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Abstract 

Objective  This study aimed to construct a scientific, accurate, and readily applicable clinical all-cause mortality pre-
diction model for patients with metabolic dysfunction-associated steatotic liver disease (MASLD) to enhance the effi-
ciency of disease management and improve patient prognosis.

Methods  This study was a retrospective cohort study based on the National Health and Nutrition Examination 
Survey database. The 17,861 participants diagnosed with MASLD were randomly assigned to either a training cohort 
(n = 12,503) or a validation cohort (n = 5358). Potential predictors were subjected to LASSO regression analysis, 
and independent risk factors were subsequently identified through multivariate Cox regression analysis. An all-cause 
mortality prediction model was constructed based on the significant predictors, and a nomogram was generated 
to illustrate the survival probability of patients at various time points. The model’s performance was evaluated using 
receiver operating characteristic (ROC), calibration, and decision curve analysis (DCA) curves.

Results  A multiple Cox regression analysis identified several independent predictors significantly influencing 
all-cause mortality in patients with MASLD. These included gender, age, smoking status, hypertension, red blood 
cell count, albumin, glutamyl transpeptidase, glycosylated hemoglobin, and creatinine. The constructed predictive 
model demonstrated high accuracy in the training and validation cohorts, with AUC values approaching 0.85 at 3, 
5, and 10 years, respectively. Calibration and DCA curves were employed to verify the stability and generalizability 
of the model.

Conclusions  We successfully constructed and validated an all-cause mortality prediction model for MASLD patients. 
This model provides a powerful tool for clinical risk assessment and treatment decision-making.
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Introduction
In recent years, the global rise in obesity and metabolic 
syndrome has led to an increase in cases of metabolic 
dysfunction-associated steatotic liver disease (MASLD). 
This liver disease has become a significant public health 
concern [1–5]. MASLD, frequently designated as a sub-
set of nonalcoholic fatty liver disease (NAFLD), denotes 
explicitly those forms of fatty liver disease that are inti-
mately associated with the metabolic syndrome [6]. This 
disease affects the liver’s normal function and leads to 
abnormal fat deposition in hepatocytes. Furthermore, it 
may exacerbate the patient’s overall metabolic disorder 
through complex pathophysiological mechanisms, such 
as insulin resistance, chronic inflammation, and oxidative 
stress. This, in turn, increases the risk of cardiovascular 
disease, type 2 diabetes, malignant tumors, and many 
other chronic diseases [6–10].

As our comprehension of MASLD deepens, it has 
become increasingly evident that diagnosing MASLD 
through liver biopsy or imaging alone is insufficient for 
meeting the needs of early identification, risk assessment, 
and intervention and treatment in clinical practice. It is, 
therefore, of great significance to construct a scientific, 
accurate, and readily applicable clinical all-cause mortal-
ity prediction model for MASLD patients to improve the 
efficiency of disease management and prognosis.

Nevertheless, the current research on the long-term 
prognostic assessment of MASLD patients still presents 
numerous challenges. On the one hand, the pathogene-
sis of MASLD is complex and involves genetic, environ-
mental, lifestyle, and other factors, making its predictive 
assessment particularly challenging [11–14]. In contrast, 
extant studies have substantiated the correlation between 
a range of indicators and mortality in MASLD, encom-
passing, but not limited to, triglyceride-glucose-related 
parameters [9, 15], the systemic inflammation response 
index [16], cardiometabolic risk factors [17], and hema-
tological biomarkers of inflammation [18]. However, it is 
essential to note that while the correlation between these 
indices and MASLD mortality has been confirmed, they 
all demonstrated some limitations regarding predictive 
accuracy. In light of these considerations, constructing a 
prediction model that can be widely applied to different 
populations and accurately predict all-cause mortality in 
patients with MASLD has become a significant focus of 
current medical research.

In this study, we first screened patients who met the 
diagnostic criteria for MASLD through the National 
Health and Nutrition Examination Survey (NHANES) 
database and subsequently constructed an all-cause mor-
tality prediction model based on baseline data for this 
population. A multivariate Cox regression analysis was 
employed to construct a prediction model that integrates 

several factors, including patient demographic character-
istics, lifestyle, co-morbidities, anthropometrics, and lab-
oratory test indicators. The establishment of this model 
facilitates a more comprehensive understanding of the 
pathogenesis of MASLD and its impact on patient prog-
nosis. Furthermore, it provides substantial support for 
risk assessment, treatment decision-making, and progno-
sis management of MASLD patients in clinical practice.

Materials and methods
Study population
This study was a retrospective cohort study based on the 
NHANES database. The data utilized in this study were 
obtained from the NHANES database, spanning 1999 
to 2018. This database contains the results of cross-sec-
tional surveys conducted every two years by the Centers 
for Disease Control and Prevention (CDC). The research 
protocol of the NHANES project adhered strictly to the 
guidelines set forth by the Ethics Review Committee of 
the National Center for Health Statistics (NCHS), and all 
participants were required to sign an informed consent 
form. During data analysis, the NIH policy regulations 
were adhered to. Given the anonymity and non-direct 
contact nature of the data, it was used directly in the 
study without requiring additional ethical review because 
it was not identifiable. To ensure the highest study design 
and reporting quality, the study was conducted accord-
ing to the standards outlined in the Strengthening the 
Reporting of Observational Studies in Epidemiology 
(STROBE) statement.

