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Abstract: Objectives: To develop and validate a risk prediction model for alcoholic fatty liver disease (AFLD) based
on clinical characteristics and liver stiffness measurements. Methods: This retrospective cohort study included
148 AFLD patients and 148 healthy controls from a tertiary hospital between January 2018 and December 2023.
Participants underwent biochemical tests (lipid profile, liver function, uric acid) and liver stiffness measurements
using Elastography Protocol for Quantification (Elast PQ). The external validation cohort, was from another hospital,
with data collected from May 2019 to December 2023. It included 90 patients diagnosed with AFLD and 90 healthy
controls. Machine learning methods (random forest, support vector machine, logistic regression) were employed to
compare model performance. Logistic regression was used to identify predictive factors. Model performance was
evaluated using Receiver Operating Characteristic (ROC) curve analysis, confusion matrices, calibration curves,
and Decision Curve Analysis (DCA). Results: Univariate analysis revealed significant associations between body
mass index (BMI), alcohol consumption, blood lipids, and liver function with AFLD (P < 0.001). Multivariate analysis
identified high-aensity lipoprotein (HDL) (P = 0.041), alanine aminotransferase (ALT) (P = 0.007), and Elast PQ (P
= 0.038) as independent risk factors. The logistic regression model showed an area under the curve (AUC) of 0.81
in the training set, 0.67 in the validation set, and 0.79 in the external validation cohort. The optimal cutoff value of
0.403 maximized sensitivity (0.62) and specificity (0.69), with an accuracy of 0.66. DCA indicated a high clinical net
benefit. The risk prediction score enables rapid AFLD risk assessment and demonstrates strong predictive ability.
Conclusions: The AFLD risk prediction model, based on clinical features and liver stiffness assessment, exhibits
strong predictive power and significant clinical value for early diagnosis and management.
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Introduction techniques, both of which have notable limita-

tions. Liver biopsy is invasive and costly, while

Alcoholic fatty liver disease (AFLD) is a liver dis-
order resulting from chronic excessive alcohol
consumption, leading to fat accumulation in
the liver. It is among the most prevalent liver
diseases worldwide. According to the World
Health Organization (WHO), the prevalence of
alcohol-related liver diseases is steadily incre-
asing, making it a leading cause of liver trans-
plantation and liver cancer [1]. Early diagnosis
of AFLD is essential for effective disease man-
agement, since untreated fatty liver may prog-
ress to more severe conditions, such as alco-
holic hepatitis, liver fibrosis, cirrhosis, and liver
cancer [2]. Currently, the clinical diagnosis of
AFLD relies heavilyon liver biopsy and imaging

imaging methods often fail to accurately detect
early fat deposition and assess the extent of
liver fibrosis [3, 4]. In response to these limi-
tations, non-invasive diagnostic technologies
have become a major focus of research for
early AFLD detection. One promising approach
is the Elastography Protocol for Quantification
(Elast PQ), a novel non-invasive method for
assessing liver stiffness. Elast PQ has demon-
strated promise in diagnosing various liver dis-
eases [5], and it reflects liver fibrosis and fat
deposition by evaluating liver stiffness. It has
shown high sensitivity and specificity, particu-
larly for the diagnoses of non-alcoholic fatty
liver disease (NAFLD) and liver cirrhosis [6, 71].
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However, while Elast PQ has been successfully
used to assess liver fibrosis, its application for
the early diagnosis of AFLD is still in its infancy.
Moreover, its combined use with other biomark-
ers remains insufficiently validated. As such,
exploring the clinical value of combining Elast
PQ with conventional biochemical markers is
an ongoing research focus.

The pathogenesis of AFLD is multifactorial,
involving dysregulated fat metabolism, hepato-
cellular injury, and inflammatory responses [8].
Clinically, routine biochemical markers such as
blood lipids, liver function markers, and uric
acid levels are commonly used in AFLD diagno-
sis [9]. Elevated triglycerides (TG) and total cho-
lesterol (TC) are typically associated with liver
fat accumulation, while liver function markers
such as alanine aminotransferase (ALT) and
aspartate aminotransferase (AST) reflect liver
cell damage and inflammation [10, 11]. More-
over, elevated blood uric acid (UA) levels are
strongly associated with the development and
progression of fatty liver. Recent studies indi-
cate that UA, a metabolic waste product, not
only correlates with metabolic syndrome but
also exacerbates liver damage by triggering oxi-
dative stress and inflammation [12]. However,
individual biomarkers have limitations due to
their susceptibility to factors like diet, physi-
cal activity, and coexisting liver disease. As a
result, the integration of multiple biomarkers,
especially for early liver disease screening, is
increasingly viewed as a promising strategy to
improve diagnostic accuracy. Research has
demonstrated that a comprehensive evalua-
tion of blood lipids, liver function, and uric acid
levels can enhance the sensitivity and specific-
ity of AFLD diagnosis [9]. Despite this, the com-
bined use of Elast PQ and other biomarkers
for early AFLD screening remains insufficiently
explored, and there is currently no systematic
multi-biomarker diagnostic model available.

