
Am J Transl Res 2021;13(11):12704-12713
www.ajtr.org /ISSN:1943-8141/AJTR0135155

Original Article
A predictive model for the diagnosis of non-alcoholic  
fatty liver disease based on an integrated  
machine learning method

Xuefeng Ma1, Chao Yang2, Kun Liang2, Baokai Sun1, Wenwen Jin1, Lizhen Chen1, Mengzhen Dong1,  
Shousheng Liu3, Yongning Xin1, Likun Zhuang3

1Department of Infectious Disease, Qingdao Municipal Hospital, Qingdao University, Qingdao 266000, Shan-
dong, China; 2Department of Infectious Disease, The Affiliated Hospital of Qingdao University, Qingdao 266000, 
Shandong, China; 3Clinical Research Center, Qingdao Municipal Hospital, Qingdao University, Qingdao 266000, 
Shandong, China

Received May 11, 2021; Accepted October 12, 2021; Epub November 15, 2021; Published November 30, 2021

Abstract: Diagnostic markers for non-alcoholic fatty liver disease (NAFLD) are still needed for screening individuals 
at risk. In recent years, the machine learning method was used to search for the diagnostic markers of multiple 
diseases. In this study, we developed and validated a machine learning model to diagnose NAFLD using labora-
tory indicators. NAFLD patients and non-NAFLD controls were recruited in the training and validation cohorts. The 
laboratory indicators of the participants in the training cohort were collected, and six indicators including alanine 
aminotransferase/aspartate aminotransferase (ALT/AST), white blood cells (WBC), alpha-L-fucosidase (AFU), he-
moglobin (Hb), triglycerides (TG) and gamma-glutamyl transpeptidase (GGT) were screened out with higher weights 
by an integrate machine learning method. The areas under the receiver operating characteristic curves (AUROCs) 
for the selected indicators using logistic regression (LR), random forest (RF) and support vector machine (SVM) 
were 0.814, 0.837 and 0.810, respectively. Then the binary logistic regression was used to construct the predictive 
model. What’s more, the AUROC of the predicted model was 0.732 in the validation cohort of patients with NAFLD. 
And the combined AUROC of the six parameters was 0.716 in the mouse model fed with high-fat diet (HFD). In sum-
mary, we created a predictive model with six laboratory indicators for the diagnosis of NAFLD based on the machine 
learning method, which has the potential value for the diagnosis of the NAFLD.
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Introduction

Non-alcoholic fatty liver disease (NAFLD) is one 
of the most common chronic liver diseases 
globally with an estimated prevalence of about 
24% in North America and about 30% in Asia 
[1, 2]. NAFLD is marked by excessive intrahe-
patic fat deposition [3]. The disease spectrum 
of NAFLD ranges from simple steatosis to non-
alcoholic steatohepatitis (NASH), fibrosis, cir-
rhosis and even hepatocellular carcinoma 
(HCC) [4], which could bring heavy burdens on 
the health care system [5, 6].

Although liver pathology was the gold standard 
for the diagnosis of NAFLD, it is invasive, which 
limites the wide application. Other diagnostic 

methods for NAFLD were based on imaging 
examinations such as B ultrasound, computed 
tomography (CT) or Fibroscan according to the 
Practice Guidance of the American Association 
for the Study of Liver Diseases (AASLD) Prac- 
tice Guidelines [7]. However, CT and Fibroscan 
are not convenient for patients, and B ultra-
sound was limited in relatively low accuracy  
and specificity. Recently, blood indexes, which 
are convenient, low-cost and readily available, 
are ideal tools for the diagnosis of diseases. 
Several prediction models based on blood 
indexes have been constructed for the diagno-
sis of NAFLD. Elevated alanine aminotransfer-
ase (ALT) level is the predominant finding for 
the diagnosis of NAFLD, but elevated ALT level 
also occurred in other liver diseases such as 
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hepatitis B virus (HBV) infection and intrahe-
patic cholangitis [8]. SteatoTest for the diag- 
nosis of NAFLD is a logistic regression model 
containing 12 predicting indicators including 
a2-macroglobulin (A2M), apolipoprotein A1 
(Apo A1), haptoglobin, gamma-glutamyl trans-
peptidase (GGT) levels, total bilirubin, choles-
terol, triglycerides, glucose, age, gender, and 
body mass index [9], while it has not been 
proved as a practical model based on the com-
bination of blood indexes with high sensitivity 
and specificity.

