
sis, which may progress to cirrhosis and hepatocellular carci-
noma [3]. Beyond liver-related complications, MASLD is also 
associated with an increased risk of cardiovascular disease and 
extrahepatic malignancies [4, 5].

Liver fibrosis is the strongest predictor of liver-related and car-
diovascular events, underscoring the need for early detection 
and timely intervention [6–8]. Although liver biopsy remains 
the gold standard for fibrosis assessment, its invasive nature and 
associated risks limit its widespread use. Consequently, nonin-
vasive tests (NITs) such as FIB-4 and APRI have become widely 
adopted, alongside imaging-based methods like ultrasound (US) 
and MRI elastography [9, 10].

In Japan, the nationwide health check-up program (Tokutei-
Kenshin) plays a crucial role in preventive medicine, targeting 
individuals aged 40 and older to detect metabolic diseases and 
associated risk factors [11]. In Fiscal Year 2021 alone, 30.39 mil-
lion people underwent Tokutei-Kenshin, representing approx-
imately a quarter of the Japanese population [12, 13]. Despite 
its large-scale implementation, the program lacks an effective 
liver fibrosis screening component. One major limitation is the 
absence of platelet count in routine health check-ups, making 
conventional platelet-based NITs such as FIB-4 and APRI im-
practical. While alternative biomarkers like type 4 collagen 7S, 
M2BPGi, autotaxin, and ELF scores, as well as elastography, 
have been proposed, their high cost limits their feasibility for 
large-scale screenings [14–17].

Recent advancements in artificial intelligence (AI) have facili-
tated the development of diagnostic models for MASLD [18–20]. 
However, most existing AI models incorporate platelet count or 
elastography, limiting their applicability in population-based 
screenings where these parameters are not routinely available. 
To address this gap, we developed an AI-based model that pre-
dicts fibrosis solely using routinely available demographic and 
biochemical markers, ensuring high diagnostic accuracy while 
enhancing accessibility and scalability.

2   |   Methods

2.1   |   Patients

This retrospective, cross-sectional study was approved by the 
Committee for Medical Ethics of Shinshu University School of 
Medicine (ID number: 2802) and was performed following the 

Helsinki declaration of 1975, 1983 revision. Informed consent 
was obtained from all patients. We enrolled 463 biopsy-proven 
Japanese MASLD patients who were admitted to Shinshu 
University Hospital (Matsumoto, Japan) between 2003 and 2022 
[21]. Other causes of liver disease were ruled out, including al-
cohol intake (> 20 g/day), viral hepatitis, drug-induced liver 
injury, autoimmune liver disease, Wilson's disease, hereditary 
hemochromatosis, and citrine deficiency [22, 23]. Patients were 
considered to have DM with a fasting glucose level of ≥ 126 mg/
dL or hemoglobin A1c (HbA1c) level of ≥ 6.5%, or if they were 
taking insulin or oral hypoglycemic agents [24]. Patients were 
considered to have HT if their systolic/diastolic pressure was 
> 140/90 mmHg or if they were taking anti-hypertensive drugs 
[25]. Patients were judged as having HL if their fasting serum 
levels of total cholesterol, low-density lipoprotein cholesterol 
(LDL-C), or triglyceride (TG) were ≥ 220 mg/dL, ≥ 140 mg/
dL, or ≥ 150 mg/dL, respectively, or if they were taking lipid-
lowering drugs [26]. Body weight and height were measured be-
fore liver biopsy in an overnight fasting condition. Biochemical 
tests were obtained in an overnight fasting state on the day of 
liver biopsy, including liver tests, serum lipids, fasting blood 
sugar (FBS), and HbA1c. APRI was calculated as 100*(aspar-
tate aminotransferase [AST]/upper normal limit of AST [U/L]/
platelet count [*109/L]). FIB-4 index was determined as (age 
[years]*AST [U/L])/(platelet count [*109/L]*√alanine amino-
transferase [ALT] [U/L]) [27]. In this study, the FibroScan-AST 
(FAST) score was applied to 48 patients. The FAST score was 
calculated using the formula: FAST = (0.395 × liver stiffness 
measurement [LSM]) + (0.025 × controlled attenuation parame-
ter [CAP]) − (0.014 × AST) − 1.264.

