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Non-alcoholic fatty liver disease (NAFLD) is the most prevalent chronic liver disease worldwide.
Cardiovascular disease (CVD) and NAFLD share multiple common risk factors. Life’s Crucial 9 (LC9),

a novel indicator for comprehensive assessment of cardiovascular health (CVH), has not yet been
studied in terms of its association with or predictive value for NAFLD. This study analyzed data from
10,197 participants in the National Health and Nutrition Examination Survey (NHANES) from 2007 to
2018. The association between LC9 and NAFLD was assessed using weighted logistic regression, while
weighted Cox proportional hazards models were applied to evaluate the relationship between LC9
and all-cause mortality among NAFLD patients. Restricted cubic spline (RCS) analysis was conducted
to explore dose-response relationships, and Kaplan-Meier survival curves were utilized to examine
differences in survival outcomes. Machine learning (ML) approaches were employed to construct
predictive models, with the optimal model further interpreted using SHapley Additive exPlanations
(SHAP). An increase of 10 points in LC9 was negatively associated with the risk of NAFLD (model

3: OR=0.39, 95% Cl=0.36 — 0.42, P<0.001) and all-cause mortality in NAFLD patients (model 3:
HR=0.78,95% Cl=0.67 — 0.91, P<0.001). A non-linear relationship was observed between LC9 and
NAFLD (P <0.0001 for nonlinearity). Among the eight ML models, the Support Vector Machine (SVM)
demonstrated the best predictive performance (AUC=0.873). SHAP analysis indicated that LC9 was
the most significant predictor in the model. LC9 demonstrated a nonlinear negative association with
NAFLD and a linear negative association with all-cause mortality in NAFLD patients. Maintaining a
higher LC9 score may reduce the risk of NAFLD and all-cause mortality among NAFLD patients. The
predictive model developed using Support Vector Machine (SVM) exhibited strong clinical predictive
value, with LC9 being the most critical factor in the model, facilitating self-risk assessment and
targeted intervention.
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Abbreviations

NAFLD Non-alcoholic fatty liver disease

CVD Cardiovascular disease

LS7 Life’s Simple 7

AHA American Heart Association

CVH Cardiovascular health

LE8 Life’s Essential 8

LC9 Life’s Crucial 9

NHANES National Health and Nutrition Examination Surveys
PA Physical activity

BMI Body mass index

Non-HDL-C  Non-high-density lipoprotein cholesterol
DASH Dietary Approaches to Stop Hypertension
PHQ-9 Patient Health Questionnaire-9

TG Triglycerides

GGT y-Glutamyltransferase
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CAP Controlled attenuation parameter
PIR Ratio of family income to poverty
Alb Albumin

ALP Alkaline phosphatase

ALT Alanine aminotransferase

AST Aspartate aminotransferase

TB Total bilirubin

SCr Serum creatinine

UA Uric acid

OR Odds ratios

CI Confidence interval

XGBoost Extreme Gradient Boosting

DT Decision tree

GLM Generalized linear model

NNET Neural network

NB Naive Bayes

KNN K-Nearest Neighbors

RF Random Forest

SVM Support vector machines

LR Linear regression

ML Machine learning

AUROC Area under the receiver operating characteristic curve
DCA Decision curve analysis

Non-alcoholic fatty liver disease (NAFLD), characterized by the accumulation of fat in the liver, is the most
common chronic liver disease worldwide. Its prevalence continues to rise globally, posing a significant threat to
public health!. NAFLD is associated with complex metabolic disorders and is closely linked to the incidence and
mortality of cardiovascular disease (CVD)?2. Obesity, atherosclerotic dyslipidemia, insulin resistance, and type 2
diabetes (T2D) are common risk factors shared by NAFLD and CVD?. Therefore, the management of CVD risk
factors is equally important in the routine care of NAFLD patients’.

Life's Simple 7 (LS7), which includes three health behaviors (diet, physical activity (PA) and nicotine
exposure), four health factors (body mass index (BMI), non-high-density lipoprotein cholesterol (non-HDL-C),
blood glucose, and blood pressure), was initially proposed by the American Heart Association (AHA) and is used
to assess cardiovascular health (CVH)*. With the growing research on factors influencing CVH, sleep health was
added to LS7, resulting in the formation of Life’s Essential 8 (LE8)°. Recently, recognizing the importance of
mental health in the prevention of CVD, Life’s Crucial 9 (LC9) was created as a new indicator, incorporating
mental health into LE8®. Therefore, The LC9 score includes four health behaviors (diet, physical activity (PA),
nicotine exposure, and sleep health), four health factors (body mass index (BMI), non-high-density lipoprotein
cholesterol (non-HDL-C), blood glucose, and blood pressure), as well as mental health components. Currently,
depression has become a global mental health issue that cannot be ignored’. Moreover, depression has been
confirmed as an independent risk factor for CVD?. Similarly, depression has been shown to increase the risk of
NAFLD, and its causal relationship with NAFLD has been reported in several studies®?, Therefore, the inclusion
of mental health in Life’s Crucial 9 (LC9) may be more sensitive to individual differences. However, as of now, no
studies have explored its association with NAFLD or its predictive performance for NAFLD outcomes.

