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Background: Nonalcoholic fatty liver disease (NAFLD) is the commonest form of chronic
liver disease worldwide and its prevalence is rapidly increasing. Screening and early
diagnosis of high-risk groups are important for the prevention and treatment of NAFLD;
however, traditional imaging examinations are expensive and difficult to perform on a large
scale. This study aimed to develop a simple and reliable predictive model based on the risk
factors for NAFLD using a decision tree algorithm for the diagnosis of NAFLD and
reduction of healthcare costs.

Methods: This retrospective cross-sectional study included 22,819 participants who under-
went annual health examinations between January 2019 and December 2019 at Physical
Examination Center in Shengjing Hospital of China Medical University. After rigorous data
screening, data of 9190 participants were retained in the final dataset for use in the J48
decision tree algorithm for the construction of predictive models. Approximately 66% of
these patients (n=6065) were randomly assigned to the training dataset for the construction of
the decision tree, while 34% of the patients (n=3125) were assigned to the test dataset to
evaluate the performance of the decision tree.

Results: The results showed that the J48 decision tree classifier exhibited good performance
(accuracy=0.830, precision=0.837, recall=0.830, F-measure=0.830, and area under the
curve=0.905). The decision tree structure revealed waist circumference as the most signifi-
cant attribute, followed by triglyceride levels, systolic blood pressure, sex, age, and total
cholesterol level.

Conclusion: Our study suggests that a decision tree analysis can be used to screen high-risk
individuals for NAFLD. The key attributes in the tree structure can further contribute to the
prevention of NAFLD by suggesting implementable targeted community interventions,
which can help improve the outcome of NAFLD and reduce the burden on the healthcare
system.
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Introduction

Nonalcoholic fatty liver disease (NAFLD) is a type of metabolic stress liver injury that
is closely associated with insulin resistance and genetic susceptibility.' > If it is not
managed early, it may progress to cirrhosis and liver cancer, which have a higher
mortality.” NAFLD is one of the commonest chronic liver diseases worldwide;
approximately one-quarter of adults are affected by NAFLD. In the United States,
the prevalence of adult NAFLD is 24.13% in 2015.% In 2020, it was predicted that the
prevalence of NAFLD will increase thereon at an annual rate of 0.5% in China.’ In
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recent years, the prevalence of fatty liver among younger
patients is increasing. Among them, patients with NAFLD
are more prone to severe cardiovascular and cerebrovascular
diseases, which have high mortality and morbidity.®
Therefore, implementing population-based interventions
for NAFLD prevention is an emergency; these interventions
include early diagnosis of NAFLD, assistance of patients in
modifying their lifestyle, and prescription of appropriate
treatment.

The gold standard diagnostic method for NAFLD is liver
tissue biopsy; however, it is not widely used in clinical
practice because of its invasive nature, high technical
requirements, and low patient acceptance.”® Biochemical
criteria and imaging criteria (ultrasonography, computed
tomography, and magnetic resonance imaging findings) are
used in NAFLD diagnosis. However, imaging techniques
are expensive and, therefore, not suitable for mass screening
of asymptomatic individuals. Moreover, the accuracy of the
imaging is subjective and rests on the operator’s assessment.
Considering the ongoing coronavirus disease outbreak, the
risk of infection should be minimized. Therefore, a simple,
highly accurate, and non-invasive method should be devel-
oped to identify high-risk individuals for NAFLD.

There have been recent rapid advances in data mining
techniques. Data mining is a practical branch of artificial
intelligence that provides well defined and useful infor-
mation on selecting, exploring, and modeling large
amounts of data for the discovery of unknown patterns
or relationships.”'® Data mining includes the use of
traditional and non-traditional statistical methods such
as logistic regression and decision tree analysis. In this
study, mining algorithms were used to study the patterns
of NAFLD onset. Data mining can be used for screening
high-risk patients for NAFLD because it allows the auto-
mated extraction of rules from large-scale data. It also
assists in developing strategies for NAFLD prevention
through education and counseling of high-risk indivi-
duals for NAFLD. Therefore, this study aimed to explore
the feasibility of using common risk factors in screening
patients for NAFLD and developing classifiers for
NAFLD using exploratory data mining techniques.