This study aims to investigate the clinical utility
of combining Elast PQ with conventional bio-
chemical markers for the early diagnosis of
AFLD. This would be a novel strategy for ear-
ly screening of AFLD through multi-biomarker
analysis, overcoming the limitations of individu-
al markers and strengthening diagnostic accu-
racy. By selecting the optimal model using
machine learning and integrating clinical fea-
tures, this study may provide a personalized
and practical tool for early AFLD screening.
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Materials and methods
Study design and participants

This retrospective cohort study aimed to evalu-
ate the clinical utility of combining Elast PQ
technology with blood lipid profiles, liver func-
tion tests, and blood uric acid levels for the
early diagnosis of AFLD. Participants were
selected from the electronic medical records
of a tertiary hospital, including both AFLD
patients and healthy controls, between January
2018 and December 2023. AFLD patients were
either suspected or confirmed cases with a his-
tory of excessive alcohol consumption (men >
40 g/day, women > 20 g/day). The inclusion of
suspected cases allowed for the evaluation of
the diagnostic method in the early stages of the
disease, in which symptoms may not yet be evi-
dent but early detection is critical. Confirmed
cases were included in order to validate the
diagnostic approach in patients with a defini-
tive diagnosis, as a positive control. The heal-
thy control group consisted of individuals with
no history of liver disease and normal liver
function.

148 AFLD patients and 148 healthy controls
were enrolled, resulting in a total sample size of
296 participants. This study was approved by
the ethics committee of Beijing Huilongguan
Hospital. Given the retrospective nature of the
study and the anonymized handling of data,
informed consent was waived. The sample size
was calculated through power analysis (80%
statistical power, a = 0.05) to ensure adequate
statistical power.

Inclusion and exclusion criteria

AFLD patients were diagnosed based on im-
aging techniques (e.g., ultrasound, computed
tomography [CT], or magnetic resonance imag-
ing [MRI]) and biochemical markers, alongside
a history of excessive alcohol consumption
(men =40 g/day, women > 20 g/day). Exclusion
criteria included the presence of other liver
diseases (such as viral hepatitis, non-alcoholic
fatty liver disease, or autoimmune liver dis-
ease), recent alcohol cessation (within 3 mon-
ths), and other significant comorbidities (e.g.,
advanced heart disease, kidney disease, or
metabolic disorders) that may confound liver
disease assessment [13, 14]. The control gr-
oup consisted of individuals with no history of
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liver disease, normal liver function, and no
excessive alcohol consumption. Controls were
matched to the AFLD group based on age and
gender.

Additionally, the model was further validated
using an external cohort obtained from an-
other hospital, with data collected from May
2019 to December 2023. This external valida-
tion aimed to assess the model’s generalizabil-
ity across different clinical settings. A total of
90 AFLD patients and 90 healthy individuals
were included. The inclusion criteria for AFLD
patients and healthy controls in the external
cohort were consistent with those used in the
original study, and the same screening proce-
dures were applied.

Clinical data and laboratory tests

Basic clinical data, including gender, age, alco-
hol consumption, weight, and height, were
extracted from the electronic medical record
system for all participants. Laboratory tests
included blood lipid profile, liver function tests,
and blood uric acid levels. Blood lipid measure-
ments (total cholesterol [TC], triglycerides [TG],
low-density lipoprotein [LDL], and high-density
lipoprotein cholesterol [HDL-C]) were performed
using the Cobas 8000 series biochemical ana-
lyzer (Roche Diagnostics). All samples were col-
lected in the morning after an overnight fast
and analyzed within 24 hours, with blood sam-
ples stored at 4°C. Liver function tests, includ-
ing alanine aminotransferase [ALT], aspartate
aminotransferase [AST], and gamma-glutamyl
transferase [GGT], were conducted using the
Beckman Coulter AU5800 automatic analyzer.
Blood uric acid levels were measured using the
same analyzer. All blood samples were venous,
collected after an overnight fast, and serum
samples were stored at 4°C before analysis
within 24 hours.

Elast PQ technology measurement

Elast PQ is a non-invasive tool for assessing
liver stiffness to evaluate the degree of liver
fibrosis. All AFLD patients underwent liver stiff-
ness measurement using the PHILIPS (IU-Elite)
ultrasonic diagnostic instrument (Philips, Eind-
hoven, Netherlands), which employs Transient
Elastography (TE) to quantify liver stiffness in
kilopascals (kPa). Each subject underwent at
least 10 measurements, with reliable values
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(success rate > 60%, IQR/M ratio < 30%)
selected for analysis. Based on liver stiffness
values, the Elast PQ helps identify the degree
of liver fibrosis.

Data processing and model development

Data preprocessing and grouping: All collected
data were preprocessed using R software (ver-
sion 4.0.3). Missing values were imputed, outli-
ers detected, and the data were standardized
to ensure quality. The dataset was then split
into a training set (70%) and a validation set
(30%) for model development and validation.

Machine learning methods: To optimize the
diagnostic model, machine learning methods,
including Random Forest (RF), Support Vector
Machine (SVM), and Logistic Regression (LR),
were employed. The training set was used to
develop a predictive model, and its perfor-
mance was compared using Receiver Operat-
ing Characteristic (ROC) curves.