In recent years, machine learning methods 
including filter method, wrapper method and 
the embedded method were developed to 
select predicting parameters among all avail-
able indicators with maximum data and mini-
mum bias to predict diseases. Machine learn-
ing could reveal the complex relationships 
among the indicators, which was useful for the 
diagnosis of diseases. Li et al. built multipara-
metric ultrasomics which could improve dis-
crimination of significant fibrosis in chronic 
hepatitis B patients compared with mono or 
dual modalities [10]. What’s more, Liu et al. 
built an artificial neural network model that  
was useful for evaluating the probability of  
progression-free survival in patients with HCC 
[11].

In this study, we aimed to develop a predictive 
model for diagnosing NAFLD depending on  
the laboratory parameters using an integrated 
machine learning method and validated the 
diagnostic effects of the model for diagnosing 
NAFLD at the population and animal levels.

Methods

Research subjects

Inclusion criteria for NAFLD patients and non-
NAFLD patients in this study: (1) 18-65 years  
of age; (2) Patients were negative for hepatitis 
B surface antigen, hepatitis C virus-RNA and 
hepatitis B virus DNA; (3) No clinical symptoms 
or signs of infection, no liver disorders or other 
critical diseases, and no fractures, osteoporo-
sis, or tumors; (4) No pregnancy for women; (5) 
No drinks or no more than 70 g ethanol per 
week for women (about one standard drink 
daily), and 140 g for men (two standard drinks 
daily).

Exclusion criteria for NAFLD patients and non-
NAFLD patients in this study: (1) Patients with 

an active implantable medical device (such as 
pacemaker or defibrillator); (2) Hematological 
diseases or diseases that may influence the 
parameters of blood cell counts; (3) Patients 
who had undergone liver transplantation, pati- 
ents with cardiac failure and/or significant val-
vular disease.

Definition of NAFLD: Patients with and without 
NAFLD were first distinguished by pathology. If 
the pathology was not available, B ultrasound 
or CT was used. The diagnostic criteria of  
NAFLD were followed by the practice guidance 
from the American Association [12].

According to the criteria above, a total of 45 
NAFLD patients and 53 non-NAFLD controls 
from Qingdao Municipal Hospital were recruit-
ed in the training group. Informed consent was 
signed by every participant. This study was 
approved by the Ethics Committee of the 
Qingdao Municipal Hospital (2019Y006). 81 
NAFLD patients and 87 non-NAFLD controls 
from the Affiliated Hospital of Qingdao Univer- 
sity were involved in the validation cohort. 
Informed consent was signed by every partici-
pant. This study was also approved by the 
Ethics Committee of the Affiliated Hospital of 
Qingdao University (QYFYWZLL26473).

Clinical data collection

The data for the clinical laboratory indicators of 
the first admission were collected from the 
Qingdao Municipal Hospital and the Affiliated 
Hospital of Qingdao University (Supplementary 
Tables 1 and 2). The data for the imaging exam-
inations were also collected at the meantime.

Animal experiments

Eight-week-old male C57BL/6J mice were fed 
with high-fat diet (HFD) or chow diet (CD). 
Twelve weeks later, all mice were sacrificed. 
The hematoxylin-eosin (HE) staining of liver tis-
sues was used to verify the successful estab-
lishment of the NAFLD mice model. WBC was 
calculated by XFA6030 Animal Blood Cell An- 
alyzer (prolong, Beijing, China). ALT, aspartate 
aminotransferase (AST), triglycerides (TG), he- 
moglobin (Hb), and alpha-L-fucosidase (AFU) 
were tested by enzyme linked immunosorbent 
assay kit (Shanghai Enzyme-linked Biotechno- 
logy Co., Ltd., Shanghai, China). Animal experi-
ments were approved by the Animal Experi- 
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Table 1. Partial differential characteristics of subjects with or 
without NAFLD in the training cohort