Therefore, in the present study, we utilized data from the National Health and Nutrition Examination Surveys
(NHANES) to investigate the association between LC9 and the risk of NAFLD, as well as its correlation with
all-cause mortality in NAFLD patients. A NAFLD predictive model based on LC9 scores was developed using
various machine learning techniques, thereby demonstrating the significance and predictive value of LC9 in
forecasting NAFLD outcomes.

Methods
Study population
NHANES is a comprehensive, long-term epidemiological study focusing on non-institutionalized residents
of the United States. This study employs a stratified, multistage probability sampling technique to gather
baseline information and evaluate health status (https://wwwn.cdc.gov/nchs/nhanes/default.aspx). Given that
the NHANES program has received approval from the Ethics Review Board of the National Center for Health
Statistics (NCHS), and the dataset is publicly available, there was no necessity for additional ethical clearance.
This study analyzed publicly available data from the 2007-2018 survey cycles of the National Health and
Nutrition Examination Survey (NHANES), which included 59,842 participants. Participants were sequentially
excluded based on the following criteria:' incomplete VCTE or FLI data;? age < 20 years;* positive for hepatitis
B surface antigen, hepatitis C antibody, or hepatitis C RNA;* diagnosis of autoimmune hepatitis;® significant
alcohol consumption;® incomplete LC9 data;” missing covariate data. Ultimately, a total of 10,197 participants
were included for analysis (Fig. 1). Additionally, data on follow-up and mortality status were obtained from the
National Death Index records through December 31, 2019 (https://www.cdc.gov/nchs/data-linkage/mortality.ht
m), which were used to analyze the impact of LC9 on all-cause mortality in 4,678 NAFLD patients.

Measurement of LC9 score
LC9 builds upon LE8 by incorporating a depression score. In previous studies, the detailed algorithms for each
component of the LE8 scoring system have been publicly documented (Supplemental Table 1)!!. The LE8 score
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Fig. 1. Flowchart illustrating selection of the study population and analysis in NHANES from 2007 to 2018.

includes four health behaviors (diet, physical activity (PA), nicotine exposure, and sleep health) and four health
factors (body mass index (BMI), non-high-density lipoprotein cholesterol (non-HDL-C), blood glucose, and
blood pressure). The score for each CVH indicator is based on the association between health outcomes and risk,
with allocations made using a modified Delphi method, ranging from 0 to 100 points. The final overall LE8 score
is derived by calculating the average of the eight individual indicators.

In the calculation of individual indicators, the diet metric is evaluated using the Dietary Approaches to Stop
Hypertension (DASH) Index. Dietary information was obtained from two 24-hour dietary recalls and integrated
with food pattern equivalents data from the U.S. Department of Agriculture. The final DASH score was calculated
utilizing the ‘dietaryindex’ R package!2. Physical activity, nicotine exposure, sleeping information, diabetes
history, and medication history were collected through self-report questionnaires. BMI and blood pressure were
measured during physical examinations. Blood lipid levels, fasting blood glucose, and glycated hemoglobin
levels were obtained through measurements of blood samples sent to central laboratories. Additionally, the
depression score was calculated using the Patient Health Questionnaire-9 (PHQ-9) score. The depression score
was assigned as follows: 100 for a PHQ-9 score of 0 to 4, 75 for a score of 5 to 9, 50 for a score of 10 to 14, 25 for
a score of 15 to 19, and 0 for a score of 20 to 27'%. Finally, the LC9 score was derived by calculating the average
of the depression score and the eight indicators included in the LE8 score.

Definition of NAFLD
For participants from 2007 to 2018, FLI was utilized to evaluate the presence of hepatic steatosis. The FLI
was calculated as follows:

L =0.953 x In(TG) + 0.139 x BMI + 0.718 x In (GGT)
+ 0.053 x Waist Circumference — 15.745

L =0.953 x In(TG) + 0.139 x BMI + 0.718 x In (GGT)
+ 0.053 x Waist Circumference — 15.745

In this formula, triglycerides (TG) were measured in mg/dL, BMI in kg/m?, y-glutamyltransferase (GGT) in U/L,
and waist circumference in centimeters. According to previous studies, an FLI>60 was used to define hepatic
steatosis!%. Building upon this, NAFLD was defined as an FLI score > 60, with exclusions made for individuals
with viral hepatitis, autoimmune hepatitis, and significant alcohol consumption (defined as >3 drinks per day
for men or >2 drinks per day for women, where a “drink” is equivalent to 14 g of pure alcohol!?).