At the study’s outset, a sample population was selected 
from ten consecutive survey cycles, comprising 101,316 
participants. To guarantee the precision and applicabil-
ity of the study outcomes, we employed rigorous data 
cleansing and exclusion protocols to remove ineligible 
participants, including those under the age of 20, preg-
nant women, individuals with incomplete data sets (spe-
cifically lacking information on essential indicators for 
calculating the fatty liver index (FLI), demographic char-
acteristics, chronic disease status, survival follow-up, 
and select biochemical data), and non-MASLD patients. 
Following applying the above screening criteria, 17,861 
participants were identified as eligible for inclusion in the 
analysis of this study. These participants were then ran-
domly assigned to a training and validation cohort in a 
ratio of 7:3 (Fig. 1).

Data collection
The data utilized in this study were obtained from the 
NHANES dataset. The data set included information 
on gender, age, race, education, marital status, family 
poverty-to-income ratio (PIR), smoking status, drink-
ing status, physical activity level, diabetes, hypertension, 
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body mass index (BMI), waist circumference (WC), white 
blood cell count (WBC), red blood cell count (RBC), 
platelet count, hemoglobin, albumin, total bilirubin, 
aspartate transferase (AST), alanine transferase (ALT), 
gamma-glutamyl transpeptidase (GGT), fasting plasma 
glucose (FPG), glycosylated hemoglobin (HbA1c), total 
cholesterol (TC), triglycerides (TG), high-density lipo-
protein cholesterol (HDL-c), creatinine, uric acid, and 
blood urea nitrogen (BUN).

For racial categorization, participants were subdivided 
into the following categories: Mexican American, non-
Hispanic White, non-Hispanic Black, and other race. 
Educational attainment was based on participants’ self-
reported highest level of education. It was categorized 
into three categories: less than high school (did not com-
plete 9th grade), high school diploma (graduated from 
grades 9–12), and more than high school (completed 
more than 12th grade) [19]. To examine the influence 

Fig. 1  Participant screening flowchart. FLI fatty liver index, MASLD metabolic dysfunction-associated steatotic liver disease
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of family structure variables, marital status was dichot-
omized into cohabitation and solitude. To assess the 
family’s economic status, our approach was to base our 
evaluation on the PIR criterion officially defined by the 
U.S. government [20]. Standardized assessment methods 
were employed to ascertain smoking and drinking hab-
its. The status of the participant smoking was determined 
by the number of cigarettes smoked more than 100 in the 
course of the participant’s lifetime, as well as the current 
status of the participant as a smoker [21]. Alcohol con-
sumption was assessed using a question regarding the 
consumption of at least 12 alcoholic beverages of any 
type in the past year [22]. Physical activity was catego-
rized according to the NHANES metabolic equivalent 
(MET) criteria: vigorous (≥ 6.0 METs), moderate (3.0–
5.9  METs), and inactive (<3.0  METs), with definitions 
referenced to the NHANES Physical Activity Question-
naire guidelines. Diagnosis of diabetes was based on one 
of the following criteria: a medical professional diagnosis, 
an FPG level of ≥126 mg/dL, an HbA1c level of ≥6.5%, or 
glucose-lowering therapy. Hypertension was diagnosed 
based on whether participants had been informed by a 
medical professional that they had hypertension or were 
currently taking medication prescribed for hypertension.

MASLD assessment
In the initial stages of MASLD, the disease is typi-
cally identified by an abnormal fat accumulation within 
the liver tissue. In the absence of data from ultrasound 
assessments of hepatic steatosis and transient elastog-
raphy of the liver over multiple follow-up cycles, the 
evaluation of MASLD status is primarily based on the 
calculation of the FLI [23], which is calculated using the 
following formula:

According to the findings of previous studies, individu-
als with FLI values below 60 are deemed at low risk for 
hepatic steatosis [23]. In contrast, individuals with FLI 
values at or above 60 are considered to be at high risk for 
hepatic steatosis and are accordingly diagnosed [24]. Fur-
thermore, a diagnosis of MASLD was confirmed if any of 
the following five cardiometabolic criteria were met: (1) 
BMI ≥ 25 kg/m2, or WC ≥ 94 cm in men and ≥80 cm in 
women; (2) FPG ≥ 100 mg/dL, or 2-h post-load blood glu-
cose level ≥ 140  mg/dL, or HbA1c ≥ 5.7%, or diagnosed 
diabetes mellitus (DM), or receiving glucose-lowering 
therapy for DM; (3) blood pressure ≥ 130/85  mmHg, 
or being treated with antihypertensive medication; (4) 
TG ≥ 150  mg/dL, or being treated with lipid-lowering 
therapy; and (5) HDL-c level < 40  mg/dL in men and 

FLI =

(

e0.953× ln(TG)+0.139×BMI+0.718× ln(GGT)+0.053×WC−15.745
)

(

1+ e0.953× ln(TG)+0.139×BMI+0.718× ln(GGT)+0.053×WC−15.745
) × 100

<50 mg/dL in women, or being treated with lipid-lower-
ing therapy [6].