2.2   |   Liver Biopsy and Histological Assessment

Liver specimens of at least 1.5 cm in length were obtained from 
segment 5 or 8 using 14-gauge needles, as described previously, 
and immediately fixed in 10% neutral formalin. Sections of 4 μm 
in thickness were cut and stained using the hematoxylin and 
eosin and Azan-Mallory methods. The histological activity of 
MASLD was assessed by an independent expert pathologist 
in a blinded manner according to the non-alcoholic fatty liver 
disease scoring system proposed by Kleiner et al. [28]. Steatosis 
was graded as 1 to 3 based on the rate of steatotic hepatocytes 
(5%–33%, > 33%–66%, and > 66%, respectively). Lobular inflam-
mation was graded as 0 to 3 based on the overall assessment of 
all inflammatory foci (no foci, < 2 foci/200× field, 2–4 foci/200× 
field, and > 4 foci/200× field, respectively). Ballooning grade 
was scored as 0 to 2 by the frequency of ballooned hepatocytes 
(none, few, and many, respectively). Fibrosis stage was scored 
as follows: F0, none; F1, perisinusoidal or periportal; F2, peris-
inusoidal and portal/periportal; F3, bridging fibrosis; and F4, 
cirrhosis. Significant fibrosis was defined as ≥ F2 [29]. Patients 
with uncorrectable coagulopathy, severe thrombocytopenia, 
massive ascites, or an inability to cooperate during the proce-
dure were excluded from liver biopsy.

2.3   |   Conventional Statistical Techniques

Continuous variables are expressed as the median and in-
terquartile range and compared with Student's t-test or the 
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Mann–Whitney U test, as appropriate. The chi-squared test was 
used for the comparison of categorical variables. Delong's test 
was employed to compare the significance of receiver operating 
characteristic (ROC) curves. A p value of < 0.05 (2-tailed test) 
was considered statistically significant.

2.4   |   Data Analysis

Machine learning was performed using Python 3.9 software 
(Scipy version 1.9.3, Scikit-learn version 1.2.1) [30]. Data analy-
sis was conducted with the R (version 4.3.1) and pROC package 
(version 1.18.4) [31].

3   |   Machine Learning Techniques

3.1   |   Dataset

Random splits were made using the API of scikit-learn, a Python 
machine learning package. Subject data were randomly divided 
into two groups, the training dataset (N = 370) and the test dataset 
(N = 93), using the stratified split method (test size = 20%) in scikit-
learn to homogenize the ratio of fibrosis in both groups (Figure 1). 
Models were trained using data from the training cohort, and test 
data were used only to evaluate the final model's performance.

3.2   |   Parameters

The parameters of age, sex, body mass index (BMI), presence of 
DM, HT, and HL, and levels of AST, ALT, γ-glutamyl transpep-
tidase (γ-GTP), HbA1c, TG, HDL-cholesterol (HDL-C), LDL-C, 
and FBS were considered. These data are routinely collected in 
the Japanese health checkup system.

3.3   |   Training and Evaluation of Models

The models trained included Logistic regression, Support Vector 
Machine (SVM) [32], Random Forest [33], XGBoost [34], and 

LightGBM [35]. Logistic Regression is commonly used for binary 
classification, modeling the relationship between inputs and the 
target variable to predict probabilities. Its linear nature makes 
it interpretable and effective for linearly separable data, serving 
as a baseline for complex models. SVM is a classification and 
regression algorithm that finds an optimal hyperplane to sep-
arate classes. Effective for high-dimensional and small sample 
datasets, SVM can handle non-linear data through the kernel 
trick, making it useful in fields like image and text classification. 
Random Forest is an ensemble method that combines multiple 
decision trees to enhance accuracy and reduce overfitting, mak-
ing it robust and effective for both classification and regression 
tasks. Its feature importance evaluation is valuable in explor-
atory analysis. XGBoost, a high-performance gradient boosting 
algorithm, enhances prediction accuracy through boosting and 
regularization and is optimized for speed and sparse data, ex-
celling in structured data tasks like classification and ranking. 
LightGBM, another gradient boosting framework, focuses on 
speed and memory efficiency, using a leaf-wise growth strategy 
and histogram-based decision rules, making it ideal for large 
datasets and high-dimensional, sparse data where resource ef-
ficiency is key.

