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Abstract

Background: Nonalcohalic fatty liver disease (NAFLD) has emerged as a worldwide public health issue. Identifying and
targeting populations at a heightened risk of developing NAFLD over a 5-year period can help reduce and delay adverse hepatic
prognostic events.

Objective: Thisstudy aimed to investigate the 5-year incidence of NAFLD in the Chinese population. It aso aimed to establish
and validate a machine learning model for predicting the 5-year NAFLD risk.

Methods: The study population was derived from a 5-year prospective cohort study. A total of 6196 individuals without NAFLD
who underwent health checkups in 2010 at Zhenhai Lianhua Hospital in Ningbo, China, were enrolled in this study. Extreme
gradient boosting (XGBoost)—recursive feature elimination, combined with the least absolute shrinkage and selection operator
(LASSO), was used to screen for characteristic predictors. A total of 6 machine learning models, namely logistic regression,
decision tree, support vector machine, random forest, categorical boosting, and XGBoost, were utilized in the construction of a
5-year risk model for NAFLD. Hyperparameter optimization of the predictive model was performed in the training set, and a
further evaluation of the model performance was carried out in the internal and external validation sets.

Results: The 5-year incidence of NAFLD was 18.64% (n=1155) in the study population. We screened 11 predictors for risk
prediction model construction. After the hyperparameter optimization, CatBoost demonstrated the best prediction performance
in the training set, with an area under the receiver operating characteristic (AUROC) curve of 0.810 (95% CI 0.768-0.852).
Logistic regression showed the best prediction performance in the internal and external validation sets, with AUROC curves of
0.778 (95% CI 0.759-0.794) and 0.806 (95% CI 0.788-0.821), respectively. The development of web-based calculators has
enhanced the clinical feasibility of the risk prediction model.

Conclusions: Developing and validating machine learning models can aid in predicting which populations are at the highest
risk of developing NAFLD over a 5-year period, thereby helping delay and reduce the occurrence of adverse liver prognostic
events.

(J Med I nternet Res 2023;25:e46891) doi: 10.2196/46891
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Introduction

Background

Nonalcoholic fatty liver disease (NAFLD) isachronic metabolic
liver disease closely related to obesity, dyslipidemia, and insulin
resistance. It is characterized by excessive fat deposition in
hepatocytes, excluding al cohol and other definite liver-damaging
factors. In recent years, coinciding with lifestyle and dietary
habits changes, the prevalence of NAFLD has gradualy
increased in several countries[1,2]. Recent studies have shown
that the global prevalence of NAFLD is approximately 25%,
varying by region and ethnicity [3]. A meta-analysisin China
showed a national NAFLD prevalence rate of 29.2% [4]. The
rapid increasein the prevalence of NAFLD carriesasubstantial
economic burden and poses asignificant threat to people’slives
and overall health [5], which has become amajor public health
problem.

NAFLD is emerging as one of the most common causes of
chronic liver disease and amajor cause of liver-related morbidity
and mortality worldwide [6,7]. Without timely intervention,
NAFLD may progress from simple steatosis to necrotizing
inflammation, liver fibrosis, cirrhosis, or even liver cancer [8].
NAFLD is adso considered a hepatic manifestation of the
metabolic syndrome because of its close association with
metabolic disease disorders such as obesity, dydipidemia, and
diabetesmellitus[3,9]. A growing body of research revealsthat
NAFLD isamultisystem disease that increases the risk of type
2 diabetes, cardiovascular disease, and chronic kidney disease
[7]. In addition, studies have shown that obesity, metabolic
syndrome, diabetes, and hyperlipidemia are risk factors for
NAFLD [2,10]. Early screening for effective interventions can
help reduce and delay the occurrence of adverse prognostic
eventsrelated to NAFLD.

NAFLD has no specific hepatic biochemical abnormalities or
clinical symptomsinitsearly stages, and it is often detected by
imaging during health checks or follow-ups of other diseases
[9]. Although liver biopsy remains the gold standard for
diagnosing NAFLD asaninvasivetechnique, large-scaleclinical
application is unlikely [11]. In addition, there are no clinically
reliable specific markers; therefore, screening for NAFLD is
primarily based on liver ultrasound [12]. Mass screening of
hedlth screening populationsviaultrasound isnot only expensive
but also consumes a significant amount of medical resources.
Therefore, more researchers have begun developing NAFLD
risk prediction models using existing clinical data through
machine learning and artificial intelligence [13-17]. Risk
prediction models for NAFLD are aso available and
demonstrate good predictive value, but most are built based on
retrospective studies. Zhou et a [15] developed a model for
predicting NAFLD risk based on children with obesity and
demonstrated it by nomograms. Their model had good clinical
discrimination, with an area under the receiver operating
characteristic (AUROC) curve of 0.821. Liu et a [18]
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constructed a NAFLD risk prediction model via a machine
learning algorithm based on healthy checkup populations, in
which extreme gradient boosting (XGboost) showed excellent
clinical predictive value, with an AUROC curve of 0.926. In
addition, risk models constructed by integrating clinical
biochemical and dietary variables also demonstrated better
predictive value, with an AUROC curve of 0.843 [13]. Few
studies have been reported on 5-year risk prediction modelsfor
NAFLD. A 5-year study in apopulation without obesity showed
that the ratio of low-density lipoprotein (LDL) to high-density
lipoprotein (HDL) cholesterol was an independent predictor of
NAFLD. Its associated hazard ratio was 1.66 (95% ClI
1.38-1.99), and it had a P trend <.001 and some predictive value,
with an AUROC curve of 0.671[19].

However, there are still limitations to the currently available
NAFLD risk prediction models. Most NAFLD risk modelshave
been developed based on cross-sectional studies [13,15,16],
meaning that they use postonset experimental data (case
controls) to train the model, which inevitably leads to model
overfitting. In addition, thelevel of evidencefor cross-sectional
studies is relatively low in epidemiologically relevant studies.
Notably, external validation is missing in the current NAFLD
risk prediction models, which could render their generalization
less powerful. NAFLD isachronic and progressive disease that
does not manifest abruptly.

Objective

Accordingly, the primary objectives of this study weretwofold.
First, we aimed to examine the 5-year prevalence of NAFLD
and identify the associated risk factorsin a healthy population
in Ningbo, China. Second, we sought to develop and externally
validate risk prediction models that can help with evaluating
the NAFLD risk over a5-year period through prospective cohort
studies. This approach offers a valuable opportunity for the
early prevention and intervention of NAFLD.

Methods

Study Population and Design

This study population originated from a long-term follow-up
study at Zhenhai LianhuaHospital in Ningbo, China, which has
been reported in the previous literature [ 20-23]. From the 2010
annual health checkup attendees, we initially gathered a group
of 17,611 individuals. Ultimately, 6196 healthy individuas
were enrolled after applying the following exclusion criteria:
(1) absence of liver ultrasound; (2) diagnosis of liver disease,
such as NAFLD, viral hepatitis, and autoimmune hepatitis; (3)
alcohol consumption exceeding 140 grams per week for men
and 70 grams per week for women; and (4) missing follow-up.
Variables with over 30% missingness were removed, and the
remaining variables were filled by multiple interpolations
(Multimedia Appendix 1) [24]. The study flow is shown in
Figure 1.
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Figure 1. Flowchart of the study. NAFLD: nonalcoholic fatty liver disease.
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Ethics Approval

This study was conducted under the guidance of the STROBE
(Strengthening the Reporting of Observational Studies in
Epidemiology) statement [25]. The study protocol adhered to
the Declaration of Helsinki and was approved by the Ethics
Committee of the First Affiliated Hospital of Ningbo University
(KY20181209). Informed consent was signed by al participants,
and the study data were anonymized.
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Clinical Basdline Data

Height, weight, blood pressure, and waist circumference (WC)
measurements were obtained by physical examination. Height
and weight measurements required participants to be upright
and without shoes and hats. BMI was calculated by dividing
weight (kg) by the square of height (m). Before systolic blood
pressure (SBP) and diastolic blood pressure (DBP) were
measured in the right arm, participants were asked to sit still
and rest for 5 minutes. The WC measurements required a
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horizontal circumference around the abdomen along the
midpoint of the line connecting the lower edge of theipsilateral
rib cage and the anterior superior iliac spine. Participants were
required to fast for at least 8 hours before venous blood was
drawn. Participants blood biochemical parameters were
measured using either an automated hematology analyzer
(Sysmex XT-1800; Sysmex Corp) or an Olympus AU640
automated analyzer (Olympus Optical Corp), following standard
protocols [20,23]. Abdominal ultrasound examinations were
conducted using a diagnostic ultrasound instrument (Toshiba
Medica Systems) evaluated independently by experienced
ultrasonographers [26]. NAFLD was diagnosed by the
ultrasonographers based on abdominal ultrasound examinations,
taking into account the exclusion of excessive alcohol
consumption and other etiologies of fatty liver [27].