Characters NAFLD 
n=53

No NAFLD 
n=45 P value

Gender (male/female, n) 32/21 25/20 0.02
ALT (U/L) 31.21±21.54 19.30±12.93 <0.001
ALT to AST 1.33±0.64 0.90±0.29 <0.001
GGT (U/L) 35.88±29.93 21.95±13.96 0.02
AFU (U/L) 26.45±7.91 23.32±7.12 0.046
WBC (× 109/L) 6.40±1.70 5.30±1.31 <0.001
TG (mmol/L) 1.83±1.26 1.25±0.53 <0.001
Hb (g/L) 144.98±11.69 138.22±15.76 0.03
NEUT (109/L) 3.40±1.11 2.90±0.94 0.02
LYM (109/L) 2.78±2.52 2.00±0.62 0.03
MON (109/L) 0.40±0.12 0.34±0.12 0.02
BASO (109/L) 0.04±0.02 0.03±0.02 0.04
UA (μmol/L) 360.34±86.08 312.26±70.99 <0.001
HDL (mmol/L) 1.24±0.28 1.39±0.31 0.02
APO A1/APO B 1.35±0.39 1.62±0.70 0.04

mental Ethical Committee of Qingdao Univer- 
sity (AHQU-MAL20180504-1).

Statistical analysis

The weight values of candidate biomarkers 
were calculated by the method of integrated 
machine learning (Applied Protein Technology, 
Shanghai, China) [13-15]. To validate the 
effects of selected candidate biomarkers in 
classification models, three commercialized 
machine learning models including logistic 
regression (LR) [16], random forest (RF) [17] 
and support vector machine (SVM) [18] were 
used respectively. The diagnostic values of the 
indicators were evaluated by the receiver oper-
ating characteristic (ROC) curve and the areas 
under the receiver operating characteristic 
curves (AUROC). Pearson correlation coeffici- 
ent (r) was calculated between the candidate 
biomarkers. When the value of r was more  
than 0.6, the correlation was defined as strong 
[19]. Data were analyzed by R version 3.6.1 (R 
Foundation for Statistical Computing, Vienna, 
Austria). Data were expressed as mean ± stan-
dard deviation (SD). Missing values were im- 
puted using mean imputation. The difference 
between subgroups was analyzed by chi- 
square test for categorical parameters and 
Student’s t-test was used for continuous 
parameters.

Results

Patient characteristics

In the training cohort including 53 
NAFLD patients and 45 non-NAFLD 
controls, the percentage of male 
was 60.38% in the NAFLD group, 
which was higher than that in  
the non-NAFLD controls (P<0.05). 
There were also significant differ-
ences in ALT/AST, ALT, white blood 
cells (WBC), AFU, Hb, TG, GGT, neu-
trophilic granulocyte count (NEUT), 
lymphocyte count (LYM), monocy- 
tes count (MON), basophils (BASO), 
uric acid (UA), high-density lipopro-
tein (HDL) and apolipoprotein A1/
apolipoprotein B (APO A1/APO B) 
between the two groups (Table 1).

Six parameters were selected us-
ing an integrated machine learning 

method

For the training cohort, the weight value of  
each biomarker was calculated by an integrat-
ed machine learning method. The higher value 
of the weight means the greater contribution of 
the biomarker in distinguishing the patients 
with NAFLD from the non-NAFLD controls. The 
top six candidate biomarkers were WBC, ALT to 
AST, AFU, Hb, TG and GGT (Figure 1A).

The cumulative AUROC chart was used to  
evaluate the impact of combined biomarkers 
and the sequence for the combination of indi-
cators were determined according to the wei- 
ght values. As shown in Figure 1B, the AUROC 
of the top six indicators was 0.772 and when 
the 7th indicator was added, the AUROC of the 
combined biomarkers was suddenly reduced. 
Consequently, we selected six parameters for 
further analysis.