Assessment of covariates

Based on existing literature and clinical relevance, this study included covariates potentially associated with
NAFLD. Demographic variables incorporated were age, gender, race and ethnicity, the ratio of family income to
poverty (PIR), educational level, and marital status. Age was categorized into three groups: < 39 years, 40 - 60
years, and > 60 years. Race and ethnicity were classified as Mexican American, Other Hispanic, Non-Hispanic
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White, Non-Hispanic Black, and Other Race. The ratio of family income to poverty (PIR) was divided into
three categories: <1.0, 1.0 — 3.0, and >3.0. Educational level was classified into three categories: < high school,
= high school, and > high school. Marital status was classified as “Married” for individuals who were married
or living with a partner, and “Unmarried” for those who were widowed, divorced, separated, or never married.
Additionally, anthropometric and laboratory covariates included albumin (Alb), alkaline phosphatase (ALP),
GGT, alanine aminotransferase (ALT), aspartate aminotransferase (AST), total bilirubin (TB), serum creatinine
(SCr), and uric acid (UA).

Statistical analysis

Baseline analysis and correlation analysis

The overall population was divided into NAFLD and non-NAFLD groups, and LC9 was categorized into quartiles
(Q1-Q4). Categorical variables are presented as numbers (percentages) and were compared between groups
using the weighted y? test with the Rao and Scott second-order correction. Continuous variables are presented
as medians (IQRs) and were compared between groups using the weighted Kruskal-Wallis test. Weighted binary
logistic regression models were used to calculate odds ratios (ORs) and 95% confidence intervals (Cls) to
examine the association between LC9 and NAFLD. Weighted Cox proportional hazards regression models were
employed to calculate hazard ratios (HRs) and 95% CIs to explore the relationship between LC9 and all-cause
mortality in the NAFLD population. Person-time was measured from the date of the NHANES interview to
either the date of death or the end of follow-up (December 31, 2019), whichever came first. Survival rates across
groups were compared using Kaplan-Meier curves. Three models were developed in this study: model 1, which
was unadjusted for any covariates; model 2, which adjusted for age, gender, race and ethnicity, educational level,
PIR, and marital status; and model 3, which further adjusted for Alb, ALP, GGT, ALT, AST, TB, SCr, and UA. The
dose-response relationship between exposure and outcome was determined using a four-node restricted cubic
spline (RCS). In the presence of a non-linear relationship, segmented regression using the ‘segment’ R package
was applied to identify the existence of inflection points. Finally, subgroup analysis was performed as a sensitivity
analysis to assess the stability of the association between LC9 and NAFLD, as well as the association between
LC9 and all-cause mortality in NAFLD patients across different subgroups. Furthermore, to further validate the
robustness of our results, we conducted two additional sets of sensitivity analyses. First, we defined MASLD, a
new concept alternative to NAFLD, using the USFLI index and performed a correlation analysis with data from
2007 to 2018. Second, we conducted a further correlation analysis using VCTE data from 2017 to 2020.

Model development and validation

Variables selection and machine learning model construction and validation Among the final 10,197 par-
ticipants, the data were randomly split into a training set (n=7,137) and a testing set (n=3,060) in a 7:3 ratio.
To mitigate the impact of high-dimensional data on the performance of the machine learning (ML) models,
variable selection was performed in the training set using the Boruta algorithm. This approach facilitated the
identification of the most significant predictors, which were subsequently incorporated into the model devel-
opment process'®. Subsequently, eight ML algorithms, namely Extreme Gradient Boosting (XGBoost), Deci-
sion Tree (DT), Logistic Regression (GLM), Neural Networks (NNET), Naive Bayes (NB), K-Nearest Neighbors
(KNN), Random Forest (RF), and Support Vector Machines (SVM), were utilized to train and construct pre-
dictive models to predict the occurrence of NAFLD. To ensure optimal performance and robustness, all eight
models underwent 10-fold cross-validation. Additionally, traditional linear regression (LR) methods were also
used to construct the models in order to evaluate the advantages and disadvantages of using machine learning
compared to linear regression for model construction. Model accuracy was assessed using the area under the
receiver operating characteristic curve (AUROC), and the reliability and clinical applicability of the models were
further evaluated through calibration curves and decision curve analysis (DCA) to determine their net benefit.

Model interpretability Based on the selection of the optimal model, the Shapley Additive Explanations (SHAP)
algorithm was utilized to enhance the interpretability of the model'”. This algorithm assigns a corresponding
attribution value (SHAP value) to each predictor variable, facilitating a quantitative assessment of the contribu-
tion of each variable to the model’s predictive performance!8. By visualizing the mean absolute SHAP values, the
relative importance of each variable within the model can be ranked, providing a comprehensive understanding
of their individual impact on model predictions'®. The SHAP honeycomb diagram provides an intuitive visu-
alization of the contributions of all variables to the model’s predictions. The SHAP waterfall plot illustrates the
direction and magnitude of the impact of each feature on the final predicted value for an individual sample.
SHAP dependence plots allow for the examination of the dependency relationship between a given variable and
its corresponding SHAP values, as well as the interaction effects between different variables.