Univariate and multivariate logistic regression
analysis: Univariate logistic regression analysis
was initially done to examine the relationship
between each variable (including Elast PQ
parameters, blood lipids, liver function, and
blood uric acid) and AFLD. Statistically signifi-
cant variables (P < 0.05) identified in the uni-
variate analysis were selected to test as inde-
pendent predictors for subsequent multivariate
logistic regression analysis.

Multivariate logistic regression analysis was
performed to develop an AFLD diagnostic
model, incorporating clinical features (e.g.,
alcohol consumption history, BMI). A bidirec-
tional stepwise regression method, involving
both forward and backward selection, was
used to identify the optimal predictive factors.
Model fitting and selection were guided by the
Akaike Information Criterion (AIC).

ROC curve and AUC analysis: ROC curve analy-
sis was employed to assess the diagnostic per-
formance of the model. The area under the
curve (AUC) was calculated to assess sensitivi-
ty, specificity, and accuracy. A higher AUC indi-
cates greater diagnostic power. Various pa-
rameter combinations were compared, and
the optimal combination was selected for final
validation.
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Table 1. Comparison of baseline characteristics between AFLD and control groups

Variable Total (n = 296) AFLD (n = 148) Control (n = 148) Statistic P
Age, Mean + SD 45.07 + 15.35 43.96 + 15.36 46.19 £ 15.31 t=-1.25 0.212
Sex, n (%) x>=3.04 0.081

0 151 (51.01) 83 (56.08) 68 (45.95)

1 145 (48.99) 65 (43.92) 80 (54.05)
BMI, M (Q,, Q,) 26.49 (22.55, 31.53) 30.40 (23.99, 32.66) 23.48 (21.71, 29.13) Z=-6.12 <0.001
Alcohol, M (Q,, Q,) 40.00 (10.00, 107.25) 86.00 (16.00, 116.00) 15.00 (8.00, 81.50) Z=-5.03 < 0.001
TC, M (Q,, Q,) 5.82 (5.31, 6.53) 6.23 (5.55, 6.75) 5.59 (5.16, 6.06) Z=-456 <0.001
TG, M (Q,, Q) 1.91 (1.25, 3.22) 2.75 (1.64, 3.53) 1.44 (1.11, 2.21) Z=-6.45 <0.001
LDL, Mean + SD 3.61+0.84 3.82+0.86 3.40+0.77 t=4.45 <0.001
HDL, M (Q,, Q,) 1.20 (0.96, 1.55) 1.02 (0.91, 1.33) 1.35(1.09, 1.64) Z=-6.20 <0.001
ALT, M (Q,, Q,) 40.00 (23.00, 90.25) 76.50 (33.00, 106.00) 30.00 (19.75,58.00) Z=-6.79 <0.001
AST, M (Q,, Q) 53.50 (33.75, 97.50) 74.00 (42.75, 115.50) 45.50 (31.00, 70.00) Z=-5.12 <0.001
GGT, M (Q,, Q,) 59.50 (36.75, 113.00) 93.50 (44.75, 128.00) 45.00 (33.75, 78.25) Z=-5.65 <0.001
UA, M (Q,, Q,) 405.83 (335.80, 522.80) 465.86 (373.63,553.49) 371.16 (317.37,444.13) Z=-5.43 <0.001
ElastPQ, M (Q,, Q,) 6.51 (4.90, 10.12) 9.02 (5.43, 11.00) 5.35(4.77,8.11) Z=-6.33 <0.001

t: ttest, Z: Mann-Whitney test, x*: Chi-square test, SD: standard deviation, M: Median, Q,: 1st Quartile, Q,: 3st Quartile, AFLD: Alcoholic Fatty Liver
Disease, TC: Total Cholesterol, TG: Triglycerides, LDL: Low-Density Lipoprotein, HDL: High-Density Lipoprotein Cholesterol, ALT: Alanine Amino-
transferase, AST: Aspartate Aminotransferase, GGT: Gamma-Glutamyl Transferase, UA: Uric Acid, Elast PQ: Elastography Protocol for Quantifica-

tion.

Model validation and evaluation: The classi-
fication accuracy of the model was evaluated
using confusion matrices, which provided met-
rics including the correct classification rate,
false positive rate, false negative rate, and
overall accuracy. Additionally, calibration curves
were used to assess the agreement between
the predicted probabilities and actual clinical
outcomes. Decision Curve Analysis (DCA) was
employed to evaluate the net clinical benefit of
the model under various decision thresholds.

Statistical analysis

All statistical analyses were performed using
R, version 4.4.0 and Zstats software (www.
zstats.net). Continuous variables were expre-
ssed as means + standard deviations (Mean +
SD), and group comparisons were conducted
using independent sample t-tests or Mann-
Whitney U tests, depending on the data distri-
bution. Categorical variables were compared
using the Chi-square test. Univariate and multi-
variate logistic regression analyses were per-
formed for variable selection and model devel-
opment. Statistical significance level was set at
P < 0.05.