Verification of the candidate biomarkers

ROC curves of three models including LR, RF 
and SVM demonstrated that the selected can-
didate biomarkers have excellent effects for 
classification, and the AUROC values of LR,  
RF, and SVM were 0.814, 0.837 and 0.810, 
respectively (Figure 2A). The importance coef-
ficients of the candidate biomarkers were cal-
culated by RF to compare the contribution of 
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Figure 1. Six parameters were selected using an integrated machine learning method in the training cohort of 
patients with NAFLD. A. Weight values of the variables; B. The cumulative AUC chart of the candidate biomarkers.
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Figure 2. Verification of the candidate biomarkers in the training cohort of patients with NAFLD. A: The ROC curves 
of the candidate biomarkers for the diagnosis of NAFLD using LR, SVM and RF methods; B: The importance of the 
candidate biomarkers calculated by RF; C: Curves of accuracy, sensitivity, and specificity of the candidate biomark-
ers for the diagnosis of NAFLD evaluated by LR, RF and SVM.

each biomarker in the model (Figure 2B). 
Accuracy, sensitivity, and specificity evaluated 
by LR, RF and SVM were revealed in Figure 2C. 
The results of verification demonstrated that 
the selected biomarkers have excellent effects 
of classification for NAFLD patients in the train-
ing cohort.

Correlation of the candidate biomarkers

We conducted the correlation analysis among 
the selected biomarkers. If there was a strong 
correlation between the two biomarkers, one  
of them would be eliminated. As shown in 
Figure 3, no strong correlations between the 
selected biomarkers were observed, and none 
of the biomarkers in this study was eliminated.

Construction of the predicted model

The diagnostic panel of candidate biomarkers 
for NAFLD was built by logistic regression algo-
rithm. The logical regression coefficients of 

The diagnostic evaluation of the predicted 
model in the validation cohort

81 NAFLD patients and 87 non-NAFLD controls 
were involved in the validation cohort from the 
Affiliated Hospital of Qingdao University. There 
were significant differences in the values of 
ALT, AST, ALT to AST, GGT, AFU, WBC, TG, LYM, 
MON, MON% BASO%, red blood cell volume dis-
tribution width (RDW), uric acid (UA), total cho-
lesterol (TC), HDL, APO A1, APO B and APO A1/
APO B between the two groups (Table 2). The 
predicted model kept its diagnostic efficacy in 
the validation group with the AUROC 0.732 
(Figure 4).

Validation of the selected parameters using 
the mouse model

Mice fed with HFD or CD were involved in ani-
mal experiments. The results of H&E and Oil 
Red O staining of liver tissue sections verified 

Figure 3. Correlations of the candidate biomarkers in the training cohort of 
patients with NAFLD. Pearson correlation coefficient (r) was used to evaluate 
the correlations.

WBC, ALT to AST, AFU, Hb, TG 
and GGT were 0.29, 2.23, 
0.07, 0.01, 0.72 and 0.01, 
respectively (Supplementary 
Table 3). The equation was 
illustrated as following:

Risk score = exp (0.29 × WBC 
+ 2.23 × AST

ALT  + 0.07 × AFU + 
0.01 × Hb + 0.72 × TG + 0.01 
× GGT - 8.77)/[1 + exp (0.29 × 
WBC + 2.23 × AST

ALT  + 0.07 × 
AFU + 0.01 × Hb + 0.72 × TG 
+ 0.01 × GGT - 8.77)]