Statistical Analyses

The Kolmogorov-Smirnov test was performed to determine
whether the samples conformed to a normal distribution.
Continuous variables conforming to anormal distribution were
described by means and SD, nonnormal continuous variables
by median and IQR, and categorical variables by frequency and
percentage. Comparisons between continuous variables in the
2 groupswere made viaan independent samplet test or therank
sum test (Mann-Whitney U test) depending on whether they
conformed to anormal distribution. Categorical variableswere
tested by chi-square test, and comparisons were made before
and after follow-up via a paired t test or paired rank sum test
(Mann-Whitney Wilcoxon test). Independent risk factors were
identified by multivariate logistic regression analysis. Restricted
cubic spline (RCS) was used to assess the dose relationship
between the variablesand NAFLD. In addition, the sample size
of this study complied with the rule of 10 events per variable
[28]. All statistic analyseswere performed with R (version 4.2.2;
R Foundation for Statistical Computing) and Python (version
3.9.0; Python Software Foundation). All tests conducted in this
study were 2-tailed, and P<.05 was deemed statistically
significant.

Parti cipants were randomly assigned to thetraining and internal
validation sets in a 7:3 ratio [29,30]. In addition, to further
validate the performance of the prediction model, we used the
follow-up population from 2015 to 2020 as an externa
validation set. We then used extreme gradient boosting
(XGBoost)—recursive feature elimination (RFE) combined with
the least absol ute shrinkage and selection operator (LASSO) to
screen the characteristic predictors [31-33]. The Synthetic
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Minority Oversampling Technique (SMOTE) algorithm was
introduced to solve the sample imbalance [24]. A total of 6
machine learning methods, namely logistic regression, decision
tree, support vector machine, random forest, categorical
boosting, and X GBoost, were used to construct therisk models.
The main parameters for the evaluation of the risk prediction
model’s effectiveness included the accuracy, precision, F-;
score, recall, and areaunder the receiver operating characteristic
(AUROC) curve. The calibration curve and Brier score were
used to evaluate the degree of model fit.

Results

Clinical Basdline Information Before and After
Follow-up

Thisstudy was derived from along-term follow-up study, which
has been documented in the previous literature. In 2010, 6196
individuals who completed a health checkup (excluding
NAFLD) were included in the research. After 5 years of
follow-up, we obtained health screening data from this study
population again. We statistically described the clinical data of
the study before and after the follow-up, and the results are
shown in Table 1. During the 5-year follow-up period, a total
of 1155 (18.64%) individuals were newly diagnosed with
NAFLD, and the incidence was statistically different between
the sexes, with an incidence of 941 (81.47%) for male
participants and 214 (18.53%) for female participants (P<.01).

Among the NAFLD population, thelean type (BMI <24 kg/m?)
was 434 (37.58%), the overweight type (24 kg/m® < BMI < 28

kg/m?) was 603 (52.21%), and the obese type (28 kg/m? < BMI)
was 118 (10.21%). Based on measurements taken before and
after the follow-up, there were dlight aterations (P<.01)
observed within the normal rangefor BMI, lipids, blood glucose,
liver function, and kidney function in the entire population.
Compared with the preonset of NAFLD, metabolism-related
indicators such as BMI, WC, triglyceride, HDL,
apolipoprotein-Al (Apo-Al), and fasting blood glucose (FBG)
increased, and LDL and apolipoprotein-B (Apo-B) decreased.
Liver function—related indicators, such as aspartate
aminotransferase (AST) and alanine aminotransferase (ALT),
were elevated with the onset of NAFLD. In addition,
inflammation-rel ated indicators such as white blood cell count
(WBC) and neutrophil count were elevated in the postonset
NAFLD population.
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Table 1. Clinical baseline information before and after the follow-up.
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Characteristics NAFLD? population (N=1155) P value Total population (N=6196) P value
Years 2010 2015 2010 2015

Male sex, n (%) 941 (81.5) 941 (81.5) N/AP 4107 (66.3) 4107 (66.3) N/A
Age (years), mean (SD)  47.47 (10.17) 52.47 (10.17) N/A 47.97 (10.18) 52.97 (10.18) N/A
Body massindex (kg/mz), 24.19 (2.42) 24.84 (2.38) <.001 22.34(20.57-24.16)  22.64 (20.76-24.39) <.001
mean (SD)/median (IQR)

Waist circumference (cm), 84 (80-88) 87 (83-92) <.001 79 (73-84) 81 (75-87) <.001
median (IQR)

Systolicblood pressure 125,99 (13.83)  129.40 (15.13) <.001 121.37 (14.89) 123.91 (15.54) <.001
(mmHg), mean (SD)

Diastolic blood pressure  79.80 (9.86) 79.94 (10.50) .66 77.34 (10.05) 75.93 (10.71) <.001
(mmHg), mean (SD)

Heart rate (times/min), 78.75 (12.46) 80.74 (12.01) <.001 78 (71, 86) 80 (72, 88) <.001
mean (SD)

White blood cell count 6.32 (1.44) 6.46 (1.43) <.001 5.70 (4.90-6.70) 5.80 (4.90-6.80) <.001
(10%L), mean (SD)/medi-

an (IQR)

Neutrophil count (109“_)] 3.40 (2.80-4) 3.50 (2.90-4.20) <.001 3.10 (2.50-3.70) 3.20 (2.60-3.90) <.001
median (IQR)

Eosinophil count (109L), 0.12(0.07-0.20)  0.12(0.08-0.20) .99 0.11 (0.06-0.18) 0.11 (0.06-0.18) .64
median (IQR)

Basophil count (109”_), 0.01 (0.01-0.02) 0.01 (0.01-0.02) <.001 0.01 (0.01-0.02) 0.01 (0.01-0.02) <.001
median (IQR)

Lymphocyte count 2.20(1.80-2.60) 2.20 (1.90-2.70) .01 2.10 (1.70-2.50) 2(1.70-2.40) .048
(10%L), median (IQR)

Red blood cell count 4.85(0.42) 4.94 (0.42) <.001 4.67 (0.44) 4.74 (0.45) <.001
(10*2/L), mean (SD)

Hemoglobin (g/L), median 144 (137-151) 150 (142-157) <.001 140 (128-147) 144 (133-153) <.001
(IQR)

Red blood cell distribution  12.70 (12.30- 12,50 (12.10-12.90)  <.001 12.70 (12.30-13.10)  12.50 (12.20-12.90) <.001
width (%), median (IQR)  13.10)

Mean red blood cell vol-  92.20 (89.70- 91 (88-94) <.001 92.90 (90.10-95.40) 92 (89-94) <.001
ume (fl), median (IQR) 94.80)

Platdlet count (109”_), me- 214 (186-244) 214 (186-248) .39 211 (182-243) 211 (182-244) 011
dian (IQR)

Platelet distribution width  35.10 (17.40- 12.10(11.20-13.30)  <.001 34.80 (16-39.60) 12.10(11.10-13.30) <.001
(%), median (IQR) 39.60)

Mean platelet volume (fl), 10.70 (10.10- 10.30 (9.80-10.90) <.001 10.70 (10.20-11.30)  10.30 (9.80-10.90) <.001
median (IQR) 11.20)

Alanine aminotransferase 19 (14-27) 23(17-32) <.001 15 (11-22) 16 (12-23) <.001
(U/L), median (IQR)

Aspartateaminotransferase 20 (17-25) 21 (18-26) <.001 19 (16-24) 20 (16-24) 12
(U/L), median (IQR)