Results
Baseline characteristics comparison

A total of 148 patients with AFLD and 148
healthy controls were included in this study.
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The average age of the AFLD group was 43.96
+ 15.36 years, while the control group had a
mean age of 46.19 + 15.31 years. Males com-
prised 43.92% and 54.05% of the AFLD and
control groups, respectively. No significant dif-
ferences were observed between the two
groups in terms of age or gender distribution.
However, the AFLD group had significantly high-
er BMI and daily alcohol consumption com-
pared to the control group (P < 0.001). Addi-
tionally, AFLD patients showed significantly
elevated levels of TC, TG, and LDL (P < 0.001),
and significantly lower levels of HDL (P < 0.001).
Liver function markers (ALT, AST, GGT), blood
uric acid levels, and liver stiffness (measured
by Elast PQ, kPa) were also significantly higher
in the AFLD group (P < 0.001) (Table 1). No sig-
nificant differences were found between the
training and testing sets regarding baseline
characteristics (P > 0.05), indicating no bias in
selecting the two groups (Table 2).

Model selection using machine learning

To determine the optimal diagnostic model, we
compared the classification performance of RF,
SVM, and LR models. ROC curve analysis indi-
cated that the LR model achieved the highest
AUC value (AUC = 0.803), followed by the RF
model (AUC = 0.777) and the SVM model (AUC
= 0.688) (Figure 1). Statistical comparisons
revealed that the LR model had a significantly
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Table 2. Balance check between training set and validation set

Variable Total (n = 296) validation (n = 89) train (n = 207) Statistic P
Age, Mean + SD 45.23 + 15.34 46.59 + 14.58 44.65 + 15.65 t=1.00 0.317
Sex, n (%) x>=0.02 0.879
0 151 (51.01) 46 (51.69) 105 (50.72)
1 145 (48.99) 43 (48.31) 102 (49.28)
BMI, M (Q,, Q,) 28.04 (22.57, 31.60) 26.51 (21.80, 32.06) 28.17 (22.76, 31.35) Z=-0.38 0.707

Alcohol, M (Q,,Q,)  62.00 (10.00, 108.00)

40.50 (10.25, 100.50)

62.50 (10.25, 108.75) Z=-0.33 0.739

¢, M (Q,, Q,) 5.83 (5.32, 6.58) 5.86 (5.32, 6.58) 5.82 (5.32, 6.57) Z=-007 0945
G, M (Q, Q,) 2.06 (1.25, 3.26) 1.94 (1.26, 3.40) 2.06 (1.25, 3.17) Z=-050 0.619
LDL, Mean + SD 3.62£0.85 3.55 + 0.86 3.65 £ 0.84 t=-1.02 0.309
HDL, M (Q,, Q,) 1.19 (0.96, 1.55) 1.18 (0.97, 1.53) 1.19 (0.96, 1.55) z=-015 0.879
ALT, M (Q,, Q,) 43.50 (23.00, 91.00) 40.00 (24.00, 87.50) 4850 (23.00,92.50) Z=-0.14 0.893
AST, M (Q,, Q,) 55.00 (34.00, 100.00) 56.50 (34.50, 94.00) 54.00 (34.00, 101.00) Z=-0.21 0.830
GGT, M (Q,, Q.) 61.50 (37.75, 113.00) 56.50 (39.00, 110.75)  64.00 (36.25, 113.00) Z=-0.35 0.725
UA, M (Q, Q,) 407.45 (336.40, 526.18) 408.81 (340.42, 541.81) 406.14 (335.78,516.91) Z=-0.97 0.332

ElastPQ, M (Q,, Q,) 7.12 (4.91, 10.16)

6.61 (4.85, 9.80)

7.12 (4.94, 10.24) Z=-0.20 0.843

t: t-test, Z: Mann-Whitney test, x?: Chi-square test, SD: standard deviation, M: Median, Q,: st Quartile, Q,: 3st Quartile, AFLD: Alcoholic Fatty Liver
Disease, TC: Total Cholesterol, TG: Triglycerides, LDL: Low-Density Lipoprotein, HDL: High-Density Lipoprotein Cholesterol, ALT: Alanine Amino-
transferase, AST: Aspartate Aminotransferase, GGT: Gamma-Glutamyl Transferase, UA: Uric Acid, Elast PQ: Elastography Protocol for Quantifica-

tion.
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Figure 1. The classification performances of the Random Forest, Sup-
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eral variables, including BMI,
alcohol consumption, TC, TG,
LDL, HDL, ALT, AST, GGT (P <
0.001). Additionally, blood uric
acid and liver stiffness (P =
0.001) were identified as sig-
nificant predictors. After ad-
justing for potential confound-
ers, the multivariate logistic
regression model incorporat-
ed age, alcohol consumption,
LDL, HDL, ALT, and Elast PQ,
and the results confirmed th-
at HDL (P = 0.041), ALT (P =
0.007), and Elast PQ (P =
‘ 0.038) were significantly asso-
0 ciated with AFLD (Tables 3, 4).

Model construction and valida-

port Vector Machine (SVM) and Logistic Regression models are compared tion

through machine learning. AUC: Area Under the Curve.

higher AUC than the SVM model (P < 0.05),
while no significant difference was observed
between LR and RF (P = 0.22). These results
suggest that the LR model provided the best
classification performance for AFLD diagnosis.