Before model training, missing value processing was conducted 
with the k-nearest neighbors imputer (Figure  S1) [36]. Details 
of the missing values in the data set are shown in Table S1. The 
modeling flow for this study is summarized in Figure  1. To 
assess the models' generalization performance, we employed 
the cross-validation technique. Specifically, we used 10-fold 
cross-validation in the training dataset and performed hyper-
parameter tuning [37]. In 10-fold cross-validation, the training 
dataset was randomly divided into 10 subsets. The models were 
trained using nine of these subsets (training subsets) and eval-
uated on the remaining subset (validation subset). This process 
was repeated across all 10 subsets, and the average area under 
the curve (AUC) over the 10 folds was used as the performance 
metric.

Model performance was evaluated and hyperparameters were 
tuned based on the average AUC values from 10-fold cross-
validation. The search range for hyperparameters in each model 

FIGURE 1    |    Flow chart of this study. AUC: area under the curve, LGBM: LightGBM, LR: logistic regression, MASLD: metabolic dysfunction-
associated steatosis liver disease, n.s.: not significant, RF: Random Forest, SVM: Support Vector Machine, TPR: true positive rate, XGB: XGBoost.
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is as shown in Table S2. Using these optimal hyperparameters, 
final models for each algorithm were constructed and trained 
on the entire training dataset. To address the risk of overfit-
ting, models were assessed on the training dataset to evaluate 
their training adequacy (model performances are shown in 
Figure S2), and the final performance was assessed using AUC, 
sensitivity, and specificity with the test dataset. The model with 
the best diagnostic performance was selected. This best model's 
performance was compared to the established indices of FIB-4 
and APRI in terms of AUC, sensitivity, and specificity. To im-
prove the interpretability of the final models, coefficients for 
linear models (Logistic regression and Support Vector Machine) 
and feature importances for tree-based models (Random Forest, 
XGBoost, LightGBM) were used to identify the factors contrib-
uting to the diagnosis.

4   |   Results

4.1   |   Patient Characteristics

Patient characteristics are summarized in Table 1. Overall, the 
median age was 56 years, with a female predominance (43.8% 
male). The median BMI of 26.6 kg/m2 indicated that the patients 
were overweight as an Asian population [38]. The concurrence 
of DM was seen in 172 cases (37.1%), HT in 187 cases (40.4%), and 
HL in 287 cases (62.0%). F0, F1, F2, F3, and F4 were judged in 83 
cases (17.9%), 198 cases (42.8%), 55 cases (11.9%), 99 cases (21.4%), 
and 28 cases (6.0%), respectively (Table  S3). Comparisons be-
tween the significant fibrosis (≥F2) and non-significant fibrosis 

(F0-1) group are presented in Table 2 and Table S4. Age, BMI, 
AST, ALT, and γ-GTP were significantly higher, while LDL-C 
was significantly lower in the significant fibrosis group (≥F2). 
Patients with significant fibrosis (≥ F2) also had a significantly 
higher prevalence of DM and HT as well as a significantly lower 
prevalence of HL.

4.2   |   Significant Fibrosis Diagnostic Ability

Modeling was performed as shown in Figure 1. Figure 2 dis-
plays the significant fibrosis (≥ F2) diagnostic performance of 
the test dataset. The model with the highest AUC was Support 
Vector Machine (AUC: 0.886), followed next by Logistic re-
gression (AUC: 0.877), XGBoost (AUC: 0.852), and Random 
Forest (AUC: 0.810). Although there were no significant dif-
ferences between the models, the Support Vector Machine 
model had a relatively higher AUC (0.886), sensitivity (0.857), 
specificity (0.785), and negative value (0.927) than the other 
models (Table 3).