Total bilirubin (umol/L), 13 (10-16) 13.40 (10.50-16.90)  <.001 13 (10-16) 13.30 (10.40-17) <.001
median (IQR)

Direct bilirubin (umol/L), 4 (3-5) 4.30 (3.60-5.10) <.001 4(3-5) 4.10 (3.40-5.10) <.001
median (IQR)

Direct bilirubin (umol/L), 8 (7-11) 9.10 (6.80-11.90) <.001 9.33(4.22) 9.91 (4.31) <.001

median (IQR)/mean (SD)
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Characteristics NAFLD? population (N=1155) P value Total population (N=6196) P value
Years 2010 2015 2010 2015

Total protein (g/L), mean  72.51 (3.45) 73.75 (4.12) <.001 72.30 (3.59) 73.05 (4.32) <.001
(SD)

Albumin (g/L), mean 45.14 (2.14) 46.10 (2.33) <.001 44.80 (43.30-46.30)  45.80 (44.10-47.40) <.001
(SD)/median (IQR)

Globulin(g/L), mean (SD) 27.36 (3.03) 27.64 (3.88) .003 27.46 (3.03) 27.40 (4.02) <.001
Gamma-glutamyl 24 (18-33) 29 (20-42) <.001 18 (14-26) 20 (14-29) <.001
transpeptidase (U/L), medi-

an (IQR)

Blood urea nitrogen 4,97 (1.17) 4.83(1.13) .003 4.90 (1.17) 4.74 (1.13) <.001
(mmol/L), mean (SD)

Serum creatinine, pmol/L, 67 (58-73) 62 (54-69) <.001 64 (54-72) 59 (50-67) <.001
median (IQR)

Uric acid (umol/L), mean  353.06 (76.37) 355.98 (74.01) A1 316 (260-372) 313 (260-365) <.001
(SD)/median (IQR)

Fasting blood glucose 4.74 (0.44) 5.05 (0.53) <.001 4.68 (0.43) 4.96 (0.49) <.001
(mmol/L), mean (SD)

Total cholesterol 4.91 (0.91) 4.92 (0.87) 68 4.71 (4.16-5.30) 4.68 (4.16-5.25) <.001
(mmol/L), mean (SD)/me-

dian (IQR)

Triglyceride (mmol/L), 1.23(0.91-1.70) 1.54(1.13-2.09) <.001 0.96 (0.71-1.34) 1.05(0.75-1.47) <.001
median (IQR)

High-density lipoprotein ~ 1.30 (0.25) 1.41(0.26) <.001 1.43(0.32) 1.52 (0.28) <.001
(mmol/L), mean (SD)

Low-density lipoprotein ~ 2.85 (0.77) 2.70 (0.68) <.001 2.77 (0.73) 2.62 (0.65) <.001
(mmol/L), mean (SD)

Apolipoprotein-Al (g/L), 1.25(1.12-1.33) 1.36(1.19-1.57) <.001 1.28 (1.21-1.39) 1.48 (1.26-1.70) <.001
median (IQR)

Apolipoprotein-B (g/L),  0.81(0.66-0.96) 0.77 (0.66-0.86) <.001 0.73 (0.59-0.87) 0.68 (0.58-0.79) <.001
median (IQR)

Thyroid-stimulating hor- ~ 1.50 (1.10-2.10)  1.60 (1.19-2.14) <.001 1.60 (1.10-2.20) 1.66 (1.21-2.25) <.001
mone (mlU/L), median

(IQR)

Total triiodothyronine 1.73(0.29) 1.72 (0.24) 70 1.70 (1.50-1.90) 1.68 (1.52-1.83) 51
(nmol/L), mean (SD)/medi-

an (IQR)

Total tetraiodothyronine  107.12 (16.87) 109.60 (17.60) <.001 107.87 (17.44) 110.76 (17.30) <.001
(nmol/L), mean (SD)

Free triiodothyronine 4.88 (0.61) 4.79 (0.48) <.001 4.75 (0.62) 4.66 (0.48) <.001

(pmol/L), mean (SD)

3NAFLD: nonalcoholic fatty liver disease.

BN/A: not applicable.

Independent Risk Factors

Further, we explored the independent risk of NAFLD based on
the 2015 dataset. To thisend, 36 potential risk factors associated
with NAFLD were screened by univariate analysis (Table 2).
Multiple colinearity between variables was tested through
variance inflation factor (VIF), which was considered to have
severe multiple colinearity between variableswhen the VIF was
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greater than 10 (MultimediaAppendix 2). We removed multiple
colinear variables by stepwise backward logistic regression,
and the final 24 (66.67%) variables were used to screen
independent risk factors. Finally, 17 (70.83%) independent risk
factorsassociated with NAFLD, suchasBMI, WC, Apo-B, and
triglyceride, were identified by multivariate logistic regression
(Figure 2).
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Figure 2. Multivariate logistic regression analysis of nonal coholic fatty liver disease (NAFLD). OR: odds ratio.

Variables Pvalue OR (95% CI)

Sex <.001 —e— 0.512 (0.367-0.714)
Body mass index <.001 o 1.295 (1.240-1.352)
Waist circumference <.001 L] 1.033 (1.010-1.048)
Diastolic blood pressure .001 » 1.014 (1.006-1.022)
Hemoglobin .007 » 1.013 (1.004-1.022)
Alanine aminotransferase <.001 L 1.065 (1.053-1.078)
Aspartate aminotransferase <.001 e 0.966 (0.950-0.983)
Total protein .01 2yl 1.046 (1.010-1.084)
Globulin .001 ol 0.937 (0.903-0.973)
Serum creatinine <.001 | 0.977 (0.968-0.986)
Uric acid <.001 ® 1.003 (1.002-1.004)
Fasting blood glucose .04 — 1.178 (1.006-1.378)
Triglycerides <.001 ——=8— 1.473 (1.259-1.725)
High-density lipoprotein <.001 —e— 0.328 (0.217-0.495)
Low-density lipoprotein 004 —— 0.705 (0.556-0.893)
Apolipoprotein-B (per 0.1) <.001 —e— 1.365 (1.231-1.515)
Thyroid stimulating hormone .02 e 0.896 (0.817-0.981)

! | |
0 0.5 1 1.5

Adjusted odds ratio
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Table 2. Univariate analysis of NAFLD?,

Huang et a

Characteristics Overall (N=6196) NCP (n=5041) NAFLD (n=1155) P value
Male sex, n (%) 4107 (66.3) 3166 (62.8) 941 (81.5) <.001
Age (years), median (IQR) 53 (46-59.25) 53 (46-59) 52 (45-60) .10
Body mass index (kg/mZ), mean (SD) 22.69 (2.65) 22.20 (2.45) 24.84 (2.38) <.001
Waist circumference (cm), median (IQR) 81 (75-87) 80 (74-86) 87 (83-92) <.001
Systalic blood pressure (mmHg), median 123 (113-134) 121 (112-132) 129 (119-138) <.001
(IQR)

Diastolic blood pressure (mmHg), medi- 75 (68-83) 74 (67-82) 80 (73-87) <.001
an (IQR)

Heart rate (times/min), mean (SD) 80.73 (12.03) 80.73 (12.03) 80.74 (12.01) .99
White blood cell count (109/|_)‘ median 2-80 (4.90-6.80) 5.70 (4.80-6.60) 6.30 (5.40-7.30) <.001
(IQR)

Neutrophil count (109/|_)’ median (IQR) 3.20 (2.60-3.90) 3.10 (2.50-3.80) 3.50 (2.90-4.20) <.001
Eosinophil count (109/|_)’ median (IQR) 0.11 (0.06-0.18) 0.10 (0.06-0.18) 0.12 (0.08-0.20) <.001
Basophil count (109/|_)’ median (IQR) 0.01 (0.01-0.02) 0.01 (0.01-0.02) 0.01 (0.01-0.02) <.001
Lymphocyte count (109“_)’ median 2(1.70-2.40) 2(1.70-2.40) 2.20 (1.90-2.70) <.001
(IQR)

Red blood cell count (1012”_)’ mean 4.74 (0.45) 4.70 (0.44) 4.94 (0.42) <.001
(SD)

