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Abstract

Aim Cardiovascular disease morbidity and mortality rates are high in patients with metabolic dysfunction-associated
fatty liver disease (MAFLD). The objective of this study was to analyze the risk factors and differences between lean
MAFLD and overweight MAFLD, and establish and validate a nomogram model for predicting lean MAFLD.

Methods This retrospective cross-sectional study included 4363 participants who underwent annual health
checkup at Yuyao from 2019 to 2022. The study population was stratified into three groups: non-MAFLD, lean

MAFLD (defined as the presence of fatty liver changes as determined by ultrasound in individuals with a BMI< 25 kg/
m?), and overweight MAFLD (BMI>25.0 kg/m?). Subsequent modeling analysis was conducted in a population

that included healthy subjects with <25 kg/m2 (n=2104) and subjects with lean MAFLD (n=849). The study
population was randomly split (7:3 ratio) to a training vs. a validation cohort. Risk factors for lean MAFLD was identify
by multivariate regression of the training cohort, and used to construct a nomogram to estimate the probability

of lean MAFLD. Model performance was examined using the receiver operating characteristic (ROC) curve analysis
and k-fold cross-validation (k =5). Decision curve analysis (DCA) was applied to evaluate the clinical usefulness

of the prediction model.

Results The multivariate regression analysis indicated that the triglycerides and glucose index (TyG) was the most
significant risk factor for lean MAFLD (OR: 4.03, 95% Cl 2.806-5.786). The restricted cubic spline curves (RCS) regression
model demonstrated that the relationships between systolic pressure (SBP), alanine aminotransferase (ALT), serum
urate (UA), total cholesterol (TCHO), triglyceride (TG), triglyceride glucose (TyG) index, high density lipoprotein
cholesterol (HDLC), and MAFLD were nonlinear and the cutoff values for lean MAFLD and overweight MAFLD were
different. The nomogram was constructed based on seven predictors: glycosylated hemoglobin Alc (HbA1c), serum
ferritin (SF), ALT, UA, BMI, TyG index, and age. In the validation cohort, the area under the ROC curve was 0.866 (95% Cl
0.842-0.891), with 83.8% sensitivity and 76.6% specificity at the optimal cutoff. The PPV and NPV was 63.3% and 90.8%,
respectively. Furthermore, we used fivefold cross-validation and the average area under the ROC curve was 0.866
(Figure S3). The calibration curves for the model’s predictions and the actual outcomes were in good agreement. The
DCA findings demonstrated that the nomogram model was clinically useful throughout a broad threshold probability
range.
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Conclusions Lean and overweight MAFLD exhibit distinct metabolic profiles. The nomogram model developed

in this study is designed to assist clinicians in the early identification of high-risk individuals with lean MAFLD,
including those with a normal BMI but at metabolic risk, as well as those with abnormal blood lipid, glucose, uric acid
or transaminase levels. In addition, this model enhances screening efforts in communities and medical screening
centers, ultimately ensuring more timely and effective medical services for patients.

Keywords Lean MAFLD, Overweight MAFLD, Risk factors, Health check-up population, Nomogram prediction model

Introduction

MAFLD, formerly known as nonalcoholic fatty liver dis-
ease (NAFLD), is a metabolic disorder involving multiple
systems. MAFLD is strongly associated with metabolic
syndrome (MetS) and the related complications, includ-
ing obesity, hypertension, hyperlipidemia, chronic kid-
ney disease, and cardiovascular disease [1-4]. The global
adult prevalence of MAFLD ranges from 25.2% to 29.8%
[5]. The adult prevalence of MAFLD in China ranges
from 6.3% to 27% and is increasing [6—9]; MAFLD can
progress from simple steatosis to non-alcoholic steato-
hepatitis (NASH), fibrosis, cirrhosis, and hepatocellular
carcinoma, ultimately leading to death, and is expected
to become the main indication for liver transplantation,
posing a serious risk to human health [9-11]. The preva-
lence and severity of MAFLD gradually increase as the
prevalence of obesity increases [12]. The prevalence of
MAFLD in the overweight population was 69.99% [13].
However, some patients with MAFLD have a normal
or even low BMI. Compared with overweight NAFLD,
lean NAFLD has significantly less metabolic dysfunction
[14]. However, other studies have shown that metabolic
dysfunction is more common in lean NAFLD [15-17].
Compared with overweight MAFLD, individuals with
lean MAFLD have a worse prognosis and a more rapid
progression to cirrhosis with hepatic and nonhepatic
comorbidities [18]. Mortality is almost twofold higher for
lean MAFLD compared with overweight MALFD [19].
Currently, the precise etiology and pathogenesis of lean
MAFLD are unclear. The development of lean MAFLD
is influenced by a multitude of factors, including hyper-
androgenemia, excess accumulation of visceral fat, mus-
cular atrophy, unhealthy dietary habits, gut microbiota
dysbiosis, and genetic susceptibility [20-24]. Although
patients with lean MAFLD typically do not exhibit the
conventional risk factors associated with obesity, they
may still experience issues, such as visceral fat accumu-
lation. These, coupled with metabolic disorders, such
as insulin resistance, dyslipidemia, and inflammatory
responses, collectively contribute to the development
of MAFLD. Furthermore, recent research suggests that
the increased mortality in lean MAFLD patients com-
pared to non-lean MAFLD patients could be partially
attributed to shorter telomere length [25]. Therefore,

comprehensive management and treatment strategies
for patients with lean MAFLD should take into account
these multiple factors to reduce disease risk and improve
prognosis. However, lean MAFLD patients usually have
a normal BMI, making early diagnosis difficult. Imaging
tests such as FibroScan and magnetic resonance imag-
ing—proton density fat fraction (MRI-PDFF) are accu-
rate but impractical for routine screening. Moreover, no
specific guidelines and diagnostic criteria are available for
the early detection of lean MAFLD. Therefore, develop-
ing a simple, noninvasive, and effective clinical predictive
model to accurately screen for lean MAFLD is crucial.
The model will enable timely detection and intervention
in the early stages of the disease to minimize the associ-
ated complications.