All statistical analyses in this study were conducted using R (version 4.4.1). Two-tailed tests were performed,
and a p-value of <0.05 considered statistically significant. The overall study workflow is illustrated in Fig. 1.

Results

Baseline characteristics

A total of 4,681 NAFLD patients and 5516 non-NAFLD controls were included in the baseline analysis, with
baseline characteristics presented in Table 1. Notably, in terms of demographic characteristics, NAFLD patients
tended to be older, predominantly male, Mexican American, with lower educational level, and were more likely
to be unmarried. Laboratory indicators revealed that NAFLD patients generally had lower levels of Alb and
TB, but higher levels of ALP, GGT, ALT, AST, SCr, and UA. No significant differences in PIR were observed
between the NAFLD and non-NAFLD groups. Furthermore, the LC9 score was lower in NAFLD patients, with
the majority of these patients falling into the first quartile (Q1) following quartile stratification of the LC9 score.
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Overall Non-NAFLD NAFLD
Characteristic? N N=96,671,625" | N =56,501,048! | N = 40,170,578 | p-value
Age (years) 10,197 <0.001
20-39 3276 (34%) 2122 (40%) 1154 (25%)
40-60 3529 (39%) 1728 (36%) 1801 (43%)
> 60 3392 (27%) 1666 (24%) 1726 (32%)
Gender 10,197 <0.001
Male 5108 (49%) 2468 (42%) 2640 (57%)
Female 5089 (51%) 3048 (58%) 2041 (43%)
Race and ethnicity 10,197 <0.001
Mexican American 1106 (5.6%) 483 (4.6%) 623 (7.0%)
Other Hispanic 872 (4.5%) 450 (4.3%) 422 (4.6%)
Non-Hispanic White 5001 (73%) 2713 (73%) 2288 (73%)
Non-Hispanic Black 2085 (9.8%) 1096 (9.3%) 989 (10%)
Other Race 1133 (7.2%) 774 (8.6%) 359 (5.3%)
PIR 10,197 0.11
<10 1430 (8.9%) 763 (8.8%) 667 (8.9%)
1.0-3.0 3814 (30%) 1935 (29%) 1879 (32%)
>3.0 4953 (61%) 2818 (62%) 2135 (59%)
Educational level 10,197 <0.001
< High school 1406 (8.5%) 687 (7.4%) 719 (9.9%)
= High school 2045 (19%) 1007 (17%) 1038 (21%)
> High school 6746 (73%) 3822 (76%) 2924 (69%)
Marital status 10,197 0.001
Married 3693 (32%) 2082 (34%) 1611 (30%)
Unmaried 6504 (68%) 3434 (66%) 3070 (70%)
Alb (g/dl) 10,197 |4.30 (4.10,4.50) |4.40 (4.10,4.60) |4.20 (4.00,4.50) | <0.001
ALP (IU/L) 10,197 | 63 (51,76) 59 (48, 71) 68 (56, 82) <0.001
GGT (IU/L) 10,197 | 19 (13, 28) 15(12,21) 25 (18, 38) <0.001
ALT (U/L) 10,197 | 21 (16, 28) 19 (15, 23) 25 (19, 34) <0.001
AST (U/L) 10,197 |22(19,27) 22 (19, 26) 24 (20, 29) <0.001
TB (mg/dl) 10,197 | 0.60 (0.50, 0.80) | 0.60 (0.50, 0.80) | 0.60 (0.40, 0.80) | <0.001
SCr (umol/L) 10,197 | 76 (65, 88) 73 (64, 86) 79 (66, 90) <0.001
UA (mg/dl) 10,197 | 5.30 (4.40, 6.30) | 4.90 (4.10, 5.70) | 5.90 (5.00, 6.80) | <0.001
DASH diet score 10,197 | 100 (75, 100) 100 (75, 100) 100 (75, 100) <0.001
Physical activity score 10,197 | 100 (70, 100) 100 (70, 100) 100 (70, 100) <0.001
Nicotine exposure score | 10,197 | 70 (30, 100) 100 (70, 100) 30 (15, 70) <0.001
Sleep health score 10,197 | 60 (40, 100) 80 (60, 100) 60 (40, 80) <0.001
Body mass index score | 10,197 | 100 (60, 100) 100 (100, 100) 100 (60, 100) <0.001
Blood lipid score 10,197 | 80 (50, 100) 100 (50, 100) 55 (30, 100) <0.001
Glucose score 10,197 | 80 (50, 100) 80 (50, 100) 80 (50, 100) <0.001
Blood pressure score 10,197 | 100 (80, 100) 100 (90, 100) 100 (40, 100) <0.001
Depression score 10,197 | 100 (100, 100) 100 (100, 100) 100 (100, 100) <0.001
LC9 score 10,197 | 77 (67, 86) 83(76,91) 69 (61,77) <0.001
LC9 score quartile’ 10,197 <0.001
Q1 3176 (25%) 828 (11%) 2348 (44%)
Q2 2721 (26%) 1280 (21%) 1441 (32%)
Q3 2319 (25%) 1592 (29%) 727 (20%)
Q4 1981 (24%) 1816 (40%) 165 (3.8%)