Methodology

Study Population

Data of 22,819 adults who underwent annual health
screening at Shengjing Hospital of China Medical
University between January 2019 and December 2019

were obtained. This study was approved by the Ethics
Committee of Shengjing Hospital of China Medical
University (Institutional Review Board reference number:
2019PS089J). Of the 22,819 patients, 13,629 with (i)
a mean alcohol consumption of >140 g/week for men
and >70 g/week for women in the previous month, (ii)
other specific diseases causing fatty liver, (iii) severe liver
insufficiency, and (iv) missing data were excluded. Finally,
9190 patients were included in this study (Figure 1).

Selection of Variables in the Research
Design

Six input variables from other predictive models of NAFLD
or risk factor studies were selected for this study.''™'* The
data collection process was as follows: (O Recording of
healthy participants’ general conditions; 2) Measurement
of patients’ anthropometric indicators: the waist circumfer-
ence was measured at the midpoint level of the line between
the lower edge of the costal arch and iliac spine, and the
average of two consecutive measurements accurate to
0.5 cm was considered; 3 Blood pressure measurement:
blood pressure was measured three times with the patients at
rest in one-minute intervals, and the average of the three
measurements was calculated; @ Blood biochemical tests:
patients were prohibited from consuming food and water

Health screening
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(N=10523)« .[ Missing data <
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Figure | Flow chart of records that were excluded from the physical examination
database.
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after 12:00 a.m. on the day of the physical examination, and
venous blood was drawn at 8:00 a.m. Fasting blood glucose,
triglyceride (TG), and total cholesterol (TC) levels were
measured on the same day. All tests were performed using
the same reagents and methods. The patients’ blood glucose
level was measured using the glucose oxidation enzyme
method, while the TG and TC levels were measured using
the enzymatic method, which were performed by the labora-
tory staff members of Shengjing Hospital of China Medical
University.

Diagnostic Criteria for NAFLD

The diagnostic criteria for NAFLD included patients 1) with
amean alcohol consumption of <140 g/week for men and <70
g/week for women in the previous month, 2) with negative
hepatitis B serum antigen and/or anti-hepatitis C virus tests, 3)
with a definite ultrasonography-based diagnosis of fatty liver,
and 4) without other liver diseases, such as drug-related liver
injury. The presence of at least two of the following ultra-
sonography findings was used for the primary diagnosis of
NAFLD:' (i) diffuse enhancement of near-field echoes in the
liver, with echoes stronger than those in the kidneys, (ii) poor
visualization of intrahepatic ductal structures, and (iii) pro-
gressive attenuation of far-field echoes in the liver. Abdominal
ultrasonography was performed by experienced and uni-
formly trained ultrasonographers. The color Doppler ultra-
sound scanner model used was Philips iu22 linear array
transducer, with a frequency range of 5-13 MHz.

Data Selection

Data mining algorithms, especially decision trees, are not
good at processing data points with missing values.
Therefore, records with missing variables must be
removed from the dataset. Data of some patients were
deleted: waist circumference (N = 8760, 38.3%), systolic
blood pressure (N = 4689, 20.5%), TG level (N = 2589,

11.3%), and TC level (N =421, 1.8%). After rigorous data

screening, records of the remaining 9190 eligible partici-
pants were used for further analysis.

Choice of Decision Tree Algorithm

We applied five popular classifiers to train the dataset,
including J48, AdaboostM1, SMO, Bayes Net, and Naive
Bayes. The performance results of all classifiers are shown
in Table 1. Based on the favorable prediction results
obtained from the runs, we chose the J48 algorithm. The
J48 algorithm, which is capable of handling both continuous
and discrete attributes, was used to construct the decision
tree model, performed using WEKA software, version 3.8.1.
The dependent variable (output variable), a binary categori-
cal variable, was divided into two categories: 0 and 1, where
0 meant healthy and 1 meant having NAFLD. The indepen-
dent variables (input variable) included age, waist circum-
ference, sex (men=1, women=2), systolic blood pressure,
TC level, and TG level; these were significant risk factors
in the f-test or chi-square test.