Hemoglobin (g/L), median (IQR) 144 (133-153) 143 (131-151) 150 (142-157) <.001
Red blood cell distribution width (%), ~ 12.50 (12.20-12.90) 12.50 (12.20-13) 12.50 (12.10-12.90) <.001
median (IQR)

Mean red blood cell volume (fl), median 92 (89-94) 92 (89-94) 91 (88-94) <.001
(IQR)

Platelet count (109/|_)’ median (IQR) 211 (182-244) 210 (182-243) 214 (186-248) .003
Platelet distribution width (%), median  12.10 (11.10-13.30) 12.10(11-13.30) 12.10(11.20-13.30) .29
(IQR)

Mean platelet volume (fl), median (IQR)  10.30 (9.80-10.90) 10.30 (9.80-10.90) 10.30 (9.80-10.90) 49
Alanineaminotransferase (U/L), median 16 (12-23) 15 (11-21) 23 (17-32) <.001
(IQR)

Aspartate aminotransferase (U/L), medi- 20 (16-24) 19 (16-23) 21 (18-26) <.001
an (IQR)

Total bilirubin (umol/L), median (IQR)  13.30 (10.40-17) 13.30(10.30-17) 13.40 (10.50-16.90) .36
Direct bilirubin (umol/L), median (IQR) 4.10 (3.40-5.10) 4.10 (3.40-5) 4.30 (3.60-5.10) <.001
Direct bilirubin (umol/L), 9.10 (6.90-12) 9.10 (6.90-12) 9.10 (6.80-11.90) .62
median (IQR)

Total protein (g/L), mean (SD) 73.05 (4.32) 72.89 (4.35) 73.75 (4.12) <.001
Albumin (g/L), mean (SD) 45.78 (2.53) 45.70 (2.57) 46.10 (2.33) <.001
Globulin (g/L), mean (SD) 27.40 (4.02) 27.35 (4.05) 27.64 (3.88) .03
Gamma-glutamy! transpeptidase (U/L), 20 (14-29) 18 (14-26) 29 (20-42) <.001
median (IQR)

Blood urea nitrogen (mmol/L), median  4.64 (3.94-5.42) 4.61 (3.92-5.40) 4.69 (4.02-5.50) .004
(IQR)

Serum creatinine (umol/L), mean (SD)  59.13 (11.80) 58.62 (11.81) 61.39 (11.47) <.001
Uric acid (umol/L), median (IQR) 313 (260-365) 303 (253-354) 354 (305-405) <.001
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Characteristics

Overall (N=6196)

Fasting blood glucose (mmol/L), median
(IQR)

Total cholesterol (mmol/L), median
(IQR)

Triglyceride (mmol/L), median (IQR)

High-density lipoprotein (mmol/L), me-
dian (IQR)

Low-density lipoprotein (mmol/L), me-
dian (IQR)

Apolipoprotein-Al (g/L), median (IQR)
Apolipoprotein-B (g/L), median (IQR)

Thyroid-stimulating hormone (mlU/L),
median (IQR)

Total triiodothyronine (nmol/L), median

(IQR)

Total tetraiodothyronine (nmol/L), mean
(SD)

Free triiodothyronine (pmol/L), median

4,90 (4.64-5.21)

4,68 (4.16-5.25)

1.05 (0.75-1.47)
1.50 (1.32-1.70)

2,58 (2.18-3)

1.48 (1.26-1.70)
0.68 (0.58-0.79)
1.66 (1.21-2.25)

1.68 (1.52-1.83)

110.76 (17.30)

4.63 (4.32-4.96)

NCP (n=5041) NAFLD (n=1155) P value
4.88 (4.63-5.18) 4,98 (4.70-5.32) <.001
4,65 (4.11-5.22) 4.88 (4.36-5.44) <.001
0.97 (0.72-1.32) 1.54 (1.13-2.09) <.001
1.54 (1.35-1.72) 1.38 (1.22-1.56) <.001
2.56 (2.16-2.97) 2.66 (2.26-3.10) <.001
1.50 (1.29-1.73) 1.36 (1.19-1.57) <.001
0.66 (0.57-0.77) 0.77 (0.66-0.86) <.001
1.67 (1.22-2.26) 1.60 (1.19-2.14) .007
1.67 (1.52-1.83) 1.71 (1.56-1.87) <.001
111.02 (17.23) 109.60 (17.60) 012
4.60 (4.30-4.92) 4.76 (4.46-5.09) <.001

(IQR)

3NAFLD: nonalcohalic fatty liver disease.
BNC: normal control.

Dose Relationship Between BMI, WC, Apo-B,
Triglyceride, and NAFLD

Based on the results of multivariate logistic regression, we
further explored the relationship between BMI, WC, Apo-B,
triglyceride, and NAFLD prevalence. RCSisacommon method
to explore whether thereis a nonlinear association between the
independent and dependent variables[34]. In addition, an akaike
information criterion was used to screen for the number of knots.
We adjusted for confounding factors and performed a

https://www.jmir.org/2023/1/e46891

RenderX

nonlinearity test before analyzing the dose-response rel ationship.
From the doserelationship plot (Figure 3), a nonlinear
relationship between BMI, WC, and triglyceride and NAFLD
(overall P<.05, nonlinear P<.05) was found, and the risk of
NAFLD increased rapidly when BMI, WC, Apo-B, and
triglyceride were greater than 22.66 kg/m?, 81.04 cm, 0.68 g/L,
and 1.1 mmol/L, respectively. The association between Apo-B
and NAFLD was linear (overall P<.05, nonlinear P>.05), and
the risk threshold concentration was 0.69 mmol/L.
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Figure 3. Dose-response relationships between variables and nonal coholic fatty liver disease (NAFLD). Apo-B: apolipoprotein-B; TG: triglyceride;

WC: waist circumference.
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Development and Validation of Predictive Models

XGBoost-RFE enables machine learning agorithms to
continuously reduce the number of features and validate the
model performance, ultimately achieving the optimal number
of features for screening [24]. LASSO is acommon method of
data dimensionality reduction (without considering multiple
colinearities between variables), which compresses the
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regression coefficients of insignificant variables to 0 by
constructing a penalty function, thereby screening the
characteristic variables. XGBoost-RFE combined LASSO was
used for screening risk predictorsof NAFLD (Figure 4). A total
of 11 nonzero characteristic variables were screened as
predictors for the construction of the 5-year NAFLD risk
prediction model (Figure 4C).
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Figure 4. Screening of characteristic predictors. (A) Characteristic variable screening based on XGBoost-RFE. (B) Characteristic variable screening
based on LASSO (lambda: 1SE). (C) XGBoost-RFE combined LASSO. AUROC: areaunder the receiver operating characteristic; LASSO: |east absolute
shrinkage and selection operator; RFE: recursive feature elimination; SE: standard error; XGBoost: extreme gradient boosting.
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To ensure that each machine model achieved the best
performance, we further optimized their hyperparameters
(Multimedia Appendix 3). In the training set, 10-fold
cross-validation was used to assess the predictive value of the
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models. Asdepicted in Figure 5, CatBoost exhibited the highest
clinical predictive value, with an AUROC curve of 0.810 (95%
Cl 0.768-0.852), followed by random forest, with an AUROC
curve of 0.800 (95% CI 0.762-0.838).