In the big data era, clinical predictive modeling based
on data mining improves the diagnosis and monitor-
ing of diseases. The nomogram predictive model is an
intuitive scoring system that evaluates the correlation
of variables with outcome events, allowing the calcula-
tion of risk probabilities for outcome events [26]. Some
research mentions Nomogram prediction models regard-
ing MAFLD or obese NAFLD [27, 28]. However, the
nomogram prediction model has not been widely applied
to lean MAFLD. In addition, the clinical data incorpo-
rated into the nomogram may differ due to the varying
prevalence of lean MAFLD in different regions. Devel-
oping simple and practical methods for the early iden-
tification of lean MAFLD is important in guiding early
intervention.

Materials and methods

Study design and participants

This study included 4363 participants who underwent
medical checkups with complete liver ultrasound data
at Yuyao People’s Hospital, in Ningbo, China from June
13, 2019 to December 14, 2022. The diagnosis of MAFLD
was based on evidence of hepatic steatosis on ultrasound
and the following conditions: overweight or obesity, dia-
betes mellitus, and metabolic dysfunction. Diagnosis of
metabolic dysfunction required at least two of the follow-
ing criteria [29]: (1) male waist circumference>90 cm,
female waist circumference>80 cm; (2) hypertension;



Zhu et al. European Journal of Medical Research (2025) 30:137

(3) TG) >1.70 mmol/L or on lipid-lowering therapy); (4)
HDLC<1.0 mmol/L in males, HDLC<1.3 mmol/L in
females; and (5) prediabetes. The exclusion criteria were
as follows: (1) excessive alcohol consumption (140 g/
week for men and 70 g/week for women); (2) serologic
and virological diagnosis of hepatitis B, hepatitis C, or
autoimmune liver disease; (3) drug-induced liver disease;
(4) metabolic liver diseases, such as hepatolenticular
degeneration; and (5) missing key biochemical indicators.

The study population was divided into three groups:
non-MAFLD, lean MAFLD (BMI<25 kg/m?), and over-
weight MAFLD (BMI>25.0 kg/m?). Normal TG levels
were defined as<1.7 mmol/L and hyperlipidemia was
defined as TG > 1.7 mmol/L.

Data collection

The following patient information was collected: gender,
age, height, weight, blood pressure, and prior medical
history. In addition, the following clinical information
was collected from the electronic case system: fasting
plasma glucose (FPG), glycated hemoglobin (HbAlc),
TG, total cholesterol (TCHO), HDLC, low-density lipo-
protein cholesterol, alanine aminotransferase (ALT),
aspartate aminotransferase (AST), total protein, albumin,
globulin, white blood cell ratio, direct bilirubin, indirect
bilirubin, glutamyl transpeptidase (GGT), alkaline phos-
phatase, creatinine, urea, uric acid (UA), serum ferritin
(SF), platelets (PLT), neutrophils, lymphocytes, mean
red blood cell volume, and hemoglobin. TyG, platelet-to-
lymphocyte ratio, and neutrophil-to-platelet ratio (NPR)
were calculated. NPR was calculated as follows:

NPR = NE/PLT x 1000, TyG
= Ln [TG (mg/dl)] x FPG (mg/dl)/Z].

Statistical analyses

First, irrelevant variables were deleted, and missing val-
ues were filled using stratified mean values. Statistical
analyses were performed using SPSS software (version
26.0), RStudio software with the rms package, ggplot2
package, and sci package. To improve the robustness
and reliability of our conclusions, the lean MAFLD and
no-MAFLD populations were randomly divided into
a training and a validation cohort at a 7:3 ratio. Con-
tinuous variables were expressed as means * standard
deviations or medians t interquartile ranges. Categori-
cal values were expressed using relative frequencies and
proportions. Data that conformed to normal distribu-
tion and homogeneity of variance were compared with
a one-way analysis of variance. Data that did not con-
form to normal distribution were compared using the
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Kruskal-Wallis H test with Bonferroni correction post
hoc pairwise comparisons. To explore nonlinear data,
restricted cubic spline curves (RCS) were applied fol-
lowed by the construction of a two-piecewise linear
regression model to calculate the turning point. For lin-
ear regression analyses, covariate diagnostics were per-
formed to rule out covariates, with a variance inflation
factor of >10 indicating covariance between factors. A
univariate logistic regression analysis combined with a
multivariate logistic regression analysis (forward-LR)
was performed to select the optimal predictive factors
with a p value threshold of 0.05. Based on the regres-
sion results, seven parameters were selected to con-
struct a nomogram to predict the probability of having
lean MAFLD. We assess diagnostic accuracy of models
using ROC analysis and k-fold cross-validation (k=5),
evaluate consistency between predicted and actual
observed probabilities with a calibration curve, and
determine the clinical utility of the nomogram model
through DCA. Differences were considered to be statis-
tically significant at < 0.05.