The best cutoff value of the 
risk score was 0.53 calculat- 
ed by using Yoden Index (Sup- 
plementary Table 4). When 
the risk score was 0.53, the 
AUROC value, specificity and 
sensitivity for the predicted 
model were 0.821, 0.733 and 
0.765, respectively. If the risk 
score of the equation was 
higher than the best cutoff 
value, the result would be 
positive.
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Table 2. Partial differential characteristics of subjects with 
or without NAFLD in the validation cohort
Characters NAFLD group n=81 Control group n=87 P value
ALT (U/L) 31.45±19.24 23.27±15.86 <0.001
AST (U/L) 21.82±8.52 19.22±6.69 0.03
ALT to AST 1.41±0.44 1.16±0.52 <0.001
GGT (U/L) 33.78±14.53 18.20±6.47 0.02
AFU (U/L) 29.35±7.88 26.31±7.05 0.02
WBC (× 109/L) 6.46±1.69 5.80±1.25 0.01
TG (mmol/L) 2.03±1.89 1.39±1.14 0.02
Hb (g/L) 143.54±14.10 138.80±17.20 0.08
LYM (109/L) 2.19±0.75 1.91±0.59 0.01
MON (109/L) 0.46±0.15 0.37±0.13 <0.001
MON% 7.32±2.02 6.42±2.02 <0.001
BASO% 0.53±0.25 0.44±0.28 0.04
RDW% 12.37±0.55 22.65±13.79 <0.001
UA (μmol/L) 366.70±78.65 306.36±80.34 <0.001
TC (mmol/L) 4.54±0.54 4.15±1.60 <0.001
HDL (mmol/L) 1.33±0.30 1.46±0.36 0.04
APO A1 (g/L) 1.38±0.24 1.52±0.22 0.01
APO B (g/L) 1.00±0.24 0.85±0.19 0.01
APO A1/APO B 1.48±0.51 1.88±0.53 <0.001

Figure 4. The ROC curve of the candidate biomarkers 
for the diagnosis of NAFLD in the validation cohort of 
NAFLD patients.

in CD group (Supplementary Table 
5). Furthermore, the cumulative AU- 
ROC of the candidate biomarkers 
was up to 0.716 (Figure 5B).

Discussion

In this study, our predictive model 
for NAFLD, which consisted of the 
common laboratory indicators in 
hospital, showed a brilliant perfor-
mance. This study aimed to screen 
out the combination of laboratory 
indicators with higher sensitivity and 
specificity for clinical screening of 
NAFLD. Although there were no rele-
vant mechanisms revealed in this 
study, the indicators screened out in 
this study were all classic indicators 
and there have been many reports 
on the relevant mechanisms for 
these indicators in NAFLD.

Both ALT and AST were mainly 
expressed in liver cells and their  
levels in plasma could indicate the 

the construction of NAFLD mouse model (Fig- 
ure 5A). Although there were no obvious differ-
ences in ALT, AST, ALT to AST, AFU, WBC, TG,  
Hb and GGT between the two groups (all 
P>0.05), the average values of all the selected 
indicators in HFD group were higher than those 

damage and death of liver cells. When the liver 
injury occurred, ALT and AST are released from 
liver cells into the blood, leading to the incre- 
ased serum ALT and AST levels [20]. Nanji et  
al. demonstrated that there was a significant 
correlation between the ALT/AST ratio and the 
degree of fatty accumulation of hepatic cells 
[21]. Long et al. also demonstrated that the 
ALT/AST ratio predicted hepatic steatosis bet-
ter than either ALT or AST alone [22].

NAFLD was considered to be the liver manifes-
tation of metabolic symptoms (MS) [23]. The 
relationship between WBC count and MS com-
ponents had been demonstrated in some stud-
ies [24, 25]. Moreover, WBC count was often 
used to evaluate inflammatory status [26] and 
inflammation plays a significant role in the de- 
velopment of NAFLD [3]. In view of the points 
above, WBC might reflect the occurrence and 
progression of NAFLD. Many studies have fo- 
cused on the association between WBC count 
and the occurrence of NAFLD [27, 28], and a 
previous study has clearly showed that the  
WBC count was a significant factor associated 
with NAFLD occurrence [29].