4.3   |   Comparison With Existing NITs

Comparisons of diagnostic performance in the test dataset at 
each fibrosis stage among the Support Vector Machine model, 
FIB-4 index, and APRI are shown in Figure 3A–C and Table 4. 
For the diagnosis of significant fibrosis (≥ F2), the Support Vector 
Machine model achieved AUC values that were nearly equivalent 
to those of FIB-4 index and APRI, with a higher sensitivity and 

TABLE 1    |    Characteristics of patients.

N = 463 Median/N IQR/% Training dataset (N = 370) Test dataset (N = 93) p

Age (years) 56 42–65 56 (42–65) 52 (39–61) 0.0902

Male 203 43.8% 155 (41.9%) 48 (51.6%) 0.1159

Diabetes mellitus 172 37.1% 140 (37.8%) 32 (34.4%) 0.6229

Hypertension 187 40.4% 152 (41.1%) 35 (37.6%) 0.6260

Hyperlipidemia 287 62.0% 236 (63.8%) 51 (54.8%) 0.1418

BMI (kg/m2) 26.6 24.0–30.3 26.8 (24.1–30.5) 26.0 (23.9–29.8) 0.5672

AST (U/L) 48 31–72 48 (31–72) 47 (31–71) 0.9209

ALT (U/L) 69 41–109 69 (41–111) 72 (47–107) 0.4452

γ-GTP (U/L) 54 37–90 54 (35–90) 55 (39–89) 0.4959

TG (mg/dL) 124 91–163 124 (90–166) 121 (95–148) 0.8511

HDL-C (mg/dL) 51 44–59 51 (44–59) 52 (45–60) 0.2479

LDL-C (mg/dL) 126 106–146 127 (106–147) 126 (100–141) 0.4553

HbA1c (%) 5.7 5.3–6.2 5.7 (5.3–6.2) 5.7 (5.2–6.0) 0.2014

FBS (mg/dL) 106 96–119 108 (97–120) 103 (93–117) 0.0307

APRI 0.6 0.4–1.0 0.6 (0.4–1.0) 0.6 (0.4–1.1) 0.9305

FIB-4 index 1.4 0.8–2.4 1.5 (0.8–2.4) 1.3 (0.8–2.3) 0.416

Abbreviations: γ-GTP: gamma-glutamyl transferase, ALT: alanine aminotransferase, APRI: aspartate aminotransferase-to-platelet ratio Index, AST: aspartate 
aminotransferase, BMI: body mass index, FBS: fasting blood sugar, FIB-4: fibrosis 4, HbA1c: hemoglobin A1c, HDL-C: high-density lipoprotein cholesterol, IQR: 
interquartile range, LDL-C: low-density lipoprotein cholesterol, TG: triglyceride.



5 of 9

negative predictive value than the other indicators (Figure 3A, 
Table 4). For diagnosing ≥ F3 and F4, this model yielded AUC 
values of 0.882 and 0.916, respectively (Figure 3B,C), which in-
dicated high diagnostic performance on par with FIB-4 index 
and APRI. Additionally, Figure S3 presents a comparison of the 
AUC values for each fibrosis stage among the Support Vector 

Machine model, FIB-4 index, APRI, and FAST score, limited to 
the 48 patients with available FAST score data. The results show 
that the Support Vector Machine model demonstrates equiva-
lent performance to the other indices.

Figure  4 demonstrates the feature importance of the Support 
Vector Machine AI model. Age, BMI, AST, and the presence of 
DM were indicative of significant fibrosis (≥ F2), whereas ALT, 
and the presence of HL did not. In other words, the absence of 
the latter variables supported the existence of significant fibrosis 
(≥ F2). Whereas the presence of DM was supportive of significant 
fibrosis (≥ F2), HbA1c showed an inverse trend. This could have 
potentially reflected a decrease in hemoglobin due to fibrosis 
progression.