In addition, Sample size calculation in this study
was done through PASS 15.0 software. Given that the
prevalence of lean MAFLD is approximately 20%, the
confidence level was set at 0.95 and the width of the
two-sided confidence interval was 0.05, which was
calculated to require a sample size of 1022. In this
research, the sample size actually collected was 4363.
The statistical efficacy of the study was improved by
increasing the sample size, thus reducing the effect of
random error.

Results

Participant characteristics

A total of 4363 participants who met the inclusion
and exclusion criteria participated in the study. The
flow chart of the study design is shown in Fig. 1. The
characteristics are shown in Table 1. This study included
849 (19.46%) patients with lean MAFLD, 1410 (32.32%)
patients with overweight MAFLD, and 2104 (48.22%)
patients with non-MAFLD. Participants with MAFLD
had lower HDLC, elevated blood pressure, elevated UA,
and elevated FPG compared with participants with non-
MAFLD, indicating that more participants with MAFLD
had MetS.

To improve the robustness and reliability of our conclu-
sions, participants with lean MAFLD and non-MAFLD
were randomly divided at a ratio of 7:3 into training
(n=2067) and validation (n=886) cohort. The signifi-
cantly different metabolic parameters in the validation
and training data sets are shown in Table 2.
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Exclusion criteria:

(1) Excessive alcohol
consumption;

People’s Hospital, in Ningbo, China from June 13, 2019 to December 14, 2022.

Total 4363 eligible individuals were included in our study

(2) Serologic and virological
diagnosis of hepatitis B, hepatitis
C, or autoimmune liver disease;

(3) Drug-induced liver disease;

(4) Metabolic liver diseases, such

RCS RCS as hepatolenticular degeneration;
No MAFLD g Lean MAFLD g Overweight MAFLD
regression regression (5) Missing key biochemical
indicators.
Training cohort(n = 2067) Validation cohort (n = 886)
Modeling

One-way logistic regression

Model development Multivariate stepwise regression

AUROC

k-fold cross-validation
Model validation
Calibration curve

DCA
Conclusion

Fig. 1 Flow chart of the study design

The nonlinear relationship of MAFLD with risk factors
Multiple logistic regression analysis of risk factors

Multiple logistic regression analysis comparing the lean
MAFLD and overweight MAFLD groups with the non-
MAFLD group revealed age, BMI, HbAlc, TyG index,
SBP, UA, and ALT were common risk factors for both the
lean and overweight MAFLD groups. For every 1 mg/dl
increase in TyG, the risk of lean MAFLD increased 4.03
times and the risk of overweight MAFLD increased 3.041
times (Table 3, Figs. 2 and 3).

Nonlinear associations between risk factors and MAFLD
The nonlinear relationship and risk differences between
age, HbAlc, SBP, ALT, UA, TCHO, TG, and Tyg and lean
and overweight MAFLD were investigated using RCS
regression analysis. Figures 4 and 5, and Supplementary
Figures S1 and S2, show significant nonlinear dose
relationships between age, HbAlc, SBP, ALT, UA, TCHO,
TG, and Tyg and MAFLD (non-linear test, P<0.05) and
a linear relationship between HbAlc and lean MAFLD
(P=0.07).

The risk of developing MAFLD was relatively low and
stable when the age of the participant with lean MAFLD
was below 45 years; however, the risk of developing

Nomogram

MAFLD increased rapidly for participants older than
45 years. For participants with overweight MAFLD, the
risk of developing MAFLD was lower when the partici-
pants were younger than 33 years, but the risk of over-
weight MAFLD increased significantly in participants
between 33 and 44 years or above 44 years.

The cutoff values for HbAlc, SBP, ALT, UA, TCHO,
TG, and TyG index were lower for participants with lean
MAFLD (5.46% vs. 5.53%, 119 mmHg vs. 124 mmHg,
17 U/L vs. 19 U/L, 312 mmol/L vs. 335 mmol/L,
482 mmol/L vs. 4.86 mmol/L, 1.3 mmol/L vs.
1.5 mmol/L, and 4.05 mmol/L vs. 4.21 mmol/L, respec-
tively). The cutoff value for HDLC was higher for partici-
pants with lean MAFLD (1.33 mmol/L vs. 1.30 mmol/L)
(Figs. 4 and 5 and Supplementary Figures S1 and S2).

Nomogram for lean MAFLD

A nomogram was developed to predict lean MAFLD
using a stepwise multivariate logistic regression
(Supplementary  Table 1), incorporating seven
independent predictors: HbAlc, SE, ALT, UA, BMI, TyG
index, and age (Fig. 6). Each variable has a corresponding
score on the point scale axis of the nomogram. The
probability of lean MAFLD is estimated by placing the
total score of the covariates on a total point scale.
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Table 1 Clinical features of the study participants
Lean Overweight Non-MAFLD Hvalue P P* p# p
MAFLD MAFLD