JMed Internet Res 2023 | vol. 25 | e46891 | p. 11
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH

Huang et a

Figure5. Clinical predictive value of 6 machinelearning models (10-fold cross-validation) in thetraining set. SVM: support vector machine; X GBoost:

extreme gradient boosting.
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Further, we validated the stability and generalization ability of
the 6 predictive models in the internal and external validation
sets. Logistic regression models demonstrated the best clinical
predictive performance in internal and external validation sets,
with AUROC curves of 0.778 (95% CI 0.759-0.794) and 0.806
(95% CI 0.788-0.821), respectively (Figure 6). From Table 3,
it is evident that the logistic regression model exhibited
favorable performancein terms of accuracy, precision, F-; score,
and recall in both the internal and external validation sets. In
terms of calibration, XGBoost outperformed the other models
based on both the internal and external validation sets, with
Brier scores of 0.181 and 0.191, respectively (Figure 7). Since
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the logistic regression model demonstrated the best clinical
predictive valuein both theinternal and external validation sets,
we ultimately chose it as the optimal model and demonstrated
it with a dynamic nomogram (Figure 4). For example, when a
healthy individual isaged 67 years old and hasaBMI of 22.86

kg/m?, WC of 86 cm, WBC of 5.7 x 10%L, ALT of 51 UIL,
gamma-glutamyl transpeptidase (GGT) of 63 U/L, uric acid
(UA) of 473 umol/L, triglyceride of 3.21 mmol/L, HDL of 1.12
mmol/L, and Apo-B of 0.73 g/L, we could infer that their risk
of developing NAFLD after 5 years is 65.8% (Figure 8).
Thereafter, we developed a web-based calculator to facilitate
the prediction model’s application [35].
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Figure 6. Receiver operating characteristic (ROC) curve of 6 machine learning modelsin internal and external validation sets. (A) internal validation
set; (B) external validation set. AUROC: area under the receiver operating characteristic; XGboost: extreme gradient boosting.
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Figure 8. Nomogram for predicting the 5-year risk of developing nonalcoholic fatty liver disease (NAFLD). ALT: alanine aminotransferase; Apo-B:
apolipoprotein-B; GGT: gamma-glutamy! transpeptidase; HDL: high-density lipoprotein; RBC: red blood cell count; TG: triglyceride; UA: uric acid;
WBC: white blood cell count; WC: waist circumference.
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Table 3. Performance parameters of the 6 machine learning prediction modelsin theinterna and external validation sets.

Predictive models Accuracy Precision F-1 score Recall

Internal validation

Logistic regression 0.700 0.637 0.636 0.705
Decision tree 0.621 0.599 0.571 0.655
Support vector machine 0.688 0.636 0.629 0.707
Random forest 0.674 0.628 0.617 0.697
CatBoost 0.697 0.632 0.631 0.698
X GBooSt® 0.685 0.633 0.626 0.703

External validation

Logistic regression 0.801 0.766 0.648 0.628
Decision tree 0.774 0.685 0.654 0.641
Support vector machine 0.759 0.879 0.439 0.504
Random forest 0.781 0.772 0.565 0.557
CatBoost 0.793 0.746 0.633 0.616
XGBoost 0.789 0.738 0.623 0.609

X Ghoost: extreme gradient boosting.
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Discussion

Principal Findings

Since 2010, we have conducted a 5-year follow-up study of
6196 participants with health checkups. During the follow-up
period, a total of 1155 (18.64%) participants were newly
diagnosed with NAFLD. Multivariate logistic regression analysis
revealed that 17 variables, including BMI, WC, Apo-B, and
triglyceride were independent risk factorsfor NAFLD. Next, 6
machine learning models were constructed and subjected to
hyperparameter optimization. Ultimately, thelogistic regression
model showcased the best clinica predictivevaluein theinterna
and external vaidation sets, with an AUROC of 0.778
(0.759-0.794) and 0.806 (0.788-0.821), respectively.
Additionally, a web-based calculator was developed to assist
in the clinical operability of the predictive model.

A recent globa meta-analysis showed that the global prevalence
of NAFLD after 2016 was 37.8% (between 32.4% and 43.3%),
whiletheannual incidence of new NAFLD was46.9 (36.4-57.5)
per 1000 individuals[36]. The prevalence of NAFLD in China,
thelargest middle-income country, was 32.9% (between 28.9%
and 36.8%) [37], which was lower than the global prevalence.
In addition, the latest research indicated that the incidence of
NAFLD in China was 5.2% (between 3.9% and 6.5%) [37].
Sun et a [38] showed a 5-year incidence of NAFLD of 14.4%
in the population that is not obese. Our study revealed that the
5-year incidence of NAFLD in Zhejiang, China, was 18.64%
and the approximate annual incidence was 3.73%, which was
lower than the national average. It is known that obesity is
strongly associated with many metabolic diseases, including
NAFLD. However, NAFLD can aso beobserved inindividuals
who are not obese [39]. The prevalence of lean NAFLD varies
widely (5% to 45%) due to varying standards of obesity in
different countries and regions [40]. In this study’s NAFLD
population, the distribution was 37.58% (n=434) lean, 52.21%
(n=603) overweight, and 10.21% (n-118) obese.

Multivariatelogistic regression analysis showed that BMI, WC,
DBP, FBG, triglyceride, HDL, and Apo-B were independent
risk factors for NAFLD. All are indicators associated with
metabolic syndrome, which suggests that NAFLD is a
metabolic-related disease. In addition, recent expert consensus
indicates that metabolic dysfunction—associated fatty liver
disease (MAFLD) is a better reflection of pathogenesis than
NAFLD [41]. Along with the obesity and diabetes epidemic,
the disease burden of NAFL D isexpected to increase 2- to 3-fold
by 2030 in Western countries and Asia [1]. The association of
triglyceride, HDL, and Apo-B with NAFLD is consistent with

Huang et a

previous reports [42-44]. Further, we found a dose-dependent
relationship between BMI, WC, Apo-B, triglyceride, and
NAFLD; when they were greater than 22.65 kg/m?, 81.04 cm,
1.09 mmol/L, and 0.69 g/L, respectively, an increased risk of
NAFLD was observed.

Along with the continuous updating of medical technology, all
kinds of medical data are being generated at high speeds [45].
While it is a challenge to mine the data for clinical decisions,
in recent years, the emergence and rapid development of
machinelearning algorithms have facilitated this[17]. Machine
learning enables computers to learn from complex clinical big
data and solve real-world problemsin health care [46].

Our study holds significant clinical significance. This could be
oneof thefirst studiesto conduct 5-year NAFLD risk prediction
based on machine learning methods in a prospective cohort
study. Early prevention is better than aggressive treatment. As
a chronic progressive liver disease, NAFLD is difficult to
reverse onceit hasoccurred. This predictive model can identify
individuals at high risk of NAFLD from a healthy population
5 years in advance, providing a significant advantage in the
early prevention, diagnosis, and treatment of the disease.
Furthermore, the prediction model can not only benefit less
medically developed areas but also guide the clinical decisions
of physicians, further optimizing health care resources. Finally,
convenient web-based calculators provide a medium for the
clinical generalization of predictive models.

Limitations

This may be one of the few tools available for 5-year NAFLD
risk prediction in healthy populations. Inevitably, there are some
limitations to this study. First, NAFLD was diagnosed by
ultrasound methods, and the results may differ somewhat from
the actual situation. Second, the prediction model was
constructed based on the Chinese population, and whether it
applies to other ethnic groups remains to be validated. Third,
the collection of clinical data was not comprehensive enough,
and potential predictive factors may have been overlooked. In
future studies, we will continue to examine and modify the
prediction model in clinical practice in collaboration with
multiple centers.

Conclusions

In conclusion, based on along-term follow-up study in Ningbo,
China, we found a 5-year incidence of NAFLD of 18.65% in
health checkups. Further, we devel oped and externally validated
a5-year NAFLD risk prediction model, which isimportant for
the reduction and prevention of adverseliver prognostic events.

Acknowledgments

This project is supported by the Ningbo Natural Science Foundation (2018A610248 and 2022J233), Ningbo Medical and Health
L eading Academic Discipline Project (2022-F24), Zhejiang M edicine and Health Technology Project (2018ZH029 and 2020KY 871),
Major Project for Science and Technology Innovation 2025 (2019B10035), Ningbo Social Development (2019C50080), and
Ningbo Socia Welfare Research (20225047), al in China. We thank Zhongwei Zhu of Ningbo Zhenhai Lianhua Hospital for

his long-term support of this study.

https://www.jmir.org/2023/1/e46891

JMed Internet Res 2023 | vol. 25 | e46891 | p. 15
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Huang et al

Data Availability
The relevant data are available from the corresponding author upon reasonable request.

Conflictsof I nterest
None declared.

Multimedia Appendix 1

Missing values in the study population.
[PNG File, 285 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Variance inflation factors for candidate independent risk factors.
[PNG File, 44 KB-Multimedia Appendix 2]

Multimedia Appendix 3

Hyperparameter optimization of 6 machine learning models.
[PDF File (Adobe PDF File), 420 KB-Multimedia Appendix 3]

References

1.

10.

11.

12.

13.