Univariate and multivariate logistic regression
analysis

Univariate logistic regression analysis revealed
significant associations between AFLD and sev-
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The model demonstrated st-

rong performance in the train-
ing set (207 cases), with an AUC of 0.81 (95%
Cl: 0.75-0.87), indicating excellent discrimina-
tory power in AFLD diagnosis (Figure 2A). The
calibration curve also confirmed a high degree
of agreement between predicted probabilities
and actual clinical outcomes (Figure 3A). The
optimal cutoff value, identified through ROC
curve analysis, was 0.403, which maximized
sensitivity (0.71) and specificity (0.80), yielding
an accuracy of 0.76 (Figure 3).
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Table 3. Univariate logistic regression analysis

Univariate Logistic Regression

Variable
B S.E. Z P OR (95% Cl)

Age -0.01 0.01 -1.26 0.208 0.99 (0.97-1.01)
BMI 0.19 0.03 5.71 <0.001 1.21(1.13-1.29)
Alcohol 0.02 0.00 5.24 <0.001 1.02(1.01-1.02)
TC 0.98 0.20 4.80 <0.001 2.67 (1.79-3.99)
TG 0.88 0.15 5.67 <0.001 2.41(1.78-3.26)
LDL 0.72 0.18 4.04 <0.001 2.06 (1.45-2.93)
HDL -3.18 0.54 -5.89 <0.001 0.04 (0.01-0.12)
ALT 0.03 0.00 6.26 <0.001 1.03(1.02-1.04)
AST 0.02 0.00 5.13 <0.001 1.02(1.01-1.03)
GGT 0.02 0.00 5.49 <0.001 1.02(1.01-1.03)
UA 0.01 0.00 4.97 0.001 1.01(1.01-1.01)
ElastPQ 0.36 0.06 6.15 0.001 1.44(1.28-1.61)
Sex

0 1.00 (Reference)

1 -0.50 0.28 -1.78 0.074 0.61(0.35-1.05)

OR: Odds Ratio, Cl: Confidence Interval, TC: Total Cholesterol,

TG: Triglycerides, LDL: Low-Density Lipoprotein, HDL: High-
Density Lipoprotein Cholesterol, ALT: Alanine Aminotransfer-

ase, AST: Aspartate Aminotransferase, GGT: Gamma-Glutamyl
Transferase, UA: Uric Acid, Elast PQ: Elastography Protocol for

Quantification.

Table 4. Multivariate logistic regression analysis

Multivariate Logistic Regression

Variable

B S.E. z P OR (95% Cl)
Age -0.02 0.01 -1.47 0.142 0.98 (0.96-1.01
Alcohol -0.01 0.01 -1.76 0.079 0.99 (0.97-1.00
LDL -0.54 0.32 -1.68 0.092 0.58(0.31-1.09
HDL -2.04 1.00 -2.04 0.041 0.13(0.02-0.92
ALT 0.02 0.01 2.69 0.007 1.02(1.01-1.04
ElastPQ 0.27 0.13 2.08 0.038 1.31(1.02-1.68

)
)
)
)
)
)

OR: Odds Ratio, Cl: Confidence Interval, LDL: Low-Density

Lipoprotein Cholesterol, HDL: High-Density Lipoprotein Choles-

terol, ALT: Alanine Aminotransferase, Elast PQ: Elastography
Protocol for Quantification.

When tested on the validation set (89 cases),
the model maintained an AUC of 0.67 (95% Cl:
0.56-0.78), suggesting a moderate discrimina-
tory ability for AFLD diagnosis (Figure 2B). The
calibration curve again indicated strong con-
cordance between predicted probabilities and
actual clinical outcomes (Figure 3B). At the
same cutoff value of 0.403, the model achie-
ved a sensitivity of 0.62 and specificity of 0.69.
The classification accuracy in the validation
set, evaluated using the confusion matrix,
showed an accuracy of 0.66, a positive predic-
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tive value (PPV) of 0.67, and a negative predic-
tive value (NPV) of 0.65, suggesting reliable
diagnostic performance (Figure 4).

DCA further evaluated the clinical utility of the
model, showing that decision-making based on
the AFLD diagnostic model provided a higher
net benefit (Figure 5). This suggests that the
model has high clinical applicability and can
optimize early diagnosis and disease assess-
ment in AFLD.

Risk prediction score model

A risk prediction score for AFLD was develop-
ed based on the regression coefficients from
the multivariate logistic regression model. The
nomogram (Figure 6) provides a visual tool to
calculate the risk score, allowing clinicians to
quickly assess the likelihood of AFLD based on
clinical features such as age, alcohol consump-
tion, LDL, HDL, ALT, and liver stiffness. The dis-
tribution of risk scores revealed that higher
scores corresponded to a greater probability of
AFLD, validating the model’s strong predictive
power.

External validation

In the baseline data of the external valida-
tion cohort, no significant differences were
observed between the two groups in terms of
age or sex distribution (P = 0.299, P = 0.110).
Compared with the healthy control group, AFLD
patients exhibited significantly higher levels of
BMI, alcohol consumption, TC, TG, LDL-C, ALT,
AST, GGT, UA, and liver stiffness (ElastPQ) (P <
0.001) (Table 5).