In this study, the dataset was randomly divided into
two groups: training dataset that contained the data of 66%
of the participants (n=6065) and test dataset that contained
the data of 34% of the participants (n=3125). The estima-
tion model was constructed using data from the training
dataset and then tested on the test dataset.'* The C4.5
algorithm can be used to construct a decision tree based
on the characteristics of the data samples; the leaf nodes of
the tree represent the specific categories obtained after
classification, and the non-leaf nodes of the tree represent
the attributes of the data; a path that forms from the root
node to the leaf nodes is the classification rule. The
essence of the algorithm is to generalize a set of classifica-
tion rules from the training data; these classification rules
are mutually exclusive and complete. To avoid overfitting
and maintain parsimony, the model generated by the deci-
sion tree can be pruned by removing unimportant end
branches according to the defined algorithm without
affecting the classification accuracy.'’

Table | The Results of Classification Algorithms. (Weighted Avg)

Model Accuracy Precision Recall F-Measure AUC
AdboostM| 0.795 0.810 0.795 0.794 0.862
48 0.830 0.837 0.830 0.830 0.905
Logistic 0.807 0.808 0.808 0.807 0.902
Naive Bayes 0.782 0.785 0.782 0.781 0.871
Bayes Net 0814 03818 0.814 0815 0.905
Abbreviation: AUC, the area under the receiver operating characteristic (ROC) curve.
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Model Evaluation

In this study, “patients with NAFLD” were defined as
positive events, while “patients without NAFLD” were
defined as negative events. True positives, true negatives,
false positives, and false negatives were extracted sepa-
rately using confusion matrices. Accuracy, precision,
recall, F-measure, and area under the receiver operating
characteristic curve (AUC) were used to evaluate the per-
formance of these models. All variables were included in
the descriptive statistical analysis. Quantitative data were
expressed as X+S, and the independent samples #-test was
used to compare the two groups. Qualitative data were
expressed as relative numbers, and the »* test was used
to compare the two groups. A p value less than 0.05 was
considered to be significant. All statistical analyses were
performed using SPSS 19 statistical software. The subject
characteristic curve (receiver operating characteristic
[ROC] curve) was used to evaluate the predictive effect
of each algorithm on NAFLD.

Results
Clinical Characteristics of the Study

Participants

Data of 9190 patients (NAFLD: 4236 [46.09%]; healthy:
4954 [53.91%]). Clinical characteristics and test results of
the participants in both groups are shown in Table 2. There
were significant differences in age, waist circumference,
sex, systolic blood pressure, TC level, and TG level
between the two groups (p<0.05).

Results of the Model

Data were divided into a training dataset (66% of the total,
N=6065) and test dataset (the remaining 34%, N=3125).
Six variables were used as input variables of the model.

Table 2 Characteristics of Variables of the Study Participants

Table 3 Confusion Matrix of Test Dataset. (Class= NAFLD)

Actual Outcome
Predicted Person with Person
Outcome NAFLD without
NAFLD
Total dataset NAFLD 1294 364
No-NAFLD 167 1300
Accuracy (%) 83.0
Precision (%) 78.0
Recall (%) 88.6

The accuracy of the model was further evaluated by per-
forming a confusion matrix analysis on the test dataset
(Class= NAFLD). The accuracy, precision, and recall of
the model were evaluated. The results are shown in
Table 3.

The accuracy of the model was 83.0%. A total of 2594
of 3125 individuals were correctly classified, while
16.99% of 3125 individuals were incorrectly classified.
The performance of all the classifiers is shown in
Table 1. J48 showed better results than the other classifiers
recall=0.830,
F-measure=0.830, and area under the curve=0.905). The

(accuracy=0.830, precision=0.837,

ROC curves of all the classifiers are shown in Figure 2.