Estes C, Anstee QM, Arias-Loste MT, Bantel H, Bellentani S, CaballeriaJ, et al. Modeling NAFLD disease burden in
China, France, Germany, Italy, Japan, Spain, United Kingdom, and United States for the period 2016-2030. JHepatol 2018
Oct;69(4):896-904 [FREE Full text] [doi: 10.1016/j.jhep.2018.05.036] [Medline: 29886156]

Perumpail BJ, Khan MA, Yoo ER, Cholankeril G, Kim D, Ahmed A. Clinical epidemiology and disease burden of

nonal coholic fatty liver disease. World J Gastroenterol 2017 Dec 21;23(47):8263-8276 [FREE Full text] [doi:
10.3748/wjg.v23.i47.8263] [Medline: 29307986]

Younossi ZM, Koenig AB, Abdelatif D, Fazel Y, Henry L, Wymer M. Global epidemiology of nonal coholic fatty liver
disease-Meta-analytic assessment of prevalence, incidence, and outcomes. Hepatology 2016 Dec;64(1):73-84 [doi:
10.1002/hep.28431] [Medline: 26707365]

Zhou F, Zhou J, Wang W, Zhang X, Ji Y, Zhang P, et al. Unexpected rapid increase in the burden of NAFLD in China
from 2008 to 2018: a systematic review and meta-analysis. Hepatology 2019 Oct; 70(4):1119-1133 [doi: 10.1002/hep.30702]
[Medline: 31070259]

Younossi ZM. Non-alcoholic fatty liver disease - A global public health perspective. J Hepatol 2019 Mar;70(3):531-544
[doi: 10.1016/j.jhep.2018.10.033] [Medline: 30414863]

Whalley S, Puvanachandra P, Desai A, Kennedy H. Hepatology outpatient service provision in secondary care: a study of
liver disease incidence and resource costs. Clin Med (Lond) 2007 Apr;7(2):119-124 [FREE Full text] [doi:
10.7861/clinmedicine.7-2-119] [Medline: 17491498]

Byrne CD, Targher G. NAFLD: amultisystem disease. J Hepatol 2015 Apr;62(1 Suppl):S47-S64 [FREE Full text] [doi:
10.1016/j.jhep.2014.12.012] [Medline: 25920090]

Targher G, Tilg H, Byrne CD. Non-alcoholic fatty liver disease: a multisystem disease requiring a multidisciplinary and
holistic approach. Lancet Gastroenterol Hepatol 2021 Jul;6(7):578-588 [doi: 10.1016/S2468-1253(21)00020-0] [Medline:
33961787]

Tanaka N, Kimura T, Fujimori N, Nagaya T, Komatsu M, Tanaka E. Current status, problems, and perspectives of
non-alcoholic fatty liver disease research. World J Gastroenterol 2019 Jan 14;25(2):163-177 [FREE Full text] [doi:
10.3748/wj0.v25.i2.163] [Medline: 30670907]

JuanolaO, Martinez-Lopez S, Francés R, Gomez-Hurtado |. Non-alcoholic fatty liver disease: metabolic, genetic, epigenetic
and environmental risk factors. Int J Environ Res Public Health 2021 May 14;18(10) [FREE Full text] [doi:
10.3390/ijerph18105227] [Medline: 34069012]

Li W, Alazawi W. Non-alcoholic fatty liver disease. Clin Med (Lond) 2020 Sep;20(5):509-512 [FREE Full text] [doi:
10.7861/clinmed.2020-0696] [Medline: 32934047]

Neuschwander-Tetri BA. Non-alcoholic fatty liver disease. BMC Med 2017 Feb 28;15(1):45 [FREE Full text] [doi:
10.1186/s12916-017-0806-8] [Medline: 28241825]

Pan X, Xie X, PengH, Cai X, Li H,Hong Q, et a. Risk prediction for non-alcoholic fatty liver disease based on biochemical
and dietary variables in a Chinese Han population. Front Public Health 2020;8:220 [FREE Full text] [doi:
10.3389/fpubh.2020.00220] [Medline: 32714888]

https://www.jmir.org/2023/1/e46891 JMed Internet Res 2023 | vol. 25 | e46891 | p. 16

RenderX

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v25i1e46891_app1.png&filename=b130fb6a86cae567fe80f5b6d4af72b6.png
https://jmir.org/api/download?alt_name=jmir_v25i1e46891_app1.png&filename=b130fb6a86cae567fe80f5b6d4af72b6.png
https://jmir.org/api/download?alt_name=jmir_v25i1e46891_app2.png&filename=04a678c03d7ad15af10ebc3ab1354076.png
https://jmir.org/api/download?alt_name=jmir_v25i1e46891_app2.png&filename=04a678c03d7ad15af10ebc3ab1354076.png
https://jmir.org/api/download?alt_name=jmir_v25i1e46891_app3.pdf&filename=1865b94c3e43aa292cb6d549d2a084d0.pdf
https://jmir.org/api/download?alt_name=jmir_v25i1e46891_app3.pdf&filename=1865b94c3e43aa292cb6d549d2a084d0.pdf
https://linkinghub.elsevier.com/retrieve/pii/S0168-8278(18)32121-4
http://dx.doi.org/10.1016/j.jhep.2018.05.036
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29886156&dopt=Abstract
https://www.wjgnet.com/1007-9327/full/v23/i47/8263.htm
http://dx.doi.org/10.3748/wjg.v23.i47.8263
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29307986&dopt=Abstract
http://dx.doi.org/10.1002/hep.28431
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26707365&dopt=Abstract
http://dx.doi.org/10.1002/hep.30702
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31070259&dopt=Abstract
http://dx.doi.org/10.1016/j.jhep.2018.10.033
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30414863&dopt=Abstract
https://europepmc.org/abstract/MED/17491498
http://dx.doi.org/10.7861/clinmedicine.7-2-119
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17491498&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0168-8278(14)00933-7
http://dx.doi.org/10.1016/j.jhep.2014.12.012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25920090&dopt=Abstract
http://dx.doi.org/10.1016/S2468-1253(21)00020-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33961787&dopt=Abstract
https://www.wjgnet.com/1007-9327/full/v25/i2/163.htm
http://dx.doi.org/10.3748/wjg.v25.i2.163
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30670907&dopt=Abstract
https://www.mdpi.com/resolver?pii=ijerph18105227
http://dx.doi.org/10.3390/ijerph18105227
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34069012&dopt=Abstract
https://europepmc.org/abstract/MED/32934047
http://dx.doi.org/10.7861/clinmed.2020-0696
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32934047&dopt=Abstract
https://bmcmedicine.biomedcentral.com/articles/10.1186/s12916-017-0806-8
http://dx.doi.org/10.1186/s12916-017-0806-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28241825&dopt=Abstract
https://europepmc.org/abstract/MED/32714888
http://dx.doi.org/10.3389/fpubh.2020.00220
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32714888&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Huang et al

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

LoombaR, Seguritan V, Li W, Long T, Klitgord N, Bhatt A, et al. Gut microbiome-based metagenomic signature for
non-invasive detection of advanced fibrosisin human nonalcoholic fatty liver disease. Cell Metab 2017 May
02;25(5):1054-1062.€5 [FREE Full text] [doi: 10.1016/j.cmet.2017.04.001] [Medline: 28467925]

Zhou X, Lin X, Chen J, PuJ, Wu W, Wu Z, et a. Clinical spectrum transition and prediction model of nonal coholic fatty
liver disease in children with obesity. Front Endocrinol (Lausanne) 2022;13:986841 [FREE Full text] [doi:
10.3389/fend0.2022.986841] [Medline: 36120457]

Taylor-Weiner A, PokkallaH, Han L, JiaC, Huss R, Chung C, et al. A machine learning approach enables quantitative
measurement of liver histology and disease monitoring in NASH. Hepatology 2021 Jul;74(1):133-147 [FREE Full text]
[doi: 10.1002/hep.31750] [Medline; 33570776]

Nam D, Chapiro J, Paradis V, Seraphin TP, Kather JN. Artificial intelligence in liver diseases: Improving diagnostics,
prognostics and response prediction. JHEP Rep 2022 Apr;4(4):100443 [FREE Full text] [doi: 10.1016/j.jhepr.2022.100443]
[Medline: 35243281]