Table 1. Weighted characteristics of the study population based on NAFLD. PIR, Ratio of family income

to poverty; Alb, Albumin; ALP, Alkaline Phosphatase; GGT, Gamma Glutamyl Transferase; ALT, Alanine
Aminotransferase; AST, Aspartate Aminotransferase; TB, Total Bilirubin; SCr, Serum Creatinine; UA, Uric
acid; LC9, Life’s Crucial 9. 'N: Weighted population. 2Medians (IQRs) for continuous variables: P value was
calculated by design-based KruskalWallis test. % for categorical variables: P value was calculated by Pearson’s
XA2: Rao & Scott adjustment. *Q1-Q4 indicates quartile 1-quartile 4.
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Impact of LC9 score on NAFLD and all-cause mortality in NAFLD patients

The results of the weighted logistic regression analysis for the three models demonstrated a significant negative
association between LC9 score and the risk of NAFLD, as summarized in Table 2. In model 3 (fully adjusted
model), each 10-point increase in the LC9 score was associated with a 61% reduction in the risk of NAFLD
(OR=0.39, 95% CI=0.36-0.42, P<0.001). When the LC9 score was categorized into quartiles, compared to
the lowest quartile, the adjusted ORs for the second, third, and highest quartiles were 0.38 (95% CI=0.31-
0.45, P<0.001), 0.21 (95% CI=0.17-0.26, P<0.001), and 0.04 (95% CI=0.03-0.05, P<0.001), respectively.
Additionally, a trend test of the LC9 score quartiles demonstrated a significant decline in the risk of NAFLD as
the LC9 score increased (P for trend < 0.001).

Additionally, among the 4,379 NAFLD patients, after a median follow-up of 6.70 years (interquartile range:
3.67 t0 9.92 years), the relationship between the LC9 score and all-cause mortality was assessed using Weighted
Cox proportional hazards regression models. The results are also presented in Table 2. The results from model
3 suggest that for each 10-point increase in the LC9 score, the risk of all-cause mortality in NAFLD patients is
reduced by 22% (HR=0.78, 95% CI=0.67-0.91, P<0.001). Compared to the lowest quartile of LC9 score, the
adjusted HR for the second quartile was 0.72 (95% CI: 0.49-1.04, P=0.076), for the third quartile was 0.48 (95%
CI: 0.27-0.85, P=0.012), and for the highest quartile was 0.55 (95% CI: 0.18-1.70, P=0.302). Regrettably, no
significant trend effect in all-cause mortality risk was observed among NAFLD patients with increasing LC9
score quartiles (P for trend=0.196). When LC9 score was dichotomized into low and high LC9 score groups,
the high LC9 score group demonstrated significantly lower all-cause mortality compared to the low LC9 score
group (Supplemental Fig. 1).

Dose-response relationship and sensitivity analyses

The dose-response relationships between LC9 and NAFLD, as well as between LC9 and all-cause mortality
among NAFLD patients, were examined using RCS curves. The results are presented in Fig. 2. The RCS curve
analysis indicated a significant non-linear relationship between LC9 score and NAFLD across model 1, model 2,
and model 3 (all P<0.0001 for nonlinearity). The positions of the four knots on the RCS curve were identified
at 50.0, 68.9, 80.0, and 94.4.

In contrast, no significant nonlinear relationship was observed between the LC9 score and all-cause mortality
among NAFLD patients (all P>0.05 for nonlinearity). The four knot locations for the RCS curve were at 33.0,
54.1,75.3, and 96.5. As the LC9 score increased, both the risk of NAFLD and the all-cause mortality rate among
NAFLD patients decreased significantly. To further analyze the relationship between the LC9 score and NAFLD,
segmented regression was performed using the ‘segmented’ R package. The result identified a breakpoint at
60.11. When the LC9 score exceeded this threshold, its incremental increases had a more pronounced effect on
reducing the risk of NAFLD (Supplemental Fig. 2).

Subgroup analyses were conducted across demographic variables including age, gender, race and ethnicity,
PIR, educational level, and marital status. The results are presented in Fig. 3. The negative association between
LC9 and NAFLD remained consistent across all analyzed subgroups. Notably, a significant interaction was
identified between LC9 and PIR with the risk of NAFLD (p=0.016). Additionally, a significant interaction
was also observed between LC9 and race and ethnicity (p=0.007). This association was more pronounced
among participants with PIR>3.0 (OR per 10-point increase: 0.37, 95% CI: 0.34-0.40) and other race (OR
per 10-point increase: 0.39, 95% CI: 0.33-0.45). Conversely, no significant interactions were observed between
LC9 and subgroup variables with the risk of all-cause mortality among individuals with NAFLD. Moreover,
whether using the 2007-2018 data to define MASLD through the USFLI index or utilizing the 2017-2020 data
to define NAFLD through VCTE data, the association between LC9 and NAFLD remained consistently stable
(Supplementary Tables 2 and 3).