n 849 (19.46%) 0(32.32%) 2104 (48.22%) 24511 <0.001

Male 656 (15.04%) 1209 (27.71%) 855 (19.6%) 831.52 <0.001

Age, yrs 49 (41, 56) 47 (39, 54) 420((37,52) 24111 <0.001 <0.001 <0.001 <0.001
BMI, kg/m? 23.63 (22 73,24.30) 26.99 (25.87,28.59) 21.74 (20 16,23.51) 2734.61 <0.001 <0.001 <0.001 <0.001
SBP, mmHg 26 (116, 138) 133(122,143) 116 (107, 128) 715.13 <0.001 <0.001 <0.001 <0.001
ALT, U/L 24.00 (17.00, 35.00) 32.00 (22.00, 49.00) 15.00 (11.00, 20.00) 1396.72 <0.001 <0.001 <0.001 <0.001
AST, U/L 20.00 (17.00, 25.00) 23.00 (18.00, 30.00) 17.00 (15.00, 20.00) 747.37 <0.001 <0.001 <0.001 <0.001
TBIL, umol/L 13.30(10.00, 16.90) 13.00 (9.90, 16.48) 11.90 (9.20, 15.50) 4533 <0.001 0.528 <0.001 <0.001
DBIL, umol/L 2.10(1.70,2.70) 2.20(1.80, 2.80) 1.90 (1.60, 2.40) 135.73 <0.001 0.07 <0.001 <0.001
IBIL, umol/L 11.00 (8.10, 14.40) 10.70 (7.90, 13.80) 9.90 (7.50, 13.00) 32.04 <0.001 0.187 <0.001 <0.001
GGT, U/L 36.00 (24.00, 57.00) 45.00 (30.00, 73.75) 18.00 (14.00, 28.00) 1353.30 <0.001 <0.001 <0.001 <0.001
ALP, U/L 72.50 (62.00, 86.00) 71.00 (61.00, 84.75) 62.00 (51.00, 75.00) 313.30 <0.001 0.552 <0.001 <0.001
CR, pmol/L 0 (60, 78) 72 (64, 80) 60 (52,72) 471.57 <0.001 <0.001 <0.001 <0.001
UA, umol/L 375(318,436) 403 (345.25,453) 289 (244.75,350) 1144.95 <0.001 <0.001 <0.001 <0.001
TCHO, mmol/L 5.03(4.48,5.57) 5.03 (4.53,5.69) 4.74 (4.24,5.32) 122.37 <0.001 0.255 <0.001 <0.001
TG, mmol/L 97 (1.43,2.80) 2.15(1.56,2.97) 1.13(0.86, 1.58) 1304.22 <0.001 0.02 <0.001 <0.001
LDLC, mmol/L 282( 1,3.26) 290 (251,3.36) 2.54(2.15,2.97) 281.44 <0.001 0.001 <0.001 <0.001
HDLC, mmol/L 0(1.06,1.37) 5(1.04,1.29) 141(1.22,1.62) 765.25 <0.001 <0.001 <0.001 <0.001
HbA1c, % 5.56 (540, 5.74) 5.62 (5.44, 5.80) 542 (5.25,5.59) 473 <0.001 <0.001 <0.001 <0.001
GLU, mmol/L 4.94 (4.70, 5.24) 5.01(4.76,5.38) 4.75(4.55,4.99) 424.82 <0.001 <0.001 <0.001 <0.001
TYG 448 (4.15,4.86) 4.60 (4.27,4.93) 3.88(3.60,4.23) 1418.89 <0.001 0.002 <0.001 <0.001
SF, ng/ml 235.88(143.54,363.32) 298.05 (186.77,446.15) 95.38(37.72,201.82)  1085.87 <0.001 <0.001 <0.001 <0.001

p’: Lean MAFLD group vs. overweight MAFLD group. p*: Overweight MAFLD group vs. NO MAFLD group. p% Lean MAFLD group vs. non-MAFLD group

Data are n. ALP, alkaline phosphatase; ALT, alanine aminotransferase; AST, aspartate aminotransferase; BMI, body mass index; CR, serum creatinine; GGT, glutamyl
transpeptidase; GLU, glucose; HB, hemoglobin; HbA1c, glycosylated hemoglobin A1c; HDLC, high density lipoprotein cholesterol; IBIL, indirect bilirubin; LDLC, low
density lipoprotein cholesterol; MCV, mean erythrocyte volume; NPR, neutrophil to platelet ratio, PLR, Platelet to lymphocyte ratio; SBP, systolic pressure; SF, serum
ferritin; TBIL, total bilirubin; TCHO, total cholesterol; TG, triglyceride; TyG, triglyceride glucose index; UREA, urea; UA, uric acid

Accuracy of lean MAFLD diagnosis

In the training cohort, the area under the ROC was 0.869
(95% CI 0.852-0.885, P <0.001), and the cutoff value was
0.22, and the sensitivity and specificity of the prediction
model were 86.2% and 72%, respectively (Fig. 7A), the
PPV and NPV were 54.7% and 93.3%, respectively. The
area under the ROC curve for predicting MAFLD in the
validation set was 0.866 (95% CI 0.842-0.890, P <0.001),
and the sensitivity and specificity were 83.8% and 76.6%,
respectively (Fig. 7B), the PPV and NPV were 63.3% and
90.8%, respectively. Furthermore, we used fivefold cross-
validation and the average area under the ROC curve as
0.866 (Supplement Figure S3). The calibration curve of
the prediction model for lean MAFLD was extremely
close to the diagonal line, and the training and validation
sets were similar (Fig. 8A, B).