The external validation results showed an AUC
of 0.79 (95% CI: 0.72-0.83), demonstrating
the model’s excellent diagnostic performance
when applied to data from patients collected
at another hospital (Figure 7A). The calibration
curve further indicated a strong consistency
between the predicted probabilities and the
actual clinical outcomes, suggesting that the
model reliably reflects the risk for AFLD (Figure
7B). In the external dataset, the model achiev-
ed an accuracy of 0.72, a PPV of 0.72, a NPV of
0.74, sensitivity of 0.78, and specificity of 0.67
(Figure 7C), highlighting its strong predictive
ability and capacity to effectively differentiate
AFLD patients from healthy controls. Decision
curve analysis (DCA) demonstrated that the
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Figure 2. Receiver Operating Characteristic (ROC) curves in the training set (A) and validation set (B), with corre-
sponding AUC values, used to evaluate model diagnostic performance. ROC: receiver operating characteristic; AUC:
area under the curve.
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Figure 3. Calibration curves in the training set (A) and validation set (B), assessing the agreement between pre-

dicted probabilities and actual clinical outcome.

model provided higher net benefits within mod-
erate risk thresholds (approximately 0.2 to 0.4),
indicating that it effectively balances false posi-
tives and false negatives, outperforming tradi-
tional “all-high-risk” or “all-low-risk” strategies
(Figure 7D).

Discussion

Alcoholic fatty liver disease (AFLD) is a preva-
lent liver disorder primarily caused by chronic
alcohol consumption. Early diagnosis and time-
ly intervention are essential for preventing its
progression to alcoholic hepatitis, liver fibrosis,
and even cirrhosis [14]. While imaging tech-
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niques and liver biopsy remain the standard
diagnostic approaches for AFLD, these meth-
ods are limited by factors such as invasive-
ness, high cost, and technical complexity. As a
result, there has been an increasing emphasis
on developing non-invasive, sensitive, and effi-
cient diagnostic tools. In this study, we com-
bined Elast PQ technology with conventional
biochemical markers, including blood lipids,
liver function tests, and serum uric acid, to
develop a multi-indicator diagnostic model
aimed at facilitating early diagnosis of AFLD.
Our findings revealed significant abnormalities
in several biomarkers, including weight, alcohol
consumption, blood lipids, liver function, liver
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Confusion Matrix Metrics (Train vs Test)

0.81 (0.75-0.87)

0.76 (0.69-0.81)

0.71 (0.62-0.80)

0.80 (0.73-0.88)

0.78 (0.69-0.86)

0.74 (0.66-0.82)

Train Test
Set

Figure 4. Confusion matrices in the training and validation sets, evaluating
classification performance including accuracy, sensitivity, and specificity.
PPV: positive predictive value; NPV: negative predictive value.

stiffness, and serum uric acid, which were con-
sistent with the known pathogenesis of AFLD
and corroborated existing literature. Moreover,
the consistency observed between the training
and testing sets supported the robustness and
external applicability of the model.

The onset and progression of AFLD are often
associated with the interaction of multiple fac-
tors, including obesity and metabolic syndrome.
Elevated BMI and excessive alcohol consump-
tion are key risk factors for AFLD [14, 15].
Studies have demonstrated that BMI is closely
related to the development and progression of
AFLD, with hepatic fat accumulation being one
of the primary mechanisms. This fat accumula-
tion is typically related to obesity, metabolic
syndrome, and insulin resistance [16]. Ex-
cessive alcohol consumption is a direct etio-
logical factor in AFLD, promoting hepatic fat
deposition through several mechanisms, inclu-
ding oxidative stress and impaired fatty acid
metabolism, which ultimately leads to liver da-
mage [17]. Additionally, AFLD patients often
exhibit significant dyslipidemia, particularly al-
terations in TG, LDL, and HDL levels. These lipid
abnormalities are closely related to hepatic fat
deposition, liver injury, and complications, such
as atherosclerosis [18]. An increase in TG and
decrease in HDL are particularly associated
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with hepatic fat deposition
and inflammatory response in
0.80 AFLD [19, 20], a finding that
aligns with our results. Speci-
fically, HDL exerts a protective
effect on the liver by reducing
0.75 fat deposition and inflamma-
tion. However, low HDL levels
accelerate liver damage and
fibrosis progression in patients
0.70 with fatty liver disease [21,
22]. This was further confirmed
by multivariate analysis in this
study, which identified HDL as
0.65 an independent predictor of
AFLD.