AFU is a lysosome enzyme expressed in all 
mammalian cells and hydrolyzes sugars con-
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Figure 5. The Verification of the candidate parameters using the mouse model. A: H&E and Oil Red O stainings of 
representative liver sections in mice fed with HFD or CD. Scale bar: μm; B: The AUC Cumulative Chart of the selected 
parameters in the mouse model.

taining L-fucose, and AFU levels are closely 
associated with the occurrence of HCC [30, 
31]. Blood AFU usually comes from lysosome 
leakage. Lipid peroxidation of liver cells modi-
fies the functional characteristics of the cell 
membranes and membranes of intracellular 
organelles such as mitochondria and lyso-
somes, which might result in leakage of lyso-
some and the release of AFU [32, 33]. As a 
result, AFU may have a close relationship with 
NAFLD. A previous study had attempted to 
explore the relationship between the AFU level 
and NAFLD occurrence. Lu et al. suggested  
that AFU levels were positively associated with 
NAFLD occurrence and might act as an inde-
pendent risk factor for NAFLD. However, the 
AUROC of the only AFU levels for NAFLD diag- 
nosis was only 0.606 [34].

Hb is an iron-containing metalloprotein. A pre- 
vious study revealed that the iron depletion 
could increase the glucose uptake and insulin 
signaling in hepatic cells and improve liver 
function in NAFLD patients [35]. Bai et al. 
revealed that adults with high Hb levels (14.4 
μg/dl for male and 13.2 μg/dl for female) were 
at the greatest risk for NAFLD [36]. Chung et al. 
demonstrated that serum Hb level was inde-
pendently associated with the risk of develop-
ing incidental metabolic syndrome or NAFLD  
in men [37]. Recently, Giorgio et al. indicated 
that elevated Hb Level had obvious relation- 

ship with fibrosis in biopsy-diagnosed pediatric 
NAFLD patients [38]. Consistently, in a Mexi- 
can population study, there was an indepen-
dent relationship between the serum Hb level 
and the steatosis severity [39].

GGT, which is a transmembrane protein gener-
ated in the microsome, could play an impor- 
tant role in maintaining the metabolism of glu-
tathione and act as one of the most important 
antioxidants in human cells [40]. Meanwhile, 
oxidative stress could play an essential role in 
the development of NAFLD [40, 41]. Jarčuška1 
et al. found that about half of patients with 
NASH had elevated levels of GGT, and there 
was an obvious relationship between GGT and 
individual metabolic syndrome [42]. Further- 
more, a previous study revealed that the GGT-
to-platelet ratio (GPR) is better than aspartate 
transaminase-to-platelet ratio index and fibro-
sis index based on four factors (FIB-4) for diag-
nosing fibrosis and cirrhosis in NAFLD patients 
[43].

For patients with overnutrition and obesity, 
there is often a change of hepatic fatty acid 
metabolism, which could lead to the accumula-
tion of triglycerides in hepatocytes and some-
times cause the occurrence of NAFLD [44].

Each indicator in this study has a certain  
tendency and limitation on the diagnosis of 
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NAFLD, while the predictive model using the 
integrated machine learning method can over-
come the limitations of a single indicator and 
improve the diagnostic ability. Some indicators 
which were not common in clinical laboratory 
were also reported to be the potential predic-
tors for NAFLD. Kimura et al. demonstrated th- 
at serum thrombospondin 2 level was consid-
ered as a predictor of histological activity of 
NAFLD [45]. Mele et al. displayed that angio- 
poietin-like 8 has direct relationship with the 
presence and severity of NAFLD in patients  
with Prader-Willi Syndrome [46]. In further in- 
vestigations, the uncommon indicators in clini-
cal laboratory should be considered for the  
construction of predictive model.