Clinical practicality
Decision curves were used to evaluate the clinical
practicality of the developed nomogram model. Based

on the decision curve analysis, the nomogram model
yielded a net benefit for threshold probabilities from
5 to 92% in the training set and 5% to 78% in the
validation set (Fig. 9A, B). Thus, when the predicted
risk value is between 5 and 78%, further diagnosis can
be beneficial. When the predictive risk value is less
than 5% or greater than 78%, a MAFLD diagnosis may
not be beneficial. Lean MAFLD risk can be classified
as low (<5%), moderate (5-78%), and high (>78%)
with the nomogram. Based on the risk assessment
derived from the nomogram, the physician could make
a treatment plan based on the patient’s own situation.
This personalized approach ensures that the treatment
plan is both effective and adapted to the patient’s
specific situation while taking into account factors,
such as age, comorbidities and other relevant clinical
variables. Similarly, in patient management, nomogram
provides continuous risk assessment to help physicians
monitor conditions and make adjustments to treatment
plans.
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Table 2 Baseline characteristics of the training and validation sets
Variables Training cohort (1=2067) Validation test cohort (n=886)

Non-MAFLD Lean MAFLD Non-MAFLD Lean MAFLD P
Female 883 (59%) 126 (22%) <0.001 366 (60%) 67 (24%) <0.001
Male 613 (41%) 445 (78%) 242 (40%) 211 (76%)
Age, yrs 42 (37,50) 50 (42, 56) <0.001 42 (36, 50) 49 (41, 54) <0.001
BMI, l<g/m2 21.76 (20.18, 23.59) 23.61(22.63, 24. 26) <0.001 21.70 (20 19, 23.36) 23.64 (22.90, 24.36) <0.001
SBP, mmHg 116(107 128) 127(118 <0.001 6(107,127) 124( 15,136) <0.001
ALT, U/L 5(11,20) 2417, 34) <0.001 411, 20) (18 36) <0.001
AST, U/L 17.0 (150 20.0) 21.0(17.0,25.0) <0.001 7(15,20) 0(17,25) <0.001
TBIL, umol/L 0(9.2,15.5) 13.2(9.9,16.6) <0.001 119(93 15.3) (102 17.7) <0.001
DBIL, umol/L 90 (1.60, 240) 2.10(1.70, 2.65) <0.001 1.90 (1.60, 2.50) 2. ZO( .80, 2.78) <0.001
IBIL, pmol/L 0(7.513.1) 0(8.1,139 <0.001 8(7.7,129) 3(85,15.0) <0.001
GGT, U/L (14 27) 6 (24, 55) <0.001 9(14,29) 32(23,59) <0.001
ALP, U/L 62 (51,75) 3(62,86) <0.001 62 (50, 76) 73 (62, 86) <0.001
CR, umol/L (52 72) (61 78) <0.001 60 (52,72) 70 (59, 79) <0.001
UA, umol/L 291 (246, 353) 374 (321,435) <0.001 289 (243, 348) 378(313,432) <0.001
TCHO, mmol/L 473 (4.26,5.33) 499 (4.48,5.57) <0.001 476 (4.19,5.31) 5.05 (4.53,5.58) <0.001
TG, mmol/L 2(0.86,1.58) 98 (1.42, 2.85) <0.001 1.14(0.87,1.57) 1.94 (143,2.73) <0.001
LDLC, mmol/L 255( 15,2.98) 2.79(2.36,3.28) <0.001 250 (2.14, 296) 2.86(248,3.21) <0.001
HDLC, mmol/L 141(1.22,1.62) 9(1.06,1.37) <0.001 41(1.20,1.63) 1.19(1.07, 1.36) <0.001
HbA1c, % 542 (5.26,5.59) 557( 1,5.76) <0.001 542 (5.24,5.59) 553 (5.37, 567) <0.001
GLU, mmol/L 4.77 (4.56, 5.00) 497 (4.73,5.28) <0.001 473 (4.54,4.95) 4.87 (4.65,5.16) <0.001
TG 3.87(3.60,4.23) 451 (4.15,4.88) <0.001 3.90(3.62,4.22) 41 (4.16,4.81) <0.001
SF.ng/ml 95 (38, 199) 248 (149, 374) <0.001 94 (38, 203) 24 (129, 335) <0.001

Data are n. ALP, alkaline phosphatase; ALT, alanine aminotransferase; AST, aspartate aminotransferase; BMI, body mass index; CR, serum creatinine; GGT, glutamyl
transpeptidase; GLU, glucose; HB, hemoglobin; HbA1c, glycosylated hemoglobin A1c; HDLC, high density lipoprotein cholesterol; IBIL, indirect bilirubin; LDLC, low
density lipoprotein cholesterol; MCV, mean erythrocyte volume; NPR, neutrophil to platelet ratio, PLR, Platelet to lymphocyte ratio; SBP, systolic pressure; SF, serum
ferritin; TBIL, total bilirubin; TCHO, total cholesterol; TG, triglyceride; TyG, triglyceride glucose index; UREA, urea; UA, uric acid

Discussion

The risk factors for lean MAFLD were identified and a
predictive model was established. The risk factors for
lean MAFLD and overweight MAFLD, including age,
BMI, HbAlc, TyG, SBP, UA, and ALT, were identified
using regression analysis. Then, the cutoff values of lean
MAFLD and overweight MAFLD were determined using
RCS curves to understand the differences of these risk
factors from other factors, such as glucolipid metabolism,
and the relationship with the risk of MAFLD. Compared
with overweight MAFLD, the cutoft values for HbAlc,
SBP, ALT, UA, TCHO, TG, and TyG in lean MAFLD
were relatively low, the protective factor, HDLC, had
a higher cutoff value. Compared with overweight
MAFLD, individuals with lean MAFLD have higher
visceral fat content, accompanied by metabolic diseases,
such as sarcopenia, dyslipidemia, hypertension, and
hyperglycemia [15, 30-32]. These results support the
view that glucolipid metabolism is different in lean
MAFLD and overweight MAFLD. Patients with lean
MAFLD have worse prognoses and their disease risk
may be underestimated. Establishing a predictive model

can help patients and doctors identify lean MAFLD and
promptly intervene. Our nomogram provides physicians
with a useful assessment tool to help inform them in the
prevention or diagnosis of lean MAFLD.