Decision Trees and Rules for

Constructing Decision Trees

A decision tree with 22 nodes and 23 leaves was con-
structed using the J48 algorithm, and the results are shown
in Figure 3. The decision tree structure showed that waist
circumference was the most significant attribute, followed

Characteristic NAFLD (4236) No-NAFLD (4954) 2T P
Sex Men 3118 (73.6%) 2613 (52.7%) 423.40 <0.05
Women 1118 (26.4%) 2341 (47.3%)

Age (years) 49.22+12.14 47.83%13.77 5.09 <0.05
SBP (mmHg) 136.35£17.29 124.49+17.98 32.07 <0.05
WC (cm) 93.68+8.71 81.25+9.01 66.93 <0.05
Triglyceride fatty acid (mmol/L) 2.44+1.66 1.2240.72 46.74 <0.05
Total cholesterol (mmol/L) 5.34+0.90 4.91+0.88 22.87 <0.05

3440

Dove!

Diabetes, Metabolic Syndrome and Obesity: Targets and Therapy 2021:14


https://www.dovepress.com
https://www.dovepress.com

Dove

Yang et al

1.2

True Positive Rate

0 0.2

Figure 2 ROC curve of all algorithms.

TGe —

< 0_79«/\ >0.79¢

-

N (1192)¢« SEX«
men~ women
~

N (760) SBP«
<1097 >109

—~

N (344) TG«
<1.79¢

age«

"\
<714 >71
e N

WC« N (38/1)<N (31/12)

VS
<79¢ >79¢
/ ~N

N (566/92)c TG«

<1.06« >1.06¢

<ga5e— WC T >sase

T >1.79¢

bayes.BayesNet

bayes.NaiveBayes

False Positive Rate

Logistic
AdaBoostM1
— )48
0.6 0.8 1 1.2
~ SBP¢
€100 >109¢
N (197) TG«
< 1.08«/\ >1.08¢
TG« TC«
<0.79°  >0.79¢ <3590 >350
yd N e AN
N (261) wc+ N (47)< wcC«
<95 5(\> 95.5¢ 595'8«/\> 9558
599 : e \
wce Y (156/48)« TG« Y (1741/169)¢

/N

£2.3¢ >2.3¢

/s 87¢ > s7~\ v \

N (170/40)¢ SEX< 29ES Y (985/169)<

aN VAN

~ men: women« / <69¢ >69¢
TC« Y (242/115)¢ 4 >
N (244/100)¢ Y (65/28)< Y (1586/562)¢ SEX«
<5.61¢ >5.61¢ N
/ men:  women«
N (91/21) Y (30/13) ” o
N (79/25)¢ Y (48/22)¢
Figure 3 Decision tree of NAFLD classifiers.
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by TG level, systolic blood pressure, sex, age, and TC
levels. The decision tree can be transformed into a set of
IF-THEN rules by tracing the path from the root node to
each terminal (leaf) node. The 22 IF-THEN rules created
using the model are listed in Table 4. With the introduction
of additional, highly correlated input variables for multiple
segmentations, the decision column rules became more
exhaustive. However, under similar situations, more
unique interactions were observed between different
input variables, more significant results were obtained,

and the predictive values were good.

Discussion

In this study, a decision tree model for NAFLD screening
was developed using data from a physically healthy popu-
lation in northeastern China. Based on the model mined
from the decision tree, waist circumference, TG level,
systolic blood pressure, sex, age, and TC level were sig-
nificant screening factors for NAFLD. Data on waist cir-
cumference, systolic blood pressure, sex, and age are easy
to collect, and the devices used for measuring TC and TG
levels are available and inexpensive. The aforementioned
six indicators can be used to determine the high-risk
groups among poor high-risk patients and in primary hos-
pitals without liver imaging equipment.

In this study, five classification algorithms for the pre-
diction of NAFLD were compared. Several evaluation
metrics were used to determine the effectiveness of the
classification algorithms on the WEKA data mining plat-
form. Based on our findings, the J48 algorithm provided
the best classification results on the NAFLD dataset. The
J48 decision tree algorithm is widely valued and used for
its advantages such as low computational load, easy-to-
understand generated rules, ability to handle continuous
and discrete attributes, automatic capture of multi-layer
interactions between predictors, rule generation, and ease
of interpretation and visualization.'>'® Decision trees are
simple and can be used effectively in public health pro-
grams for early NAFLD screening and health interventions
in future.'’