Mortality assessment
The principal objective of this study was to ascertain 
the incidence of mortality in patients with MASLD. The 
term "all-cause mortality" was used to describe deaths 
from heart disease, malignant neoplasms, and all other 
causes. The mortality data for the follow-up population 
were obtained from the NHANES Public Use-Related 
Mortality File (as of December 31, 2019). This file is cor-
related to the NCHS and the National Death Index (NDI) 
through a probabilistic matching algorithm. The follow-
up period was calculated from the initial interview to the 
date of the patient’s death or December 31, 2019 [25].

Statistical analysis
To verify the normality of continuous variables, the 
Kolmogorov–Smirnov test was implemented. By the 
outcomes of the normality test, the mean ± standard 
deviation or the median (in conjunction with the 25th 
and 75th percentile) were selected for descriptive analy-
sis. To ascertain the distributional characteristics of the 
variables in question, we employed the Student’s t-test or 
rank sum test, which enabled us to identify and compare 
differences between the various groups. A frequency and 
percentage table was provided for categorical variables, 
and the chi-square test was used to analyze differences 
between groups.

In the training cohort, we employed the least absolute 
shrinkage and selection operator (LASSO) Cox regres-
sion analysis method for multivariate analysis to iden-
tify independent risk factors. Subsequently, we further 
employed multivariate Cox regression analysis to refine 
the independent predictors and constructed a nomogram 
of predicted all-cause mortality. To assess the efficacy 
of this nomogram in the training cohort and validation 
cohort, we employed receiver operating characteris-
tic (ROC) and calibration curves, respectively. The area 
under the ROC curve (AUC) ranged from 0.5 (indicating 
no discriminatory power) to 1 (indicating full discrimi-
natory power). Furthermore, decision curve analysis 
(DCA) curves were conducted to ascertain the predicted 
net benefit threshold. To evaluate the cumulative inci-
dence of mortality across different subgroups (e.g., gen-
der, smoking status, and hypertension), we employed the 
Kaplan–Meier method and log-rank tests.

In all statistical analyses, we adhered to the princi-
ple of two-sided tests and considered P values less than 
0.05 to be statistically significant. All data analysis was 
conducted with the assistance of R 4.4.0 software (pro-
vided by the R Foundation at http://​www.R-​proje​ct.​
org) and SPSS version 23.0 (IBM Corporation, Armonk, 

http://www.R-project.org
http://www.R-project.org
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NY, USA). Graphic presentations were generated using 
GraphPad Prism version 9.0 (GraphPad Software, USA).

Results
Baseline characteristics of participants
This study analyzed the participants’ demographic and 
baseline clinical characteristics. 12,503 participants were 
included in the training cohort, and 5358 were included 
in the validation cohort. The gender distribution indi-
cated that 55.7% of the training and 55.8% of the valida-
tion cohorts were male, with no statistically significant 
difference (P = 0.860). The median age was 52  years 
for the training cohort and 53  years for the validation 
cohort. A comparison of age distributions revealed no 
statistically significant difference between the two groups 
(P = 0.761). Regarding racial composition, the most sig-
nificant proportion was that of non-Hispanic whites, 
representing 45.9% of the training cohort and 46.4% of 
the validation cohort. No significant differences were 
observed in the racial distributions (P = 0.438). No sig-
nificant differences were observed between the two 
groups regarding education level, marital status, fam-
ily PIR, smoking, drinking habits, physical activity level, 
prevalence of DM, and hypertension (all P > 0.05). Fur-
thermore, no significant differences were observed in the 
median values of anthropometric and biomarker varia-
bles between the two groups, including BMI, WC, WBC, 
RBC, platelet, hemoglobin, albumin, total bilirubin, AST, 
ALT, GGT, FPG, TC, TG, HDL-c, creatinine, uric acid, 
and BUN (all P > 0.05) (Table 1).

LASSO regression
In this study, we employed LASSO regression to select 
features. The following features were included in the 
analysis: gender, age, race, education, marital status, fam-
ily PIR, smoking status, alcohol status, physical activ-
ity level, diabetes, hypertension, BMI, WC, WBC, RBC, 
platelet, hemoglobin, albumin, total bilirubin, AST, ALT, 
GGT, FPG, HbA1c, TC, TG, HDL-c, creatinine, uric 
acid, and BUN. These variables were evaluated using 
LASSO regression. Figure 2A depicts the LASSO regres-
sion coefficient profiles, which illustrate the process of 
model variable selection by displaying the alterations in 
the coefficients of the variables at varying λ values. As 
the value of λ increases, the regression coefficients of 
some variables gradually approach zero, thereby achiev-
ing a sparse selection of variables. Figure 2B depicts the 
cross-validation error plot of the LASSO regression 
model, which is utilized to ascertain the optimal model 
complexity by calculating the cross-validation error at 
varying λ values. As illustrated in the figure, examining 
the model deviation reveals a pattern of decreasing and 
then increasing as the λ value increases. This suggests the 