Liver function indicators (such
as ALT, AST, and GGT) reflect
the extent of liver injury, while
uric acid levels and liver stiff-
ness (measured by Elast PQ
technology) are increasingly
recognized for their roles in the
early screening and evaluation
of AFLD progression. Studies have shown that
elevated levels of ALT and AST are closely asso-
ciated with the severity of liver injury in AFLD
patients [23], which is consistent with our find-
ings of significantly increased ALT levels in
AFLD patients. Furthermore, uric acid plays a
crucial role in the pathogenesis of AFLD. Re-
cent research indicates that elevated uric acid
exacerbates liver damage by triggering inflam-
matory and apoptotic pathways [24]. Our study
corroborated these findings, demonstrating a
significant association between elevated uric
acid levels and AFLD. Liver stiffness, assessed
through non-invasive techniques like Elast PQ,
reflects the degree of liver fibrosis [25].
Research has also demonstrated that liver sti-
ffness is closely related to the degree of liver
fibrosis in patients with fatty liver [26]. Our
study further confirms this relationship, reveal-
ing that liver stiffness in AFLD patients was sig-
nificantly higher than in healthy controls. As a
biomarker for assessing liver fibrosis and pre-
dicting disease progression in AFLD, liver stiff-
ness has shown promise in other studies as
well [27]. An increase in liver stiffness typically
reflects the accumulation of fat in the liver and
the progression of fibrosis. Early changes in
liver stiffness may indicate further disease pro-
gression, which could eventually lead to liver
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model at different decision thresholds.
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Table 5. Baseline characteristics of the external validation cohort

Variable Total (n = 180) AFLD (n =90) Control (n = 90) Statistic P
Age, Mean + SD 46.23 + 14.56 45.18 £ 15.12 4729 + 13.91 =-1.04 0.299
Sex, n (%) x?=256 0.110

0 (Male) 92 (51.11) 50 (55.56) 42 (46.67)

1 (Female) 88 (48.89) 40 (44.44) 48 (53.33)
BMI, M (Q,, Q.) 27.20 (23.68, 32.30) 30.15 (24.56, 33.09) 24.90 (22.65,30.12) Z=-514 <0.001
Alcohol, M (Q,, Q,) 35.00 (12.00, 95.00) 82.00 (20.00, 120.00) 12.00 (5.00, 60.00) Z=-5.11 <0.001
TC, M (Q,, Q,) 5.86 (5.34, 6.46) 6.17 (5.55, 6.79) 5.58 (5.16, 6.05) Z=-4.65 <0.001
TG, M (Q,, Q,) 2.05 (1.30, 3.05) 2.78 (1.63, 3.55) 1.48 (1.12, 2.10) Z=-5.62 <0.001
LDL-C, Mean + SD 3.58 +0.88 3.83+0.90 3.33+0.76 t=3.85 <0.001
HDL, M (Q,, Q,) 1.18 (0.98, 1.56) 1.05 (0.92, 1.30) 1.40 (1.15, 1.62) Z=-6.35 <0.001
ALT, M (Q,, Q,) 42.00 (24.00, 94.50) 78.00 (35.00, 110.00) 32.00 (19.00, 58.00) Z=-6.74 <0.001
AST, M (Q,, Q,) 51.00 (34.00, 95.00) 70.00 (43.00, 110.00) 45.00 (30.00, 68.00) Z=-490 <0.001
GGT,M (Q,, Q,) 62.00 (39.00, 120.00) 95.00 (50.00, 130.00) 48.00 (35.00, 77.00) Z=-534 <0.001
UA, M (Q,, Q,) 410.00 (340.00, 530.00) 470.00 (380.00, 560.00) 375.00 (315.00, 450.00) Z=-5.12 <0.001
ElastPQ, M (Q,, Q,) 6.42 (4.75, 9.98) 8.85 (5.20, 11.00) 5.30 (4.55, 7.90) Z=-6.27 <0.001
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Figure 7. External validation results of the model. A: Receiver operating characteristic (ROC) curve of the model in
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the actual clinical outcomes; C: Confusion matrix metrics of the model in the external dataset; D: Decision curve
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fibrosis, cirrhosis, and cancer [28]. Therefore,
the assessment of liver stiffness is not only
an important tool for AFLD diagnosis but also
a valuable biomarker for predicting disease
progression.

In this study, both univariate and multivariate
logistic regression analyses revealed signifi-
cant correlations between multiple clinical indi-
cators and AFLD, supporting an early diagnosis
and risk assessment of AFLD. By analyzing a
range of biochemical markers and clinical fea-
tures, we developed a clinically valuable predic-
tive model and validated its performance.
Univariate logistic regression analysis showed
that AFLD was significantly associated with
BMI, alcohol consumption, blood lipids (TC, TG,
LDL, HDL), liver function markers (ALT, AST,
GGT), serum uric acid, and liver stiffness. By
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multivariate analysis, after controlling for po-
tential confounders (including age and alcohol
consumption), we identified HDL, ALT, and liver
stiffness (Elast PQ) as independent predictors
of AFLD. HDL, a protective lipoprotein, serves
not only a metabolic marker for AFLD but also a
key factor in its development and fibrosis pro-
gression [18]. HDL exerts its protective effects
by inhibiting fat accumulation, reducing oxi-
dative stress, and mitigating inflammation. A
decrease in HDL levels accelerates AFLD pro-
gression [29]. The observed correlation be-
tween HDL and AFLD in our study underscores
its critical role in disease pathogenesis. ALT, a
well-established marker of hepatocellular inju-
ry, is frequently elevated in AFLD patients.
Elevated ALT typically indicate acute or chronic
liver injury, commonly seen in early AFLD, sig-
naling hepatic fat deposition and inflammation
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[30]. The correlation between ALT and AFLD in
our study emphasizes the importance of liver
function tests for the early diagnosis of AFLD.
Elast PQ technology, which measures liver stiff-
ness as an indicator of liver fibrosis, has gained
increasing recognition for its role in AFLD diag-
nosis [31]. Our study further validates the sig-
nificant correlation between liver stiffness and
AFLD, highlighting its potential as a tool for
early detection and risk assessment of the
disease.