In this study, the decision tree rules for NAFLD screen-
ing were constructed using a large sample of data from
a physically healthy population; these data can be used in
epidemiological screening activities of high-risk persons
for NAFLD. The first variable in the tree (the root) is the
most important factor, while consecutive variables that are
distant from the root are considered secondary factors for
data classification.'” The present study showed that waist

circumference was the most important distinguishing fac-
tor for the presence/absence of NAFLD, followed by TG
level, systolic blood pressure, sex, age, and TC level. The
global prevalence of fatty liver is closely related to the
rapidly increasing prevalence of obesity.'®!? Waist cir-
cumference is a convenient measure of abdominal obesity
that correlates with abdominal fat volume and area.?’ It is
also an independent predictor of NAFLD severity and
steatosis.”’ Recent studies have reported a strong associa-
tion between increased waist circumference and NAFLD
risk.>? Based on these data, reducing one’s waist circum-
ference can help in preventing NAFLD. This is a feasible
community health care system intervention—several
methods should be used to decrease the waist circumfer-
ence in people with abdominal obesity.

Blood pressure has a significant impact on the devel-
opment of NAFLD. In addition, it interacts with increased
waist circumference. In a cross-sectional study of 5362
individuals,”® elevated blood pressure was found to be
a risk factor for the ultrasound diagnosis of NAFLD.
Moreover, the incidence of NAFLD was 30% higher in
pre-hypertensive patients than in normotensive patients
and up to 80% higher in patients with hypertension than
in normotensive patients.

In this study, Rule 18 of the 22 rules showed that IF
a patient had a waist circumference >95.8 cm, SBP >109
mmHg, TG level >1.08 mmol/L, and TC level >3.59
mmol/L, THEN the patient has NAFLD (1741/169). The
accuracy was 90.3%. The introduction of waist circumfer-
ence, TG level, cholesterol level, and systolic blood pres-
sure as input variables into the algorithm ensured efficient
detection of patients with NAFLD. The significance of this
finding lies in that NAFLD can be prevented by reducing
the risk factors and developing more cost-effective mea-
sures. The rules applied in our tree model construction
suggest that reducing the waist circumference and control-
ling the lipid and blood pressure levels through lifestyle
modification can decrease the prevalence of NAFLD.

Moreover, this is the first study investigating the
screening method for NAFLD in people with a normal
waist circumference. The left number branch in the deci-
sion tree diagram focuses on the screening rules for
NAFLD when the waistline is less than 84.5 cm. For
example, Rule 10 suggests that IF a person has 72<
waist circumference <84.5 cm, TG level >1.79 mmol/L,
SBP >109 mmHg, and is sex=woman, THEN the patient
has NAFLD (315/98). In particular, it provides ideas for
screening patients with NAFLD in women with a normal
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Table 4 A List of the 22 Rules Used for Constructing the

Decision Tree

Rule I: IF WC<84.5cm and TG<0.79mmol/L, THEN patient without
NAFLD (1192)

Rule 2: IF WC<84.5cm and TG>0.79 mmol/L, sex=men, THEN
patient without NAFLD (760)

Rule 3: IF WC=<84.5cm and TG>0.79 mmol/L, sex=women,
SBP<109mmHg, THEN patient without NAFLD (344)

Rule 4: IF WC<84.5cm and 1.792TG>0.79 mmol/L, sex=women,
SBP>109mmHg and age>71, THEN patient without NAFLD (38/1)

Rule 5: IF WC <79cm and 1.792TG>0.79 mmol/L, sex=women,
SBP>109mmHg and age<71, THEN patient without NAFLD (566/92)

Rule 6: IF 79<WC <84.5cm and 1.792TG>1.06 mmol/L, sex=women,
SBP>[09mmHg and age<71, THEN patient with NAFLD (242/115)

Rule 7: IF 79<WC<84.5cm and 1.06=2TG>0.79 mmol/L, sex=women,
SBP>109mmHg, age<7| and TC>5.61 mmol/L, THEN patient with
NAFLD (30/13)

Rule 8: IF 79<WC<84.5cm and 1.062TG>0.79 mmol/L, sex=women,
SBP>[09mmHg, age<7| and TC<5.61 mmol/L, THEN patient without
NAFLD (91/21)