LiuY,LiuX, CenC,Li X, LiuJ,Ming Z, et al. Comparison and devel opment of advanced machine learning toolsto predict
nonalcohalic fatty liver disease: An extended study. Hepatobiliary Pancreat Dis Int 2021 Oct;20(5):409-415 [doi:
10.1016/j.hbpd.2021.08.004] [Medline: 34420885]

Zou'Y, Zhong L, Hu C, Zhong M, Peng N, Sheng G. LDL/HDL cholesterol ratio is associated with new-onset NAFLD in
Chinese non-obese people with normal lipids: a 5-year longitudinal cohort study. Lipids Health Dis 2021 Mar 25;20(1):28
[FREE Full text] [doi: 10.1186/s12944-021-01457-1] [Medline: 33766067]

XulL, XieJ, Chen S, ChenY, Yang H, Miao M, et al. Light-to-moderate alcohol consumption is associated with increased
risk of type 2 diabetes in individuals with nonal coholic fatty liver disease: a nine-year cohort study. Am J Gastroenterol
2020 Jun;115(6):876-884 [doi: 10.14309/ajg.0000000000000607] [Medline: 32282335]

Zheng R, Mao Y. Triglyceride and glucose (TyG) index as a predictor of incident hypertension: a 9-year longitudinal
population-based study. Lipids Health Dis 2017 Sep 13;16(1):175 [FREE Full text] [doi: 10.1186/s12944-017-0562-y]
[Medline: 28903774]

Wang J, Zhu W, Huang S, Xu L, Miao M, Wu C, et al. Serum apoB levels independently predict the devel opment of
non-alcoholic fatty liver disease: A 7-year prospective study. Liver Int 2017 Aug;37(8):1202-1208 [doi: 10.1111/1iv.13363]
[Medline: 28106941]

Tang X, Shi Y, DuJ, HuK, Zhou T, ChenL, et al. Clinical outcome of non-alcoholic fatty liver disease: an 11-year follow-up
study. BMJOpen 2022 Jun 27;12(6):e054891 [ FREE Full text] [doi: 10.1136/bmjopen-2021-054891] [Medline: 35760549]
Sun R, Wang X, Jang H, Yan Y, Dong Y, Yan W, et al. Prediction of 30-day mortality in heart failure patients with hypoxic
hepatitis: Development and external validation of an interpretable machine learning model. Front Cardiovasc Med
2022;9:1035675 [FREE Full text] [doi: 10.3389/fcvm.2022.1035675] [Medline: 36386374]

von EE, Altman DG, Egger M, Pocock SJ, Ggtzsche PC, Vandenbroucke JP. The Strengthening the Reporting of
Observational Studiesin Epidemiology (STROBE) statement: guidelines for reporting observational studies. Int J Surg
2014 Dec;12(12):1495-1499 [FREE Full text] [doi: 10.1016/j.ijsu.2014.07.013] [Medline: 25046131]

Zheng R, Du Z, Wang M, Mao Y, Mao W. A longitudinal epidemiological study on the triglyceride and glucose index and
the incident nonal coholic fatty liver disease. Lipids Health Dis 2018 Nov 20;17(1):262 [FREE Full text] [doi:
10.1186/s12944-018-0913-3] [Medline: 30458848]

Fan JG, Wei L, Zhuang H, National Workshop on Fatty LiverAlcoholic Liver Disease, Chinese Society of Hepatology,
Chinese Medical Association; Fatty Liver Disease Expert Committee, Chinese Medical Doctor Association. Guidelines of
prevention and treatment of nonal coholic fatty liver disease (2018, Chind). J Dig Dis 2019 Apr;20(4):163-173 [doi:
10.1111/1751-2980.12685] [Medline: 30444584]

Peduzzi P, Concato J, Kemper E, Holford TR, Feinstein AR. A simulation study of the number of events per variablein
logistic regression analysis. J Clin Epidemiol 1996 Dec;49(12):1373-1379 [FREE Full text] [doi:
10.1016/s0895-4356(96)00236-3] [Medline: 8970487]

Huang G, Jin Q, Tian X, Mao Y. Development and validation of a carotid atherosclerosis risk prediction model based on
a Chinese population. Front Cardiovasc Med 2022;9:946063 [ FREE Full text] [doi: 10.3389/fcvm.2022.946063] [Medline:
35983181]

Zhao M, Song C, Luo T, Huang T, Lin S. Fatty liver disease prediction model based on big data of electronic physical
examination records. Front Public Health 2021;9:668351 [ FREE Full text] [doi: 10.3389/fpubh.2021.668351] [Medline:
33912534]

Huang G, Li M, Mao Y, Li Y. Development and internal validation of arisk model for hyperuricemiain diabetic kidney
disease patients. Front Public Health 2022;10:863064 [ FREE Full text] [doi: 10.3389/fpubh.2022.863064] [Medline:
36339149]

Li D, Zhang M, Wu S, Tan H, Li N. Risk factors and prediction model for nonalcoholic fatty liver disease in northwest
China. Sci Rep 2022 Aug 16;12(1):13877 [FREE Full text] [doi: 10.1038/s41598-022-17511-6] [Medline: 35974018]
Zhou Y, Chai X, Guo T, PuY, Zeng M, Zhong A, et al. A prediction model of the incidence of nonalcoholic fatty liver
disease with visceral fatty obesity: ageneral population-based study. Front Public Health 2022;10:895045 [FREE Full text]
[doi: 10.3389/fpubh.2022.895045] [Medline: 35812496]

https://www.jmir.org/2023/1/e46891 JMed Internet Res 2023 | vol. 25 | e46891 | p. 17

(page number not for citation purposes)


https://linkinghub.elsevier.com/retrieve/pii/S1550-4131(17)30206-1
http://dx.doi.org/10.1016/j.cmet.2017.04.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28467925&dopt=Abstract
https://europepmc.org/abstract/MED/36120457
http://dx.doi.org/10.3389/fendo.2022.986841
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36120457&dopt=Abstract
https://europepmc.org/abstract/MED/33570776
http://dx.doi.org/10.1002/hep.31750
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33570776&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2589-5559(22)00015-5
http://dx.doi.org/10.1016/j.jhepr.2022.100443
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35243281&dopt=Abstract
http://dx.doi.org/10.1016/j.hbpd.2021.08.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34420885&dopt=Abstract
https://lipidworld.biomedcentral.com/articles/10.1186/s12944-021-01457-1
http://dx.doi.org/10.1186/s12944-021-01457-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33766067&dopt=Abstract
http://dx.doi.org/10.14309/ajg.0000000000000607
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32282335&dopt=Abstract
https://lipidworld.biomedcentral.com/articles/10.1186/s12944-017-0562-y
http://dx.doi.org/10.1186/s12944-017-0562-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28903774&dopt=Abstract
http://dx.doi.org/10.1111/liv.13363
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28106941&dopt=Abstract
https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=35760549
http://dx.doi.org/10.1136/bmjopen-2021-054891
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35760549&dopt=Abstract
https://europepmc.org/abstract/MED/36386374
http://dx.doi.org/10.3389/fcvm.2022.1035675
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36386374&dopt=Abstract
http://linkinghub.elsevier.com/retrieve/pii/S1743-9191(14)00212-X
http://dx.doi.org/10.1016/j.ijsu.2014.07.013
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25046131&dopt=Abstract
https://lipidworld.biomedcentral.com/articles/10.1186/s12944-018-0913-3
http://dx.doi.org/10.1186/s12944-018-0913-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30458848&dopt=Abstract
http://dx.doi.org/10.1111/1751-2980.12685
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30444584&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0895-4356(96)00236-3
http://dx.doi.org/10.1016/s0895-4356(96)00236-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=8970487&dopt=Abstract
https://europepmc.org/abstract/MED/35983181
http://dx.doi.org/10.3389/fcvm.2022.946063
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35983181&dopt=Abstract
https://europepmc.org/abstract/MED/33912534
http://dx.doi.org/10.3389/fpubh.2021.668351
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33912534&dopt=Abstract
https://europepmc.org/abstract/MED/36339149
http://dx.doi.org/10.3389/fpubh.2022.863064
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36339149&dopt=Abstract
https://doi.org/10.1038/s41598-022-17511-6
http://dx.doi.org/10.1038/s41598-022-17511-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35974018&dopt=Abstract
https://europepmc.org/abstract/MED/35812496
http://dx.doi.org/10.3389/fpubh.2022.895045
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35812496&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Huang et al

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

45,

46.