NAFLD All-cause mortality

Model 1 Model 2 Model 3 Model 1 Model 2 Model 3

OR (95%CI) OR (95%CI) OR (95%CI) HR (95%CI) HR (95%CI) HR (95%CI)
P-value P-value P-value P-value P-value P-value

LC9 0.35(0.33,0.37) | 0.32(0.29, 0.34) | 0.39 (0.36,0.42) | LC9 0.72 (0.63, 0.81) | 0.74 (0.64, 0.86) | 0.78 (0.67, 0.91)
Per 10-score increase | < 0.001 <0.001 <0.001 Per 10-score increase | < 0.001 <0.001 0.001

LC9 quartile LC9 quartile

Q1 Q1

(24.4-67.2) Ref. Ref. Ref. (24.4-60.6) Ref. Ref. Ref.

Q2
(67.2-77.2)

0.38 (0.32, 0.45)
<0.001

0.32(0.27,0.38)
<0.001

0.38 (0.31, 0.45)
<0.001

Q2
(60.6-69.4)

0.60 (0.41, 0.89)
0.011

0.64 (0.4, 0.94)
0.021

0.72 (0.49, 1.04)
0.076

Q3 0.17 (0.14,0.20) | 0.14 (0.11,0.17) | 0.21 (0.17,0.26) | Q3 0.35(0.20, 0.61) | 0.44 (0.25,0.79) | 0.48 (0.27, 0.85)
(77.2-86.1) <0.001 <0.001 <0.001 (69.4-77.2) <0.001 0.006 0.012
Q4 0.02 (0.02,0.03) | 0.02 (0.01,0.03) | 0.04 (0.03,0.05) | Q4 0.38(0.13, 1.10) | 0.52 (0.17, 1.58) | 0.55 (0.18, 1.70)
(86.1-100) <0.001 <0.001 <0.001 (77.2-96.7) 0.075 0.249 0.302
P for trend <0.001 <0.001 <0.001 P for trend 0.031 0.162 0.196

Table 2. Association between LC9 and NAFLD, and association between LC9 and all-cause mortality
in NAFLD patients. Model 1 was unadjusted. Model 2 was adjusted for age, gender, race and ethnicity,
educational level, PIR, marital status. Model 3 was adjusted for age, gender, race and ethnicity, educational
level, PIR, marital status, Alb, ALP, GGT, ALT, AST, TB, SCr, UA.

Scientific Reports |

(2025) 15:9384

| https://doi.org/10.1038/s41598-025-92777-0

nature portfolio



http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Model 3

40

Model 3

60

4.82691,1.00)

P-overall <0.0001
P-non-linear <0.0001
80

LC9_score

(67.32831,1.00)

P-overall =0.0021
P-non-linear =0.9565

100

40

60
LC9_score

80 100

No of participants  HR (35% Cl)

0.71(0.44,1.16)
069 (051,093)
0.84 (069, 1.01)

0.81(067,096)
078 (062, 0.99)

1.14(0.65,1.98)
0.87 (049, 1.57)
076 (065, 0.90)
0.97 (067, 140)
298(169,523)

0.78 (0.55 , 1.10)
0.96(0.82, 1.12)
0.70(0.53, 0.91)

0.84(0.72,099)
101(0.77,1.33)
068 (054, 0.86)

074 (061, 090)
079 (061, 1.01)

at ¥

P for interaction
0.779

0.29

0.759

0.857

0.168

0.803

03 1 2

Model 1 Model 2
1.75
A B C
1.75 1.50
1.50
1.50
1.25
5125 5 5
= o125 5
=) 3 2100
@ 1.00 4.82691,1.00) 4 [
o O 1.00 4.82691,1.00) o
075 075 975
P-overall <0.0001 P- Il <0.0001
D0 P-non-linear <0.0001 0.50 e 0.50
40 60 80 100 40 60 80 100
LC9_score LC9_score
Model 1 Model 2
35
D 3s E F
40 30
3.0
35
55 25
- 30
[s) = =
5] 5]
520 25 <20
8 B 3
= [ e
T15 g20 Zis
15
1.0 (67.32831,1.00) 10
1.0 (67.32831,1.00)
95 P-overall <0.0001 05 05
P-non-linear =0,5426 PLOVETRIE.000
40 oo =5 o0 P-non-linear =0.9099
40 60 80 100
LC9_score LC9_score
Fig. 2. Association of LC9 with NAFLD and all-cause mortality among individuals with NAFLD. In Model 1,
the odds ratio (OR) and hazard ratio is presented without adjusting for any variables. In Model 2, the OR and
HR are adjusted for age, gender, race and ethnicity, educational level, PIR, and marital status. In Model 3, the
OR and HR are additionally adjusted for Alb, ALP, GGT, ALT, AST, TB, SCr, and UA. Shaded areas represent
95% Cls. The LC9 value corresponding to an OR of 1 is 74.83 and an HR of 1 is 67.33.
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Fig. 3. Subgroup analysis of the association of LC9 with NAFLD and all-cause mortality among individuals
with NAFLD.
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Variable selection and model development and evaluation