Rule 9: IF WC <72cm and TG>1.79 mmol/L, sex=women and
SBP>109mmHg, THEN patient without NAFLD (31/12)

Rule 10: IF 72<WC <84.5cm and TG>1.79 mmol/L, sex=women and
SBP>109mmHg, THEN patient with NAFLD (315/98)

Rule I'1: IF WC>84.5cm and SBP<109mmHg, THEN patient without
NAFLD (197)

Rule 12: IF WC>84.5cm, SBP>109mmHg and TG=<0.79mmol/L,
THEN patient without NAFLD (261)

Rule 13: IF 872WC>84.5cm, SBP>109mmHg and
0.79<TG=1.08mmol/L, THEN patient without NAFLD (170/40)

Rule 14: IF 87<WC<95.5cm, SBP>109mmHg, 0.79<TG=<1.08mmol/L
and sex=men, THEN patient without NAFLD (244/100)

Rule I5: IF 87<WC=<95.5cm, SBP>[09mmHg, 0.79<TG=<1.08mmol/L
and sex=women, THEN patient with NAFLD (65/28)

Rule 16: IF WC>95.5cm, SBP>109mmHg and 0.79<TG=<1.08mmol/L,
THEN patient with NAFLD (156/48)

Rule 17: IF WC>84.5cm, SBP>109mmHg, TG>1.08mmol/L and
TC<3.59mmol/L, THEN patient without NAFLD (47)

Rulel8: IF WC>95.8cm, SBP>109mmHg, TG>1.08mmol/L and
TC>3.59mmol/L, THEN patient with NAFLD (1741/169)

Rule 19: IF 95.82WC>84.5cm, SBP>109mmHg, TG>2.3mmol/L and
TC>3.59mmol/L, THEN patient with NAFLD (985/169)

(Continued)

Table 4 (Continued).

Rule 20: IF 95.82WC>84.5cm, SBP>109mmHg, 2.32TG>1.08mmol/L,
TC>3.59mmol/L, and age<69, THEN patient with NAFLD (1586/562)

Rule 21: IF 95.82WC>84.5cm, SBP>109mmHg, 2.3=2TG>1.08mmol/L,
TC>3.59mmol/L, age>69 and sex=men, THEN patient without
NAFLD (79/25)

Rule 22: IF 95.82WC>84.5cm, SBP>109mmHg, 2.3=2TG>1.08mmol/L,
TC>3.59mmol/L, age>69 and sex=women, THEN patient with
NAFLD (48/22)

Abbreviation: WC, waist circumference.

waist circumference. Although the classifier rule has
a slightly lower diagnostic efficacy for screening NAFLD
in people with a normal waist circumference, it is still
cost-effective and useful for rapidly screening for
NAFLD during community health services in developing
countries.

This study has some limitations. First, only participants
who underwent physical examinations in northern China
were included; this limits the generalizability of the find-
ings. Most participants were employees in enterprises and
institutions or jobless people with stable financial statuses;
therefore, the population constitution was limited, which
may explain the higher prevalence in our study than in
previous studies. Therefore, the results should be validated
by including participants with different ethnicities and
genetic backgrounds in future studies. Second, this study
used ultrasonography as the gold standard technique for
diagnosing NAFLD and not liver tissue biopsy. Liver
tissue biopsy cannot be used on a large scale, unlike
ultrasonography, which has a high degree of accuracy
and is the most used method in population-based studies.
Finally, the results of this retrospective cross-sectional
study need to be validated in a large prospective study
assessing the outcomes of some interventions such as
reduction of waist circumference for NAFLD prevention.

Conclusion

We proposed the decision tree-based classification model that
can help clinicians in developing countries at the grassroots
level to rapidly screen patients for NAFLD. The key attributes
of the decision tree can further contribute to the prevention of
NAFLD by the implementation of targeted community inter-
ventions, improvement of NAFLD outcomes, and reduction of
the burden on the healthcare system. More comprehensive and
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rigorous prospective studies should be conducted in the future
to explore the sensitivity and specificity of waist circumfer-
ence, blood pressure, and lipid levels on the early diagnosis
and treatment of NAFLD.
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