In summary, we created a predictive model  
with laboratory indicators for the diagnosis of 
NAFLD using the machine learning method, 
which had the potential for the diagnosis of  
the NAFLD and provided the basis for the pre-
dictive model of the combination of indicators.
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Supplementary Table 1. All the clinical characteristics of subjects with and without NAFLD in the 
training cohort
Characters NAFLD N=53 No NAFLD N=45 P value
Gender (male/female, n) 32/21 25/20 0.02
ALT (U/L) 31.21±21.54 19.30±12.93 <0.001
AST (U/L) 22.24±4.61 20.73±12.83 0.27
ALT to AST 1.33±0.64 0.90±0.29 <0.001
GGT (U/L) 35.88±29.93 21.95±13.96 0.02
AFU (U/L) 26.45±7.91 23.32±7.12 0.046
WBC (× 109/L) 6.40±1.70 5.30±1.31 <0.001
TG (mmol/L) 1.83±1.26 1.25±0.53 <0.001
Hb (g/L) 144.98±11.69 138.22±15.76 0.03
NEUT (109/L) 3.40±1.11 2.90±0.94 0.02
NEUT% 52.55±8.96 53.13±7.82 0.74
LYM (109/L) 2.78±2.52 2.00±0.62 0.03
LYM% 37.13±9.28 37.17±8.60 0.98
MON (109/L) 0.40±0.12 0.34±0.12 0.02
MON% 6.37±1.62 6.46±1.65 0.78
EOS (109/L) 0.16±0.10 0.15±0.11 0.78
EOS% 2.49±1.59 2.77±1.59 0.39
BASO (109/L) 0.04±0.02 0.03±0.02 0.04
BASO% 0.57±0.26 0.55±0.30 0.75
RBC (1012/L) 4.63±0.46 4.47±0.43 0.09
HCT (%) 43.12±3.60 41.56±4.08 0.05
MCV (fL) 92.55±4.07 93.16±5.07 0.52
MCH (pg) 31.07±1.53 31.09±2.00 0.96
MCHC (g/L) 333.40±17.47 333.73±11.43 0.91
RDW (fL) 42.71±5.39 44.18±3.56 0.12
RDW (%) 12.56±0.53 12.79±1.23 0.24
PLT (fL) 229.98±51.26 224.73±50.05 0.62
PCT (%) 0.22±0.05 0.23±0.09 0.74
MPV (fL) 9.58±1.13 9.62±1.13 0.89
P-LCR% 27.46±6.16 27.81±7.04 0.80
PDW (%) 13.99±2.13 14.10±2.37 0.81
TP (g/L) 71.75±6.31 71.14±10.90 0.74
ALB (g/L) 43.50±3.50 43.43±3.42 0.93
GLOB (g/L) 28.43±4.77 29.27±4.88 0.41
A/G 1.58±0.29 1.54±0.27 0.48
TB (μmol/L) 13.31±3.85 13.20±4.36 0.90
DB (μmol/L) 2.23±0.78 2.16±0.69 0.67
IB (μmol/L) 11.08±3.25 11.10±3.86 0.97
ALP (U/L) 78.94±19.56 73.03±21.74 0.18
TBA (μmol/L) 4.89±3.08 5.23±4.17 0.66
GLU (mmol/L) 5.00±0.80 4.80±0.86 0.27
BUN (mmol/L) 5.45±1.53 5.10±1.02 0.20
CRE (μmol/L) 68.38±13.98 74.01±49.60 0.47
BUN/CRE 0.08±0.02 0.08±0.02 0.82
UA (μmol/L) 360.34±86.08 312.26±70.99 0.00
CK (U/L) 118.83±116.29 96.49±83.32 0.31
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CK-MB (U/L) 15.30±12.95 14.63±7.09 0.77
LDH (mmol/L) 178.06±27.60 170.05±34.31 0.24
HBDH (U/L) 121.39±18.69 119.26±25.10 0.66
TC (mmol/L) 5.32±1.01 5.11±1.08 0.35
HDL (mmol/L) 1.24±0.28 1.39±0.31 0.02
LDL (mmol/L) 3.19±0.72 3.05±0.80 0.39
APO A1 (g/L) 1.53±0.52 1.45±0.30 0.41
APO B (g/L) 1.01±0.46 0.98±0.26 0.26
APO A1/APO B 1.35±0.39 1.62±0.70 0.04
LP (a) (mg/dL) 18.80±17.30 23.60±22.82 0.29