5   |   Discussion

5.1   |   Main Findings

This study presents an AI-based diagnostic model for liver fibro-
sis, specifically designed for Japan's health check-up system by 
eliminating the need for platelet count and elastography. Using 
clinical and biochemical data obtained from routine biopsy pro-
cedures, the Support Vector Machine model demonstrated diag-
nostic accuracy comparable to established NITs, including the 
FIB-4 index, APRI, and FAST score. Key predictive variables in-
cluded age, sex, BMI, DM, HT, HL, and serum markers such as 
AST, ALT, γ-GTP, HbA1c, TG, HDL-C, LDL-C, and FBS.

TABLE 2    |    Comparisons of patients with significant fibrosis and non-significant fibrosis grade.

Non-significant fibrosis, 
F0-1 (N = 281)

Significant fibrosis, 
≥ F2 (N = 182) p

Age (years) 50 (34–61) 61 (54–68) < 0.0001

Male 145 (51.6%) 58 (31.9%) < 0.0001

Diabetes mellitus 85 (30.2%) 87 (47.8%) 0.0002

Hypertension 95 (33.8%) 92 (50.5%) 0.0005

Hyperlipidemia 189 (67.3%) 98 (53.8%) 0.005

BMI (kg/m2) 25.6 (23.5–29.4) 27.9 (25.0–31.2) < 0.0001

AST (U/L) 38 (27–61) 63 (46–102) < 0.0001

ALT (U/L) 64 (36–102) 80 (51–132) 0.0003

γ-GTP (U/L) 52 (34–85) 60 (44–98) 0.0076

TG (mg/dL) 127 (93–168) 116 (87–150) 0.0585

HDL-C (mg/dL) 50 (44–59) 52 (46–59) 0.2213

LDL-C (mg/dL) 130 (112–150) 120 (98–140) 0.0012

HbA1c (%) 5.6 (5.2–6.0) 5.8 (5.4–6.5) 0.0021

FBS (mg/dL) 103 (95–115) 110 (100–127) < 0.0001

APRI 0.4 (0.3–0.7) 1.0 (0.6–1.6) < 0.0001

FIB-4 index 1.0 (0.6–1.6) 2.5 (1.7–3.7) < 0.0001

Abbreviations: γ-GTP: gamma-glutamyl transferase, ALT: alanine aminotransferase, APRI: aspartate aminotransferase-to-platelet ratio Index, AST: aspartate 
aminotransferase, BMI: body mass index, FBS: fasting blood sugar, FIB-4: fibrosis 4, HbA1c: hemoglobin A1c, HDL-C: high-density lipoprotein cholesterol, IQR: 
interquartile range, LDL-C: low-density lipoprotein cholesterol, TG: triglyceride.

FIGURE 2    |    Diagnostic ability for significant fibrosis (≥ F2) in the 
final model. AUC curves. Support vector machine had the best AUC, 
followed by logistic regression and XGBoost, but no significant differ-
ence was observed. AUC: area under the curve, FPR: false positive rate, 
n.s.: not significant, TPR: true positive rate.
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5.2   |   Context With Published Literature

Liver fibrosis assessment has shifted from invasive procedures 
to noninvasive approaches. While liver biopsy remains the de-
finitive method, NITs such as FIB-4 and APRI have gained 
clinical utility, while newer biomarkers (e.g., M2BPGi, throm-
bospondin 2, autotaxin) and imaging techniques (e.g., US and 
MRI elastography) have further improved diagnostic accuracy 
[14, 16, 39–45].

Recent advances in AI have further expanded the landscape 
of fibrosis diagnostics [20, 46–51]. Machine learning models 
have demonstrated high accuracy, yet most rely on platelet 
count and elastography, limiting their use in population-based 
screenings where these parameters are not routinely available 
[20, 46–51]. Additionally, the high cost and accessibility issues 
of imaging-based diagnostics restrict their feasibility for large-
scale implementation.