In this study, 15 potential effective predictive variables were selected using the Boruta algorithm with shadow
features (Fig. 4). After filtering, 15 valid variables were identified for subsequent model prediction, including
LC9, Age, Gender, Race and ethnicity, PIR, Educational level, Alb, ALP, GGT, ALT, AST, TB, SCr, UA and marital
status.

Figure 5A and B show the ROC curves of eight ML models, including XGBoost, DT, GLM, NNET, NB, KNN,
RE and SV, in both the training and testing sets. Moreover, calibration curves and decision curve analysis
(DCA) curves for the eight ML models were analyzed to evaluate the predictive accuracy and clinical value of
the models (Supplemental Fig. 3). It is apparent that, both in the training set (AUROC=0.873) and the testing
set (AUROC=0.868), SVM model demonstrated superior predictive performance and optimal fit. Furthermore,
compared to the LR model (AUROC of the training set=0.868 and AUROC of the testing set=0.863), the SVM
model demonstrated superior predictive performance (Supplementary Fig. 4).Consequently, in the subsequent
analyses, the best-performing model (SVM) was further examined for interpretability.

Visualization of feature importance

The importance of each feature variable in the SVM model and its contribution to the model’s predictions were
assessed using the SHAP algorithm (Fig. 6A and B). Among the 15 predictor variables included in the model,
LC9 had the highest average absolute SHAP value, which was consistent with expectations, indicating that LC9
is the most important risk factor for NAFLD. The SHAP waterfall plot was employed to visualize the direction
and magnitude of impact of different variable features on the final predicted value for the second participant
within the study population, thereby improving the transparency and interpretability of the model (Fig. 6C). In
Fig. 6D, the relationship between the variables in the model and their corresponding SHAP values is illustrated.
A notable linear relationship is observed, where an increase in the LC9 score is associated with a decrease in
the SHAP values. Considering that the AUROC and SHAP results might vary across different quartiles, we
performed model predictions based on LC9 quartiles. The AUROC results remained largely consistent across
different LC9 quartiles, while the SHAP results showed variability (Supplementary Figs. 5 and 6). Additionally,
we also incorporated LC9 as a categorical variable into the model, and the results were generally consistent with
those obtained when LC9 was treated as a continuous variable (Supplementary Fig. 7).
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Fig. 4. Image of Boruta algorithm for selecting ML model variables.
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Discussion

This study, utilizing data from NHANES 2007-2018, investigated the association between the LC9 score and
non-alcoholic fatty liver disease (NAFLD), as well as its relationship with all-cause mortality in individuals with
NAFLD. In addition, eight ML models were developed to predict the risk of NAFLD. After adjusting for multiple
covariates, the results consistently demonstrated a significant negative correlation between LC9 and both
NAFLD and all-cause mortality in NAFLD patients, with a pronounced nonlinear relationship between LC9
and NAFLD risk. Subgroup analyses and sensitivity analyses further supported the robustness of these findings.
Among the eight ML models, SVM model exhibited the best predictive performance, with an AUROC of 0.856
following cross-validation, highlighting its superior accuracy and reliability. The SHAP algorithm revealed that
LC9 was the most influential variable in the best-performing model, underscoring its critical clinical value in
predicting NAFLD risk.

Currently, the associations between LS7 and LE8 with NAFLD have been widely reported. A cross-sectional
analysis from the Multi-Ethnic Study of Atherosclerosis, involving 3,901 participants, demonstrated a negative
correlation between LS7 and the prevalence of NAFLD?. Another cross-sectional study analyzing 2,679
participants from the NHANES database for 2017-2018 revealed that lower LS7 scores were associated with
a significantly increased risk of NAFLD, advanced liver fibrosis, and cirrhosis, compared to higher LS7 score
groups®!. Furthermore, these results were corroborated by a cohort study in Korean adults, where higher LS7
scores were not only linked to a reduced incidence of NAFLD but also promoted its regression®2. LES, as an
improved version of LS7, has also been extensively studied. A cross-sectional study based on the NHANES
dataset revealed a non-linear negative association between LE8 and NAFLD??. He et al. utilized the UK Biobank
cohort, including 266,645 participants without a history of liver disease, and through a median follow-up period
of 11.9 years, demonstrated that higher LE8 scores significantly reduce the risk of incident severe NAFLD, with
this effect remaining unaffected by genetic risk**. Additionally, higher LE8 scores were found to mitigate the
impact of air pollution on the risk of severe NAFLD in individuals with type 2 diabetes?. Furthermore, a large
cohort study in the Chinese population, involving 21,844 participants with a median follow-up of 2.3 years,
highlighted the significant role of favorable LE8 scores in reducing the incidence of NAFLD and promoting
its regression?®. Recent studies have explored the impact of LE8 on all-cause mortality and CVD mortality in
patients with NAFLD/MASLD. Maintaining favorable LE8 scores has been shown to alleviate the risk of both
all-cause mortality and CVD mortality in these patients?”-?. LC9, a recently proposed new index, has garnered
limited research attention. However, its associations with CVD mortality and all-cause mortality have been
established?. Currently, no studies have investigated the relationship between LC9 and NAFLD or its predictive
value for NAFLD.