MAFLD is a manifestation of metabolic syndrome
in the liver, and the high prevalence of metabolic dis-
eases has led to a significant increase in the incidence of
MAFLD, surpassing viral hepatitis as the most prevalent
chronic liver disease worldwide [33, 34]. The two main
causes of mortality in patients with MAFLD are cardio-
vascular disease and extrahepatic malignant tumors [35—
38]. In this study, MAFLD patients were older and had a
higher prevalence of overweight, obesity, type 2 diabetes,
hyperlipidemia, hypertension, and hyperuricemia com-
pared with non-MAFLD patients. Notably, our findings
align with previous studies [39-41].

MAFLD is strongly associated with a high BMIL
Historically, the occurrence of MAFLD in overweight or
obese populations was the focus of research and clinical
efforts, and the incidence of MAFLD in non-obese
individuals was overlooked. However, approximately
40% of the global MAFLD population are non-obese, and
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Table 3 Multivariate logistic analyses of risk factors for MAFLD

Variables Lean MAFLD versus Non- Overweight MAFLD
MAFLD versus Non-MAFLD
OR (95%Cl) P OR (95%Cl) P
Age, yrs 1.041 (1.030- <0.001 1.042(1.026- < 0.001
1.053) 1.059)
Sex
Female Ref. Ref.
Male 1.225(0.941- 0.132 1529 (1.009- 0.045
1.595) 2.318)
BMI, kg/m2 1.095 (1.036- 0.001 5.862 (5.101- < 0.001
1.158) 6.735)
HbAlc, % 1.830 (1.285- 0.001 2481 (1.588- < 0.001
2.606) 3.877)
Tyg 4.03 (2.806- <0.001 3.041(1.875- < 0.001
5.786) 4.931)
SBP, mmHg 1.007 (1.00- 0.043 1.011(1.002— 0.017
1.013) 1.021)
UA, pmol/L 1.005 (1.004- <0.001 1.006 (1.004- < 0.001
1.007) 1.008)
HDLC, mmol/L 0407 (0.255- <0.001 0.241(0.116- <0.001
0.650) 0.504)
TCHO, mmol/L  1.056 (0.925- 0420 1.082(0.898- 0407
1.204) 1.304)
HTG, mmol/L
No Ref. Ref.
Yes 0.883 (0.648- 0433 1410(0912- 0.122
1.205) 2.181)
ALT, U/L 1.034 (1.026— <0.001 1.040(1.031- < 0.001
1.041) 1.049)

ALT, alanine aminotransferase; BMI, body mass index; HbA1c, glycosylated
hemoglobin A1c; HDLC, high density lipoprotein cholesterol; HTG,
hypertriglyceridemia; MAFLD, metabolic dysfunction-associated fatty liver
disease; OR, odds ratio; Ref, reference; SBP, systolic pressure; Tyg, triglyceride
glucose index; TCHO, total cholesterol; UA, uric acid.

20% of individuals with MAFLD are lean. In Europe, the
incidence of non-obese MAFLD is approximately 50%; in
East Asia [19, 42], the prevalence of non-obese MAFLD
is 38%, and the incidence ranges from 12 to 47% in Asia.
In this study, 19.46% of participants were classified into
the lean MAFLD group. The incidence of lean MAFLD
may vary due to regional variations, ethnic distinctions,
environmental factors, and dietary habits.

Gender and age significantly influenced MAFLD in
this study; the likelihood of developing lean MAFLD
increased by 4.1% per year. The RCS analysis revealed
that the risk of developing lean MAFLD was relatively
low before the age of 45 years but gradually escalated
thereafter. Conversely, the prevalence of overweight
MAFLD was higher between the ages of 33 and 44 years
and continued to rise as the participants aged. Notably,
within the 33 to 44 age bracket, the RCS curve for obese
MAFLD displayed an ’inverted U’ pattern, indicating
a potential association with other factors that may
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elevate the risk of developing metabolic diseases, such
as female pregnancy and hormonal fluctuations [43—45].
Aging-related mitochondrial dysfunction contributes
to a decline in cellular fatty acid oxidation capacity.
Consequently, fat deposition increases [46], particularly
in elderly individuals [47]. Several studies showed that
the incidence of MAFLD is higher in males compared
to females [48]. However, female subcutaneous fat
possesses a greater storage capacity, enabling the
efficient conversion of excess energy into fat rather than
allowing accumulation in the liver. Furthermore, female
subcutaneous fat exhibits enhanced browning, which
promotes metabolism, and high adiponectin-releasing
capacity, which facilitates fatty acid oxidation and boosts
insulin sensitivity [49]. These unique physiological traits
may help reduce the likelihood of developing MetS
and MAFLD. Conflicting results from other studies
suggest that postmenopausal women exhibit a higher
incidence of MAFLD and liver fibrosis, and elderly
women experience a higher mortality rate from MAFLD
than men. These differences may be due to hormonal
fluctuations and menopausal status, which potentially
impact the pathophysiology of MAFLD [50, 51]. Age- and
gender-related differences in the development of MAFLD
have profound implications for clinicians, enabling them
to devise tailored preventive measures and treatment
strategies for patients of varying ages and genders to
minimize the risk of developing MAFLD.