Our model overcomes these limitations by eliminating the need 
for platelet count or elastography while maintaining compara-
ble diagnostic performance. By utilizing only routinely available 
demographic and biochemical markers, such as age, BMI, AST, 

ALT, glucose, HbA1c, and cholesterol, it is highly compatible 
with Japan's health check-up system, where cost-effective and 
scalable diagnostic tools are essential.

Another critical aspect of AI-driven diagnostics is interpretabil-
ity, which facilitates clinical acceptance [52]. Our model's reli-
ance on well-established metabolic risk factors—age, BMI, AST, 
and DM—aligns with their documented roles in fibrosis pro-
gression [27]. Conversely, the inverse relationship of ALT and 
HbA1c with advanced fibrosis, as previously reported [53, 54], 
reinforces its biological plausibility and clinical relevance in 
MASLD management.

5.3   |   Strengths and Limitations

A key strength of this study is the development of an AI-based 
fibrosis assessment model independent of platelet count and 
imaging, making it particularly suitable for large-scale screen-
ings. The model demonstrated diagnostic accuracy comparable 
to conventional NITs while relying solely on routinely avail-
able biochemical and demographic markers, ensuring cost-
effectiveness and scalability.

TABLE 3    |    Diagnostic performance of machine learning models for identifying significant fibrosis (≥ F2) in the Test Dataset.

AUC (95% CI) Cut-off
Sensitivity 

(95% CI)
Specificity 

(95% CI)
Positive 

predictive value
Negative 

predictive value

Light GBM 0.825 
(0.714–0.908)

0.441 0.929 
(0.786–1.000)

0.631 
(0.523–0.769)

0.520 (0.440–0.619) 0.954 (0.867–1.000)

Logistic regression 0.877 
(0.806–0.950)

0.431 0.821 
(0.679–0.964)

0.800 
(0.692–0.892)

0.639 (0.534–0.767) 0.912 (0.849–0.980)

Random Forest 0.810 
(0.738–0.921)

0.381 0.857 
(0.714–0.964)

0.646 
(0.477–0.708)

0.480 (0.400–0.574) 0.907 (0.829–0.977)

XGBoost 0.852 
(0.767–0.933)

0.381 0.857 
(0.714–0.964)

0.692 
(0.584–0.800)

0.546 (0.457–0.657) 0.918 (0.849–0.980)

Support Vector 
Machine

0.886 
(0.795–0.941)

0.389 0.857 
(0.679–0.964)

0.785 
(0.677–0.892)

0.631 (0.522–0.758) 0.927 (0.845–0.980)

Abbreviations: AUC: area under the curve, CI: confidence interval.

FIGURE 3    |    Comparisons of diagnostic ability for fibrosis grade in the test dataset. AUC curves for diagnosing ≥ F2 (A), ≥ F3 (B), and F4 (C). 
There was no significant difference in the diagnostic performance of the FIB-4 index, Support Vector Machine, and APRI for diagnosing any stage 
of fibrosis. APRI: aspartate aminotransferase-to-platelet ratio Index, F: fibrosis stage, FIB-4: fibrosis 4, FPR: false positive rate, n.s.: not significant, 
TPR: true positive rate.
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However, certain limitations should be noted. This study was 
retrospective and conducted at a single center, introducing po-
tential selection bias. Additionally, the sample size was one-third 
of the 1202 cases estimated by Riley et al. as necessary for opti-
mal predictive modeling [55]. Further validation across diverse 
populations is required to assess the model's generalizability.

5.4   |   Future Implications

This study demonstrates that an AI-based fibrosis assessment 
model, utilizing only routinely available clinical markers, can 

achieve diagnostic accuracy comparable to conventional NITs. 
Its integration into health check-up programs offers a practical, 
scalable solution for fibrosis screening, allowing for early identi-
fication and intervention in MASLD patients.
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