Although the underlying biological mechanisms linking various CVH assessment indicators to the
development and progression of NAFLD, as well as mortality in NAFLD patients, remain unclear, research into
the mechanisms by which CVH components are associated with NAFLD is ongoing. The pathogenesis of NAFLD
is multifactorial, involving a complex interplay of obesity, insulin resistance, chronic inflammation, oxidative
stress, and dysregulation of lipid metabolism?°. The DASH diet, by reducing energy density and increasing dietary
fiber content, can significantly reduce body weight and obesity index®. Additionally, the DASH diet adjusts
trace elements, with high calcium and magnesium promoting fat breakdown and fatty acid saponification, while
low sodium helps regulate leptin levels to inhibit fat accumulation®¥2. Physical activity can improve insulin
resistance in skeletal muscles and the liver and suppress the production of inflammatory factors®*>4. Similarly,
smoking can promote the production of inflammatory factors, reduce the levels of anti-inflammatory factors,
exacerbate oxidative stress, and induce hepatocyte apoptosis, thereby worsening NAFLD?>6. Sleep disturbances
can lead to inter-organ imbalance of sympathetic-parasympathetic branches, with an overactive sympathetic
nervous system increasing the risk of obesity and insulin resistance®”-*¢. In individuals with depression, increased
activity of monoamine oxidase-A enzyme can promote cellular oxidative stress and exert detrimental effects on
NAFLD by mediating the development of obesity and diabetes**°. In conclusion, the association between LC9
score and NAFLD is both scientifically plausible and supported by existing evidence.

To date, there are no specific pharmacological treatments for NAFLD, making a healthy lifestyle the
cornerstone of its management, with its importance being self-evident. In contrast to methods that focus solely
on a single risk factor for NAFLD, LC9 integrates multiple indicators, providing a comprehensive evaluation of
health behaviors and factors in NAFLD patients, while also considering the impact of mental health on disease
outcomes. Additionally, the LC9 score provides a “visualization” of CVH, facilitating self-assessment by patients
and allowing them to make adjustments based on the evaluation results, thereby offering significant clinical
value. To the best of our knowledge, this study is the first to establish a relationship between LC9 and NAFLD,
as well as to investigate the impact of LC9 on all-cause mortality in NAFLD patients. In addition, this study is
the first to apply ML techniques to develop a predictive model for NAFLD based on the LC9 score. Utilizing the
NHANES dataset, which is designed with a stratified, multistage probability sampling approach, we implemented
weight adjustments to ensure that the results are nationally representative of the U.S. population. Furthermore,
potential confounding factors were addressed through covariate adjustments, and subgroup analyses were
conducted to reinforce the robustness of the findings. Nevertheless, this study has several limitations. This
study includes both cross-sectional and cohort components. The relationship between LC9 and NAFLD was
investigated through a cross-sectional analysis, and thus, it cannot establish a causal relationship between LC9
and NAFLD. Although multiple covariates were considered, we were still unable to exclude the influence of all
potential confounders. Additionally, health behavior indicators based on self-reported questionnaires are prone
to measurement errors. Lastly, the results of this study are specific to U.S. adults, and the ML model developed
here has not been externally validated, limiting its applicability to other populations. Future research should
involve large-scale, prospective, multi-center cohort studies, or Mendelian randomization approaches to validate
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causal relationships. Additionally, external validation and refinement of the machine learning models across
diverse populations are needed to enhance their predictive accuracy and clinical utility.

Conclusion

In summary, the findings of our study demonstrate that in a nationally representative cohort of U.S. adults,
LC9 is negatively associated with both the risk of NAFLD and all-cause mortality among NAFLD patients.
Moreover, the NAFLD prediction model based on LC9, developed using multiple ML techniques, exhibits strong
accuracy and holds considerable clinical value for individual NAFLD risk assessment. This model provides a
foundation for timely self-intervention through lifestyle changes in NAFLD patients, potentially mitigating
disease progression and preventing the advancement to more severe stages.

Data availability

Data utilized in this investigation are available for public access via the NHANES website (https://www.cdc.go
v/nchs/nhanes/index.htm). The datasets analyzed during this study can be found in the NHANES repository,
and all pertinent data are accessible to the public in accordance with the guidelines established by the NHANES
program.
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