existence of an optimal λ value that enables the model to 
perform optimally in cross-validation. Specifically, the 
model performs better when the deviation correspond-
ing to the value of λ decreases from 11.5 to approxi-
mately 9.0. However, increasing the value of λ leads to 
an increase in the deviation, resulting in a decline in the 
model’s performance. In conclusion, the results of the 
LASSO regression demonstrated that a total of 19 vari-
ables were identified as potential predictors, including 
gender, age, race, marital status, family PIR, smoking, 
physical activity, diabetes, hypertension, WC, RBC, albu-
min, AST, GGT, FPG, HbA1c, creatinine, uric acid, and 
BUN.

Multivariate Cox regression analysis
Following a multivariate Cox regression analysis of 19 
variables that had been screened by LASSO regression, it 
was determined that gender, age, smoking status, hyper-
tension, RBC, albumin, GGT, HbA1c, and creatinine lev-
els were significant factors influencing the risk of death 
in patients. Specifically, the risk of death was lower in 
females than in males (HR = 0.70, 95% CI: 0.63–0.77, 
P < 0.001). An increase in age was associated with an 
elevated risk of mortality (HR = 1.08, 95% CI: 1.08–1.09, 
P < 0.001). Conversely, smokers and hypertensive patients 
exhibited a markedly elevated risk of mortality com-
pared to non-smokers and non-hypertensive patients 
(HR = 1.47, 95% CI: 1.34–1.62, P < 0.001; HR = 1.26, 95% 
CI: 1.15–1.39, P < 0.001). It is noteworthy that lower RBC 
counts were associated with an elevated risk of mortal-
ity (HR = 0.77, 95% CI: 0.70–0.85, P < 0.001), while lower 
albumin levels similarly predicted an increased risk of 
mortality (HR = 0.50, 95% CI: 0.43–0.58, P < 0.001). Fur-
thermore, elevated GGT, HbA1c, and creatinine levels 
were all found to increase the risk of death significantly 
(HR = 1.01, 95% CI: 1.01–1.01, P < 0.001; HR = 1.14, 95% 
CI: 1.10–1.17, P < 0.001; HR = 1.16, 95% CI: 1.12–1.21, 
P < 0.001) (Table 2).

Constructing the nomogram
The multivariate Cox regression analysis results were 
used to construct a final model containing nine inde-
pendent predictors. These results designed a concise and 
practical nomogram, as shown in Fig. 3. The nomogram 
was designed to illustrate the probability of survival for 
patients with MASLD at specified time points, namely 3, 
5, and 10 years. To construct this graph, a point system 
was employed that incorporated gender, age, smoking 
status, hypertension, RBC, albumin, GGT, HbA1c, and 
creatinine levels as predictors of survival. In particular, 
each predictor was assigned a score independently, and 
the resulting scores were summed to calculate the prob-
ability of patient survival at each time point. The range of 
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Table 1  Patient demographics and baseline characteristics

Variables Cohort P

Training cohort, N = 12,503 Validation cohort, N = 5358

Gender, n (%) 0.860

 Male 6964 (55.7%) 2992 (55.8%)

 Female 5539 (44.3%) 2366 (44.2%)

Age (years) 52 (39, 65) 53 (40, 65) 0.761

Race, n (%) 0.438

 Mexican American 2469 (19.7%) 1087 (20.3%)

 Non-Hispanic White 5738 (45.9%) 2484 (46.4%)

 Non-Hispanic Black 2531 (20.2%) 1076 (20.1%)

 Other Race 1765 (14.1%) 711 (13.3%)

Education level, n (%) 0.763

 Less than 9th grade 1493 (11.9%) 660 (12.3%)

 9–12th grade 5015 (40.1%) 2148 (40.1%)

 More than 12th grade 5995 (47.9%) 2550 (47.6%)

Marital Status, n (%) 0.593

 Cohabitation 7898 (63.2%) 3362 (62.7%)

 Solitude 4605 (36.8%) 1996 (37.3%)

Family PIR 2.10 (1.13, 3.96) 2.13 (1.16, 4.01) 0.354

Smoking, n (%) 0.339

 No 6154 (49.2%) 2679 (50.0%)

 Yes 6349 (50.8%) 2679 (50.0%)

Alcohol, n (%) 0.087

 No 3852 (30.8%) 1720 (32.1%)

 Yes 8651 (69.2%) 3638 (67.9%)

Physical activity, n (%) 0.308

 Inactive 4013 (32.1%) 1731 (32.3%)

 Moderate 4658 (37.3%) 2044 (38.1%)

 Vigorous 3832 (30.6%) 1583 (29.5%)

Diabetes, n (%) 0.579

 No 9165 (73.3%) 3949 (73.7%)