Multiple studies demonstrated that patients with lean
MAFLDs bear a heightened risk for glucose intolerance,
hypertension, metabolic syndrome, cardiovascular mor-
tality, and cancer compared with their overweight/obese
counterparts [38, 52-54]. Consequently, relying solely
on BMI as an initial screening indicator for MAFLD is
inadequate. A subset of patients with normal BMI may
present with uneven fat distribution, elevated visceral
fat content, and transient fluctuations in body mass.
Notably, visceral obesity increases the susceptibility of
non-obese individuals to MAFLD. In clinical practice,
several key variables have been identified as significant
predictors of non-obese MAFLD, including waist-to-hip
ratio, neck circumference, body fat analysis, FIB-4 index,
GGT levels, cholesterol levels, and hemoglobin levels [42,
55-57]. In this study, the lean MAFLD group exhibited
significantly higher age, BMI, SBP, ALT, AST, GGT, CR,
UR, HbAlc, GLU, TyG, and SF compared with the non-
MAFLD group. The multiple logistic regression analysis
revealed that age, BMI, HbAlc, TyG, SBP, UA, HDLC,
and ALT were independent risk factors specifically asso-
ciated with lean MAFLD. Several studies have shown that
patients with a higher TyG index have a higher risk of
fatty liver, diabetes, stroke, cardiovascular disease and a
worse prognosis, and that the TyG index can be a good
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Variables OR (95%CD) P
ALT . 1.034 (1.026~1.041) <0.001
HTG —ed 0.883 (0.648~1.205) 0.433

TCHO He 1.056 (0.925~1.204) 0.42

HDLC —— 0.407 (0.255~0.650) <0.001
UA 1.005 (1.004~1.007) <0.001
SBP 1.007 (1.00~1.013) 0.043
Tyg —e—i 4.03 (2.806~5.786) <0.001

HbAlc — 1.830 (1.285-2.606) 0.001
BMI " 1.095 (1.036~1.158) 0.001

Male Y E— 1.225 (0.941~1.595) 0.132
Age r 1.041 (1.030~1.053) <0.001
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Fig. 2 Forest map of the multivariate logistic analyses for the lean MAFLD group vs. non-MAFLD group. Odds ratios (OR) comparing lean MAFLD
group to healthy group using multivariate logistic regression. Age is year. ALT, alanine aminotransferase; BMI, body mass index; Cl,confidence
interval. HDLC, high density lipoprotein cholesterol; HTG, hypertriglyceridemia; SBP, systolic pressure; TCHO, total cholesterol; TyG, triglyceride glucose
index; UA, uric acid; HbA1c,glycosylated hemoglobin A1c

Variables OR (95%CD P
ALT l. 1.040 (1.031~1.049) <0.001
HIG i 1.410 (0.912~2.181) 0.122

TCHO [ 1.082 (0.898~1.304) 0.407

HDLC —_— 0.241 (0.116~0.504) <0.001

UA 1.006 (1.004~1.008) <0.001
SBP ’ 1.011 (1.002~1.021) 0.017
Tyg —— 3.041 (1.875~4.931) <0.001

HbAlc —— 2.481 (1.588~3.877) <0.001
BMI Fed 5862 (5.101~6.735) <0.001
Male o— 1.529 (1.009~2.318) 0.045
Age I' 1.529 (1.009~2.318) 0.045

0.0625 0.125 0.25 0.5 1 2 4 8

Fig. 3 Forest map of the multivariate logistic analyses for the overweight MAFLD vs. non-MAFLD group. Odds ratios (OR) comparing overweight

MAFLD group to healthy group using multivariate logistic regression. Age is year. ALT, alanine aminotransferase; BMI,body mass index; Cl, confidence
interval. HDLC, high density lipoprotein cholesterol; HTG, hypertriglyceridemia; SBP, systolic pressure; TCHO, total cholesterol; TyG, triglyceride glucose
index; UA, uric acid; HbA1c, glycosylated hemoglobin Alc
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diagnostic and predictive tool for diseases related to insu-
lin resistance and metabolic disorders [58—61]. The for-
est plot for the regression analysis results indicates that
the risk of developing lean MAFLD increases 3.03-fold
for every 1-unit increment in the TyG level compared
with the non-MAFLD group. Compared with overweight
MAFLD, the RCS plot revealed a comparatively lower
cutoff value for TyG in the lean MAFLD group (4.05 vs.
4.21). A comparative analysis of multiple variable-based
ROC curves revealed that the AUC predicted by TyG
for lean MAFLD was 0.81, which surpassed the AUCs of
other indicators, such as HbAlc, ALT, and BMI.

Prior studies established a close association between
the incidence of lean MAFLD and gut microbiota com-
position, genetic susceptibility, environmental factors,
and cholesterol metabolism disorders. The secretion of
msRNA 23487 [62] by Escherichia coli and the reduced
abundance of Bacteroides and Ruminococcaceae, inten-
sify liver inflammation and fibrosis in individuals with
lean MAFLD [22]. Downregulation of the histone vari-
ants macroH2A1.1 and macroH2A1.2 [63] elevated
serum levels of miR-4488 [64], gradually upregulated

GP73 [21]in hepatocytes, activated macrophages via
Toll-like receptor (TLR) ligands, and suppressed bile acid
signaling [65]; all of these effects may contribute to the
onset and progression of lean MAFLD.