Smith AD, Crippa A, Woodcock J, Brage S. Physical activity and incident type 2 diabetes mellitus: a systematic review
and dose-response meta-analysis of prospective cohort studies. Diabetol ogia 2016 Dec;59(12):2527-2545 [FREE Full text]
[doi: 10.1007/s00125-016-4079-0] [Medline: 27747395]

5-Year NAFLD Risk Prediction Model. URL: https://nbuhuangguoqging.shinyapps.io/

5 Year NAFLD_Risk_Prediction_Model/ [accessed 2023-08-31]

Riazi K, Azhari H, Charette JH, Underwood FE, King JA, Afshar EE, et al. The prevalence and incidence of NAFLD
worldwide: a systematic review and meta-analysis. Lancet Gastroenterol Hepatol 2022 Sep;7(9):851-861 [doi:
10.1016/S2468-1253(22)00165-0] [Medline: 35798021]

Zhou J, Zhou F, Wang W, Zhang X, Ji Y, Zhang P, et al. Epidemiological Features of NAFLD From 1999 to 2018 in China.
Hepatology 2020 May;71(5):1851-1864 [doi: 10.1002/hep.31150] [Medline: 32012320]

SunD, Wu S, LiuwW, Wang L, Chen'Y, Zhang D, et al. Association of low-density lipoprotein cholesterol within the normal
range and NAFLD in the non-obese Chinese population: a cross-sectional and longitudinal study. BMJ Open 2016 Dec
07,6(12):e013781 [FREE Full text] [doi: 10.1136/bmjopen-2016-013781] [Medline: 27927668]
FengR,DuS,WangC,Li Y, LiulL, GuoF, et al. Lean-non-alcoholic fatty liver disease increasesrisk for metabolic disorders
in anormal weight Chinese population. World J Gastroenterol 2014 Dec 21;20(47):17932-17940 [FREE Full text] [doi:
10.3748/wj0.v20.i47.17932] [Medline: 25548491]

Ding C, Chan Z, Magkos F. Lean, but not healthy: the 'metabolically obese, normal-weight' phenotype. Curr Opin Clin
Nutr Metab Care 2016 Nov;19(6):408-417 [doi: 10.1097/M C0O.0000000000000317] [Medline: 27552473]

Eslam M, Sanya AJ, George J, International Consensus Panel. MAFLD: A consensus-driven proposed nomenclature for
metabolic associated fatty liver disease. Gastroenterology 2020 May;158(7):1999-2014.e1 [doi: 10.1053/j.gastro.2019.11.312]
[Medline: 32044314]

FanJ, Zzhu J, Li X, ChenL, Li L, Dai F, et a. Prevalence of and risk factors for fatty liver in ageneral population of
Shanghai, China. J Hepatol 2005 Sep;43(3):508-514 [doi: 10.1016/].jhep.2005.02.042] [Medline: 16006003]

Yang MH, Sung J, Gwak G. The associations between apolipoprotein B, A1, and the B/A1 ratio and nonalcoholic fatty
liver disease in both normal-weight and overweight Korean population. J Clin Lipidol 2016;10(2):289-298 [doi:
10.1016/j.jacl.2015.11.017] [Medline: 27055959]

Zhao Y. Association between apolipoprotein B/A1 and the risk of metabolic dysfunction associated fatty liver disease
according to different lipid profilesin a Chinese population: A cross-sectional study. Clin Chim Acta 2022 Sep
01;534:138-145 [doi: 10.1016/j.cca.2022.07.014] [Medline: 35905837]

WuW, LiY,Feng A, LiL,Huang T, Xu A, et al. Datamining in clinical big data: the frequently used databases, steps,
and methodological models. Mil Med Res 2021 Aug 11;8(1):44 [EREE Full text] [doi: 10.1186/s40779-021-00338-7]
[Medline: 34380547]

Deo RC. Machine learning in medicine. Circulation 2015 Nov 17;132(20):1920-1930 [FREE Full text] [doi:
10.1161/CIRCULATIONAHA.115.001593] [Medline: 26572668]

Abbreviations

ALT: aanine aminotransferase

Apo-Al: apolipoprotein-Al

Apo-B: apolipoprotein-B

AST: aspartate aminotransferase

AUROC: areaunder the receiver operating characteristic
DBP: diastolic blood pressure

FBG: fasting blood glucose

GGT: gamma-glutamyl transpeptidase

HDL: high-density lipoprotein

LASSO: least absolute shrinkage and selection operator
LDL: low-density lipoprotein

MAFLD: metabolic dysfunction—associated fatty liver disease
NAFLD: nonalcoholic fatty liver disease

RBC: red blood cell count

RCS: restricted cubic splines

RFE: recursive feature elimination

SBP: systolic blood pressure

SMOTE: Synthetic Minority Oversampling Technique
UA: uricacid

VIF: varianceinflation factor

WBC: white blood cell count

WC: waist circumference

https://www.jmir.org/2023/1/e46891 JMed Internet Res 2023 | vol. 25 | e46891 | p. 18

(page number not for citation purposes)


http://europepmc.org/abstract/MED/27747395
http://dx.doi.org/10.1007/s00125-016-4079-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27747395&dopt=Abstract
https://nbuhuangguoqing.shinyapps.io/5_Year_NAFLD_Risk_Prediction_Model/
https://nbuhuangguoqing.shinyapps.io/5_Year_NAFLD_Risk_Prediction_Model/
http://dx.doi.org/10.1016/S2468-1253(22)00165-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35798021&dopt=Abstract
http://dx.doi.org/10.1002/hep.31150
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32012320&dopt=Abstract
https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=27927668
http://dx.doi.org/10.1136/bmjopen-2016-013781
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27927668&dopt=Abstract
https://www.wjgnet.com/1007-9327/full/v20/i47/17932.htm
http://dx.doi.org/10.3748/wjg.v20.i47.17932
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25548491&dopt=Abstract
http://dx.doi.org/10.1097/MCO.0000000000000317
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27552473&dopt=Abstract
http://dx.doi.org/10.1053/j.gastro.2019.11.312
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32044314&dopt=Abstract
http://dx.doi.org/10.1016/j.jhep.2005.02.042
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16006003&dopt=Abstract
http://dx.doi.org/10.1016/j.jacl.2015.11.017
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27055959&dopt=Abstract
http://dx.doi.org/10.1016/j.cca.2022.07.014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35905837&dopt=Abstract
https://mmrjournal.biomedcentral.com/articles/10.1186/s40779-021-00338-z
http://dx.doi.org/10.1186/s40779-021-00338-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34380547&dopt=Abstract
http://europepmc.org/abstract/MED/26572668
http://dx.doi.org/10.1161/CIRCULATIONAHA.115.001593
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26572668&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Huang et al

XGBoost: extreme gradient boosting

Edited by A Mavragani; submitted 01.03.23; peer-reviewed by LTJ Lee, Y Zou; comments to author 20.07.23; revised version received
02.08.23; accepted 16.08.23; published 12.09.23

Please cite as.

Huang G, Jin Q, Mao Y

Predicting the 5-Year Risk of Nonalcohalic Fatty Liver Disease Using Machine Learning Models: Prospective Cohort Sudy
J Med Internet Res 2023;25:e46891

URL: https://www.jmir.org/2023/1/e46891

doi: 10.2196/46891

PMID: 37698911

©Guoging Huang, Qiankai Jin, Yushan Mao. Originaly published in the Journal of Medica Internet Research
(https://www.jmir.org), 12.09.2023. Thisisan open-access article distributed under the terms of the Creative Commons Attribution
License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work, first published in the Journal of Medical Internet Research, is properly cited. The complete

bibliographic information, a link to the original publication on https.//www.jmir.org/, as well as this copyright and license
information must be included.

https://www.jmir.org/2023/1/e46891 JMed Internet Res 2023 | vol. 25 | e46891 | p. 19
(page number not for citation purposes)

RenderX


https://www.jmir.org/2023/1/e46891
http://dx.doi.org/10.2196/46891
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37698911&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