Based on the results from univariate and multi-
variate regression analyses, we developed a
diagnostic model for AFLD, using both training
and validation sets. The model performed ex-
ceptionally well in the training set, with an AUC
of 0.81. Validation using ROC curves, calibra-
tion curves, and confusion matrices confirmed
the model’s accuracy and clinical applicability.
In the validation set, the AUC was 0.67 (95% Cl:
0.56-0.78), slightly lower than in the training
set but still effectively distinguishing AFLD
patients from healthy controls. This suggests
that the model was generalizable across di-
fferent datasets and highlights its potential
application in clinical practice, particularly in
resource-limited settings where rapid diagno-
sis is needed. The confusion matrix analysis
showed an accuracy of 0.66, a positive predic-
tive value (PPV) of 0.67, and a negative predic-
tive value (NPV) of 0.65, indicating solid classi-
fication accuracy for early AFLD screening. The
relatively high NPV suggests that the model is
particularly effective at identifying individuals
without the disease, thereby minimizing the
risk of misdiagnosis and suggesting clinical use
[32]. DCA of the model’s clinical utility showed
that the decisions based on the AFLD diagnos-
tic model resulted in a higher net benefit. DCA,
which evaluates the practical value of a model
by considering clinical decision thresholds,
sensitivity, specificity, and the cost-effective-
ness [33]. This analysis suggests that the AFLD
diagnostic model offers substantial economic
and practical value, aiding early screening and
enabling personalized treatment strategies for
AFLD.

A key advantage of the risk scoring model
lies in its simplicity and high practical utility.
Clinicians can quickly calculate individual risk
scores for patients using a nomogram, facili-
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tating its integration into clinical practice [34].
Designed with routine clinical data, the model
is well-suited for real-world healthcare settings.
By assessing key clinical features, healthcare
providers can evaluate AFLD risk reducing reli-
ance on expensive equipment or complex tests,
and enabling personalized management [35].
This approach emphasizes the significance of
established AFLD risk factors - such as alcohol
consumption, dyslipidemia (LDL and HDL), liver
function markers (e.g., ALT), and liver stiffness
- and illustrates the interplay of these factors in
the pathogenesis of AFLD.

Although the risk scoring model demonstrat-
ed promising diagnostic performance, further
optimization is necessary. The model showed
strong performance in the training set (AUC =
0.81), but its performance in the validation set
was slightly lower (AUC = 0.67), suggesting that
the model’s generalizability requires additional
validation. This variation could stem from fac-
tors such as sample diversity, data quality, and
other potential confounders. Specifically, the
conclusions drawn from the machine learning
model need further validation using clinical
data to improve its clinical applicability and reli-
ability, which remains a limitation of this stu-
dy. To address this limitation, future research
should focus on validating the model’s stability
and generalizability using larger-scale, multi-
center cohorts. Moreover, the model can be
refined based on the specific characteristics of
different regions or populations, enhancing its
applicability across diverse patient groups.
Future studies should also explore the inclusion
of additional biomarkers, such as metabolites
and inflammatory markers, to improve the mod-
el's accuracy. Given the multifactorial patho-
genesis of AFLD, incorporating indicators of
hepatic fat accumulation, inflammation, and
oxidative stress could further strengthen the
model. The integration of multi-omics data with
machine learning techniques may also enhan-
ce its diagnostic sensitivity and specificity.
Furthermore, the current risk scoring model
should be evaluated in future clinical research
for its predictive capacity across different stag-
es of AFLD, particularly in early stages with
lower liver stiffness or in patients with comor-
bidities. Long-term follow-up studies will also
be invaluable for assessing the model’s per-
formance.
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Conclusion

This study successfully developed an AFLD risk
prediction tool using a multivariate logistic
regression model and validated its effective-
ness for early AFLD diagnosis. Key predictors
such as liver stiffness (measured by Elast PQ),
liver function markers (e.g., ALT), and HDL cho-
lesterol significantly enhanced the model’s
diagnostic accuracy. Clinicians can use this
tool to assess an individual's AFLD risk based
on easily obtainable clinical features (e.g., alco-
hol consumption, blood lipids, liver function
tests) and non-invasive tests (e.g., Elast PQ).
This facilitates early intervention and personal-
ized treatment strategies. The model demon-
strated excellent diagnostic performance in the
training set (AUC = 0.81) and validation set
(AUC = 0.67), indicating its potential for clini-
cal use. Further validation, through confusion
matrix analysis and decision curve analysis,
confirmed the model’s strong clinical utility,
with good sensitivity, specificity, and net bene-
fit. These findings suggest that the developed
AFLD diagnostic model holds substantial clini-
cal value in enhancing early screening and dis-
ease assessment for AFLD.
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