 Yes 3338 (26.7%) 1409 (26.3%)

Hypertension, n (%) 0.785

 No 6655 (53.2%) 2840 (53.0%)

 Yes 5848 (46.8%) 2518 (47.0%)

BMI (kg/m2) 32.5 (29.5, 36.6) 32.5 (29.4, 36.6) 0.873

WC (cm) 109 (102, 118) 109 (103, 118) 0.444

WBC (103 cells/μL) 7.30 (6.10, 8.80) 7.40 (6.10, 8.80) 0.371

RBC (million cells/uL) 4.78 (4.45, 5.11) 4.78 (4.43, 5.10) 0.373

Platelet (103 cells/μL) 248 (209, 294) 248 (209, 295) 0.984

Hemoglobin (g/dL) 14.40 (13.40, 15.40) 14.40 (13.40, 15.50) 0.998

Albumin (g/dL) 4.20 (4.00, 4.40) 4.20 (4.00, 4.40) 0.600

Total Bilirubin (mg/dL) 0.60 (0.50, 0.90) 0.60 (0.50, 0.90) 0.283

AST (U/L) 24 (20, 29) 24 (20, 29) 0.503

ALT (U/L) 24 (18, 34) 24 (18, 34) 0.477

GGT (IU/L) 27 (19, 42) 27 (19, 41) 0.260

FPG (mg/dL) 97 (88, 111) 97 (88, 111) 0.753

HbA1c (%) 5.60 (5.30, 6.10) 5.60 (5.30, 6.10) 0.192

TC (mg/dL) 197 (171, 226) 198 (171, 227) 0.980

TG (mg/dL) 163 (114, 242) 166 (114, 244) 0.457
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survival probability was set from 0.01 to 0.99, with higher 
values indicating more favorable survival outcomes. The 
nomogram demonstrates the correlation between these 
variables and survival outcomes clearly and comprehen-
sively, thereby providing substantial support for clinical 
decision-making and risk assessment.

ROC curves, calibration curves, and DCA curves
This study presented the ROC curves of the training and 
validation cohorts to assess the developed model’s pre-
dictive performance. Figure 4A depicts the ROC curves 
of the training cohort, whose 3-, 5-, and 10-year AUCs 
were 0.813, 0.826, and 0.848, respectively. These results 
indicate that the model had high accuracy in predicting 
patients’ survival and demonstrated an inevitable trend 
of improvement over time. Figure  4B depicts the ROC 
curves of the validation cohort, with AUC values of 0.825, 
0.839, and 0.845 at 3, 5, and 10  years, respectively. The 

validation cohort exhibits slightly higher AUC values at 
the same time points than the training cohort, indicating 
that the model has a superior capacity for generalization 
to an independent validation set. This finding reinforces 
the model’s reliability and applicability in predicting the 
probability of long-term patient survival.

Furthermore, the calibration curves for the ROC 
curve analysis on 3-, 5-, and 10-year survival prediction 
for both the training and validation cohorts are pre-
sented. As illustrated in Fig. 5, the calibration curves of 
the model on 3-, 5-, and 10-year survival prediction for 
both the training and validation cohorts exhibit a high 
degree of accuracy, with a fit to the ideal curve (i.e., 
the predicted probability is equal to the diagonal of the 
actual likelihood of occurrence). This indicates that the 
model can accurately predict survival probabilities at 
different time points in both the training dataset and 

Data are shown as median (25th, 75th percentiles) or percentages, p < 0.05 considered statistically significant

PIR poverty-to-income ratio, BMI body mass index, WC waist circumference, WBC white blood cell count, RBC red blood cell count, FPG fasting plasma-glucose, AST 
aspartate aminotransferase, ALT alanine transaminase, GGT​ gamma-glutamyl transferase, HbA1c hemoglobin A1c, TC total cholesterol, TG triglyceride, HDL-c high 
density lipoprotein cholesterol, BUN blood urea nitrogen

Table 1  (continued)

Variables Cohort P

Training cohort, N = 12,503 Validation cohort, N = 5358

HDL-c (mg/dL) 45 (38, 53) 44 (38, 53) 0.776

Creatinine (mg/dL) 0.89 (0.73, 1.02) 0.89 (0.73, 1.02) 0.872

Uric acid (mg/dL) 5.90 (4.90, 6.90) 5.90 (5.00, 6.80) 0.464

BUN (mg/dL) 13.0 (10.0, 17.0) 13.0 (10.0, 16.0) 0.205

Fig. 2  LASSO regression for variable selection in MASLD patients to reduce multicollinearity. A The coefficient profiles of predictors showcase 
the LASSO coefficient profiles for the 30 evaluated predictors. A coefficient profile plot against the logarithmic λ sequence [log(λ)] is displayed. This 
plot helps to understand how each predictor’s influence varies with changes in the λ value, illustrating the dynamic nature of variable selection 
in the LASSO model. B Tuning parameter (λ) selection using tenfold cross-validation to show the process of λ optimization in the LASSO model 
to balance model complexity and predictive accuracy. The dotted vertical line indicates the chosen λ value, which resulted in the selection of 19 
significant predictors with non-zero coefficients
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the validation set, thereby demonstrating the stability 
and generalization ability of the model.