The deposition of ectopic fat within muscles and the
liver contributes to the development of insulin resistance
(IR) in individuals diagnosed with lean MAFLD. IR
is intricately linked with MAFLD and correlates with
the amount of visceral or abdominal adipose tissue.
Moreover, IR leads to the onset of MetS [24, 66, 67].
Conventional techniques for the diagnosis of IR, such as
the hyperinsulinemic—euglycemic clamp technique and
the homeostasis model assessment of insulin resistance,
often entail intricate procedures and considerable costs.
Consequently, their implementation is limited in basic
healthcare settings. The TyG index, a simplified indicator
derived by logarithmic transformation of the product
of triglycerides and glucose, effectively captures insulin
resistance. Thus, this technique has recently emerged as
a novel metric for assessing IR [68, 69]. The TyG index is
associated with the extent of liver injury and the severity
of coronary atherosclerosis in patients with MAFLD.
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Furthermore, the TyG index is an independent risk
factor for diabetes, coronary heart disease, hypertension,
stroke, and other associated adverse events [70, 71]. The
high sensitivity of the TyG index in detecting metabolic
disorders and MAFLD underscores its significance as

a widely used biomarker [72, 73]. Individuals with lean
MAFLD exhibit a higher incidence of cardiovascular
events and an increased risk of all-cause mortality
compared with individuals without lean MAFLD [18].
Thus, the development of predictive models with risk
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factors specific to lean MAFLD is crucial for early
identification, diagnosis, and intervention of this
disease. The ultimate aim is to decrease the occurrence
of cardiovascular events and other harmful outcomes in
patients with MAFLD.

A nomogram is a graphical form used to illustrate and
calculate the relationships between multiple variables.
Nomograms are widely used in disease prognosis and can
assist doctors in clinical decision-making. Prospective
cohort studies predicted the risk of developing MAFLD
after 2 or 3 years in a Chinese non-fat population [74,
75], which is helpful for timely intervention and reduc-
ing the incidence of NAFLD. In addition, taking into
account regional differences in the prevalence of NAFLD.
This study is a cross-sectional investigation of a southern
Chinese population to predict the risk of lean MAFLD.
Thus, we developed a nomogram prediction model for
the occurrence of lean MAFLD based on multiple logis-
tic regression analysis, including age, BMI, HbAlc, TyG,
SBP, UA, and other indicators. The model has good pre-
dictive performance (area under the ROC=0.866), and
the DCA shows good consistency between the predicted
and actual values. The nomogram diagram is a visualiza-
tion of the logistic regression analysis, providing an accu-
rate digital risk probability for each patient and assisting
clinicians in making decisions for personalized health-
care. The nomogram prediction model has predictive
value for lean MAFLD patients and can be used for clini-
cal decision-making.

In conclusion, the harm of lean MAFLD is not limited
to the liver, lean MAFLD can lead to diabetes, cerebro-
cardiovascular diseases, and metabolic syndrome-related

diseases. Therefore, clinicians should pay attention to
patients with MAFLD who have a normal BMI and
patients who exhibit mild metabolic abnormalities,
which may lead to MAFLD. The nomogram has a wide
range of applications in medical, particularly for screen-
ing high-risk populations, including normal BMI individ-
uals with metabolic risks and those with abnormal lipid,
glucose, uric acid, or aminotransferase levels, to assess
disease risk and provide personalized preventive advice.
It also plays an important role in community and medical
center screening to help identify at-risk populations. For
patients predicted to be at high risk by the Nomogram
model, more detailed screening, including liver ultra-
sound, should be performed to further confirm the pres-
ence of MAFLD. For patients predicted to be at low risk,
a regular follow-up program can be instituted to follow-
up on changes in their clinical variables and to adjust the
screening strategy as needed.

However, the current study has several potential
limitations. First, it is retrospective, single-centered
and cross-sectional, which does not adequately repre-
sent the wider population, and in addition, the cross-
sectional design fails to provide information on the
dynamics of the disease over time, thus limiting the
generalizability of the study. Second, previous diagnosis
of MAFLD has relied on ultrasound, which may have
led to some patients with mild MAFLD being missed,
thus underestimating the true prevalence of the disease,
and future studies should consider the use of a com-
bination of more advanced imaging techniques, such
as FibroScan and MRI-PDFF. These techniques can
provide more precise quantitative information about
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fat and help to more accurately assess the severity of
MAFLD. Third, missing values were filled in with strati-
fied means. This may affect the accuracy of the model.
Fourth, the lack of external validation and the lack of
lifestyle information in the data weakened the ability of
the model to generalization, in addition to the fact that
lifestyle information is essential for understanding the
onset and progression of the disease. The lack of such
information may prevent the study from fully exploring
the association between MAFLD and lifestyle factors,
thus weakening the depth and breadth of the findings.

Therefore, future studies should focus on strengthen-
ing multicenter collaboration, increasing sample size,
and collecting more data from different clinical popu-
lations to cover a wider range of age, ethnicity, disease
status, and other variables to improve the accuracy of
findings and reduce bias. Meanwhile, cohort studies
covering community and urban populations need to
be established, with regular follow-up of cohort mem-
bers to collect information on disease progression,
treatment response and prognosis. This will make the
study population more diverse and representative and
improve the representativeness and breadth of the
study. On this foundation, longitudinal studies should
be carried out to gain an in-depth understanding of the
occurrence and development of MAFLD and its rela-
tionship with related diseases through long-term fol-
low-up and observation of the same group of people, so
as to more accurately assess the risk of the disease and
predict the course of the disease. In addition, the accu-
racy and reliability of the model is assessed through
external validation, and the nomogram model is regu-
larly updated as new data accumulate and clinical
practice changes. It helps to improve the prevention,
diagnosis and treatment of MAFLD, thereby reducing
the risk and burden of related diseases.
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