Supplementary Table 2. All the clinical characteristics of subjects with and without NAFLD in the 
validation cohort
Characters NAFLD group N=81 Control group N=87 P value
ALT (U/L) 31.45±19.24 23.27±15.86 <0.001
AST (U/L) 21.82±8.52 19.22±6.69 0.03
ALT to AST 1.41±0.44 1.16±0.52 <0.001
GGT (U/L) 33.78±14.53 18.20±6.47 0.02
AFU (U/L) 29.35±7.88 26.31±7.05 0.022
WBC (× 109/L) 6.46±1.69 5.80±1.25 0.012
TG (mmol/L) 2.03±1.89 1.39±1.14 0.022
Hb (g/L) 143.54±14.10 138.80±17.20 0.08
LYM (109/L) 2.19±0.75 1.91±0.59 0.01
MON (109/L) 0.46±0.15 0.37±0.13 <0.001
MON% 7.32±2.02 6.42±2.02 <0.001
BASO% 0.53±0.25 0.44±0.28 0.04
RDW (%) 12.37±0.55 22.65±13.79 <0.001
MPV (fL) 9.88±0.94 10.06±0.95 0.23
P-LCR% 24.42±6.47 25.82±7.39 0.20
PDW (%) 12.78±2.31 13.14±2.58 0.30
TP (g/L) 69.34±5.47 69.85±5.15 0.55
ALB (g/L) 43.14±3.83 42.96±3.59 0.77
GLOB (g/L) 26.29±4.26 26.83±3.65 0.39
A/G 1.68±0.31 1.64±0.28 0.30
TB (μmol/L) 15.80±7.74 14.20±5.96 0.14
DB (μmol/L) 4.27±2.04 4.07±1.84 0.51
IB (μmol/L) 11.40±6.02 10.12±4.55 0.13
ALP (U/L) 63.82±17.39 62.49±27.33 0.71
TBA (μmol/L) 4.09±3.09 4.22±3.71 0.82
GLU (mmol/L) 5.49±1.27 5.00±1.27 0.40
BUN (mmol/L) 5.35±1.20 5.13±1.24 0.40
CRE (μmol/L) 76.34±18.13 77.37±16.35 0.71
BUN/CRE 14.58±8.35 14.61±7.52 0.98
UA (μmol/L) 366.70±78.65 306.36±80.34 0.00
CK (U/L) 113.28±83.31 90.27±35.60 0.05
CK-MB (U/L) 12.19±4.57 13.25±5.26 0.23
LDH (mmol/L) 162.86±33.33 159.17±37.33 0.53
HBDH (U/L) 128.30±22.32 124.18±27.89 0.59
TC (mmol/L) 4.54±0.54 4.15±1.60 <0.001
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Supplementary Table 4. The best cutoff value for the predicted model in the training cohort
Threshold AUROC Specificity Sensitivity

Best 0.53 0.821 0.733 0.765

HDL (mmol/L) 1.33±0.30 1.46±0.36 0.04
LDL (mmol/L) 3.21±0.75 2.92±0.87 0.07
APO A1 (g/L) 1.38±0.24 1.52±0.22 0.01
APO B (g/L) 1.00±0.24 0.85±0.19 0.01
APO A1/APO B 1.48±0.51 1.88±0.53 <0.001
LP (a) (mg/dL) 18.55±16.30 20.64±21.22 0.37

Supplementary Table 3. Logical regression coefficients of the candidate Biomarkers in the training 
cohort
Name Coefficients
(Intercept) -8.77
WBC 0.29
ALT to AST 2.23
AFU 0.07
Hb 0.01
TG 0.72
GGT 0.01

Supplementary Table 5. Characteristics of mice fed with HFD or CD
Characters HFD group N=32 CD group N=28 P value
ALT (U/L) 48.14±15.57 45.48±11.02 0.58
AST (U/L) 193.77±63.35 182.32±50.56 0.59
ALT to AST 0.27±0.10 0.26±0.06 0.78
GGT (IU/L) 6.29±0.90 6.14±0.60 0.58
AFU (U/L) 6.14±0.71 6.02±0.47 0.58
WBC (× 109/L) 9.38±1.08 8.98±1.05 0.33
TG (mmol/L) 0.90±0.12 0.85±0.11 0.24
Hb (g/L) 140.07±15.99 129.03±20.32 0.11