Furthermore, we present the DCA curves derived 
from the ROC curve analysis of the training cohort 
compared to the validation cohort concerning 3-, 5-, 
and 10-year survival prediction. These curve plots 
aim to assess the model’s net benefit in clinical deci-
sion-making by comparing the net benefit at differ-
ent threshold probabilities and the strategy of treating 
all patients versus not treating any patients. The DCA 
curves for the training cohort indicate that the net 
benefit of utilizing the model for decision-making is 
markedly superior to the "treat all" or "treat none" strat-
egies at various threshold probabilities, particularly 
within the medium to high threshold range. Similarly, 
the DCA curves for the validation cohort illustrate 
the model’s efficacy in predicting survival probability. 
The model exhibited a high net benefit at various time 
points (3, 5, and 10  years), further substantiating its 
stability and capacity for generalization (Fig. 6).

Kaplan–Meier survival curve subgroup analysis
In this study, we constructed all-cause mortality survival 
curves for various subgroups (gender, smoking status, 
and hypertension status) for the training and valida-
tion cohorts. In the gender subgroup, a comparison of 

Table 2  Results of multivariate cox regression for training cohort

HR hazard ratio, CI confidence interval, RBC red blood cell count, GGT​ gamma-
glutamyl transferase

Variables N Death HR 95% CI P

Gender

 Male 6964 1201 – –

 Female 5539 791 0.70 0.63, 0.77 <0.001

Age 12,503 1992 1.08 1.08, 1.09 <0.001

Smoking

 No 6154 718 – –

 Yes 6349 1274 1.47 1.34, 1.62 <0.001

Hypertension

 No 6655 680 – –

 Yes 5848 1312 1.26 1.15, 1.39 <0.001

RBC 12,503 1992 0.77 0.70, 0.85 <0.001

Albumin 12,503 1992 0.50 0.43, 0.58 <0.001

GGT​ 12,503 1992 1.00 1.00, 1.00 <0.001

HbA1c 12,503 1992 1.14 1.10, 1.17 <0.001

Creatinine 12,503 1992 1.16 1.12, 1.21 <0.001

Fig. 3  Nomogram for predicting the probability of survival for patients with MASLD at specific time points, namely 3, 5, and 10 years. Values 
for each variable are individually plotted and correspond to point values assigned from the point scale (top). A total score was obtained 
from the values of each index and plotted on the total point scale (bottom), which is used to assign a corresponding value for the predicted rate 
of the nomogram. RBC red blood cell count, GGT​ gamma-glutamyl transferase
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Fig. 4  ROC curves of nomogram in training and validation cohorts. A ROC curves of the training cohort at 3, 5, and 10 years; B ROC curves 
of the validation cohort at 3, 5, and 10 years. ROC receiver operating characteristic, AUC​ area under the receiver operating characteristic curve

Fig. 5  Calibration curve of the nomogram. This figure presents the calibration curve of the nomogram using data from A–C the training cohort 
and D–F the validation cohort
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survival curves between women and men in the training 
cohort revealed that women exhibited a higher probabil-
ity of survival. The Log-rank test p-value was less than 
0.001, and the HR (95% CI) was 1.201 (1.098–1.314). 
Similarly, the validation cohort demonstrated a higher 
probability of survival for women than men, with a log-
rank test p-value less than 0.001 and an HR (95% CI) of 
1.364 (1.188–1.565). In the subgroup defined by smok-
ing status, the survival curves of smokers versus non-
smokers in the training cohort revealed a significantly 
poorer prognosis for smokers, with a notable decline in 
the probability of survival over time. The log-rank test 
p-value was less than 0.001, and the HR (95% CI) was 
1.749 (1.596–1.916). The survival curves for smokers in 
the validation cohort similarly demonstrated a lower 
probability of survival, consistent with the findings of 
the training cohort. The log-rank test p-value was again 
less than 0.001, and the HR (95% CI) was 1.556 (1.357–
1.784). In the hypertension subgroup, the probability of 
survival was lower for individuals with hypertension in 
the training cohort than for those without hypertension. 
The log-rank test p-value was less than 0.001, and the HR 
(95% CI) was 2.599 (2.369–2.852). Similarly, the valida-
tion cohort demonstrated a lower probability of survival 
among individuals with hypertension, with a log-rank 
test p-value less than 0.001 and an HR (95% CI) of 2.665 
(2.312–3.072) (Fig. 7).

Discussion
This study successfully constructed an all-cause mortal-
ity prediction model for adult patients with MASLD by 
comprehensively analyzing substantial data from the 
NHANES database. The findings revealed significant 
correlations between key predictors, including gen-
der, age, smoking status, hypertension, RBC, albumin, 
GGT, HbA1c, and creatinine, and all-cause mortality in 
patients with MASLD. These findings offer novel insights 
into the pathophysiological mechanisms of MASLD and 
provide clinicians with a crucial foundation for evaluat-
ing the risk of mortality in patients.

In this study, we employed multivariate Cox regression 
analysis to screen nine independent predictors that sig-
nificantly influenced all-cause mortality in patients with 
MASLD. Among these, albumin, smoking, and creati-
nine levels exhibited the most substantial influence on 
all-cause mortality in MASLD patients. Albumin, a vital 
indicator of hepatic synthetic function, shows a reduced 
level in cases of impaired hepatic synthetic capacity or 
malnutrition [26]. Hypoalbuminemia is associated with 
increased systemic inflammatory response and immune 
suppression, which may exacerbate metabolic disorders 
and organ damage in patients with MASLD, thereby 
increasing the risk of death [27, 28]. Furthermore, 
hypoalbuminemia may serve as an indicator of hepatic 
fibrosis progression, which can further affect multi-organ 

Fig. 6  Evaluation of the clinical benefit of the nomogram. This figure displays the assessment of the clinical benefit of the predictive model using 
data from A–C the training cohort and D–F the validation cohort
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homeostasis [29]. Furthermore, the pathologic process in 
patients with MASLD is exacerbated by cigarette smok-
ing through multiple pathways. Harmful components 
of tobacco, such as nicotine, can directly induce oxida-
tive stress and inflammatory responses in hepatocytes, 
accelerating liver fibrosis [30, 31]. Furthermore, smok-
ing is significantly associated with an increased risk of 
cardiovascular disease. It may synergize with metabolic 
abnormalities in MASLD through pro-atherosclerotic 
and endothelial dysfunction mechanisms, contributing to 
an elevated risk of cardiac death [32–34]. Furthermore, 
smoking has been demonstrated to exacerbate insulin 
resistance, thereby further exacerbating metabolic dis-
orders through epigenetic modulation [35]. Elevated 
creatinine levels are indicative of renal insufficiency and 
may reflect systemic metabolic toxin accumulation and 
electrolyte imbalance [36]. The relationship between 
impaired renal function and MASLD is bidirectional. 
From one perspective, chronic kidney disease (CKD) may 
exacerbate liver injury through the release of inflamma-
tory factors and insulin resistance [37]. From another 
perspective, MASLD-associated lipotoxicity and oxida-
tive stress may directly impair glomerular filtration func-
tion [38, 39]. Furthermore, renal insufficiency may limit 
the efficiency of drug metabolism and increase therapeu-
tic complexity, thus indirectly elevating the risk of death 
[40]. Consequently, the prognosis of MASLD patients is 
influenced by these three variables, which affect it from 

the perspectives of liver function, exogenous injury, and 
multi-organ interaction. This suggests that clinical atten-
tion should be paid to nutritional support, smoking ces-
sation intervention, and renal function monitoring to 
improve patient outcomes.

Furthermore, the mortality risk was found to be lower 
in females than in males. This may be attributable to dis-
crepancies in gender hormones, immune responses, and 
metabolic pathways [41]. The protective effect of estro-
gen on the cardiovascular system may partially explain 
the lower mortality rate observed in women [42]. Addi-
tionally, there may be discrepancies in health behaviors 
and healthcare utilization between genders, which collec-
tively impact the prognosis of MASLD [43]. An increase 
in age is positively correlated with an elevated mortality 
risk. As individuals age, their physiological function-
ing declines, reducing the resilience of multiple organs, 
including the liver, to disease and stress [44]. Conse-
quently, older patients with MASLD are at an elevated 
risk of mortality. The mortality rate is significantly higher 
among smokers than among non-smokers. Patients with 
hypertension are at an elevated risk of mortality. Hyper-
tension represents a significant risk factor for cardio-
vascular disease, and it exacerbates MASLD, creating a 
vicious cycle. Hypertension can exacerbate liver damage, 
while MASLD may also affect blood pressure control and 
increase the risk of cardiovascular disease events [45]. 
A reduction in RBC is associated with an elevated risk 

Fig. 7  Kaplan‒Meier curves for all-cause mortality stratified by gender (A), smoking status (B), and hypertension status (C) in the training cohort. 
Kaplan‒Meier curves for all-cause mortality stratified by gender (D), smoking status (E), and hypertension status (F) in the validation cohort. In 
the Kaplan–Meier curves, the population is stratified into two groups and statistical analysis is conducted using the log-rank test
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of mortality. A decrease in RBC may be related to ane-
mia, resulting in a diminished capacity to deliver oxygen, 
affecting body systems’ functioning [46]. This is associ-
ated with an elevated risk of mortality. Elevated levels of 
GGT are a significant risk factor for mortality. GGT is 
predominantly located within the membranes of hepato-
cytes and microsomes. Consequently, elevated levels of 
GGT frequently indicate damage to the hepatocytes or 
bile duct obstruction. In MASLD, elevated GGT levels 
may reflect the degree of hepatic inflammation and fibro-
sis, thus serving as an essential marker of poor prognosis 
[47]. Elevated HbA1c levels have been demonstrated to 
elevate the risk of mortality significantly. Elevated HbA1c 
levels indicate suboptimal long-term glycemic control 
and are associated with an elevated risk of diabetes-
related complications, which may include cardiovascular 
disease, kidney disease, and infections [48].

In conclusion, these nine factors are associated with the 
pathophysiologic process of MASLD and with patients’ 
overall health status and mortality risk. Incorporating 
these factors into a prediction model allows for a more 
comprehensive mortality risk assessment in patients with 
MASLD, thereby supporting clinical decision-making. In 
clinical practice, it is essential to consider the variability 
of these factors to develop personalized treatment and 
management strategies that can effectively reduce the 
risk of mortality in patients.

This study additionally generated a nomogram to facili-
tate the practical application of the intricate statistical 
findings. The tool’s intuitive graphical interface allows cli-
nicians to rapidly and accurately assess the predictive risk 
of MASLD patients by demonstrating the impact of dif-
ferent factors on their survival probability. This individu-
alized approach to risk assessment can assist in guiding 
clinical decision-making and facilitating the implemen-
tation of early interventions, thereby reducing all-cause 
mortality in patients with MASLD. To guarantee the 
precision and dependability of the prediction model, 
this study employed a range of techniques, includ-
ing ROC curves, calibration curves, and DCA curves, 
for performance validation. The results demonstrated 
that the model AUC values for the training and valida-
tion cohorts were approximately 0.85, which is typically 
regarded as a highly accurate indicator in medical predic-
tion models. Furthermore, calibration and DCA curves 
were employed to validate the predictive accuracy and 
generalizability of the models. Moreover, the Kaplan–
Meier subgroup analysis of survival curves revealed that 
males, smokers, and hypertensive patients exhibited a 
poorer prognosis, with a notable decline in survival prob-
ability over time. These findings underscore the signifi-
cant impact of gender, smoking status, and hypertension 
on all-cause mortality in patients with MASLD. These 

findings support the model’s validity in predicting long-
term survival probability and provide a foundation for 
further clinical applications.

The findings of this study have significant implications 
for the clinical management of patients with MASLD. 
Firstly, clinicians should stratify risk based on non-
modifiable factors such as gender and age and imple-
ment interventions for modifiable factors (e.g., smoking, 
hypertension, glycemic control, etc.) to reduce the risk of 
death. Secondly, it is recommended that patients at high 
risk, such as those with low RBC counts, low albumin 
levels, or high GGT, HbA1c, and creatinine levels, should 
be monitored more closely and receive active therapeu-
tic interventions. Moreover, the predictive outcomes of 
the model can serve as a foundation for patient educa-
tion, enhancing patients’ comprehension of the disease’s 
gravity and facilitating the development of a healthful 
lifestyle. In addition, the present model demonstrated a 
marked enhancement in the prediction of all-cause mor-
tality when compared with FIB-4 and TyG index, a feat 
accomplished by integrating demographic, metabolic, 
and hepatic and renal function indicators across multiple 
dimensions. Although the present model did not directly 
incorporate non-invasive indicators of liver fibrosis, such 
as FIB-4, it indirectly reflected the synergistic effect of 
liver fibrosis and systemic metabolic disorders through 
indicators like GGT and albumin. In clinical practice, it 
is recommended to use the present model in combina-
tion with FIB-4: FIB-4 is used for initial screening of liver 
fibrosis, while the present model is used for comprehen-
sive risk assessment of all-cause mortality.

While the findings of this study are encouraging, it is 
essential to acknowledge the remaining limitations. First, 
as the data were derived from a cross-sectional survey, it 
was impossible to completely exclude the effects of poten-
tial temporal bias and confounding factors. A noteworthy 
constraint of this study is the potential for selection bias 
resulting from missing data and variable follow-up dura-
tion. It would be beneficial for future studies to consider 
utilizing a prospective cohort design to validate the pre-
dictive ability of the model further. Secondly, although 
the NHANES database is broadly representative, further 
validation is required to ascertain the applicability of the 
results of this study in different populations. Thirdly, due 
to the absence of long-term follow-up liver imaging data 
(e.g., ultrasound or elastography) in multiple cycles of the 
NHANES database, incorporating imaging data into the 
prediction model was not feasible. Furthermore, as our 
understanding of the pathogenesis of MASLD deepens 
and new technologies emerge, future studies may con-
sider incorporating additional potential risk factors, such 
as genetic markers and changes in intestinal flora, to con-
struct a more accurate and comprehensive prediction 
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model. Ultimately, the efficacy of the prediction model 
developed in this study in actual clinical practice still 
requires further observation and evaluation.

Conclusions
In conclusion, the all-cause mortality prediction model 
developed in this study offers a novel scientific instru-
ment for the clinical supervision of patients with 
MASLD. This study contributes to the epidemiologic 
study of MASLD by identifying key predictors and pro-
viding valuable information for clinical decision-making. 
While the study has limitations, its findings point the way 
forward for future research and clinical practice. They are 
expected to play an essential role in improving the prog-
nosis of MASLD patients.
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