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Abstract

Background: Nonalcoholic fatty liver disease (NAFLD) is highly prevalent in children and is associated with obesity.

Objectives: To test whether addition of bioelectrical impedance analysis (BIA) parameters to BMI and anthropometric indices
improves the prediction performance of NAFLD than BMI z score (BAZ) alone.

Methods: This cross-sectional study recruited 933 children 6-12 years of age for anthropometric measure, BIA, and liver
ultrasound. Prediction models of the BAZ, anthropometric, and BIA sets were built in children with obesity using machine learning
algorithms.

Results: Prevalences of NAFLD were 44.4% (59/133) and 20% (12/60) in boys and girls with obesity, respectively. In both sexes,
BAZ set performed worst; adding anthropometric indices into the model improved the model performance, whereas BIA parameters
were the best approach for predicting NAFLD. The best result in boys achieved had an accuracy of 75.9% and area under receiver
operating characteristic curve of 0.854. In girls, the best result achieved had an F-measure score of 0.615, Matthews correlation
coefficient of 0.512, and area under precision-recalled curve of 0.697.

Conclusion: BIA is a simple and highly precise tool that yields better NAFLD prediction model than anthropometric indices, and
much better performance than BAZ. This study suggests BIA as a potential predictor for pediatric NAFLD.
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Introduction 76% in children with obesity.*® Screening for children at
risk of NAFLD is appropriate because it is asymptomatic
onalcoholic fatty liver disease (NAFLD) is defined  and can be potentially reversed by lifestyle intervention
be the presence of hepatic steatosis in individuals  before the development of advanced liver fibrosis.
without significant alcohol consumption and other The diagnosis of NAFLD can be performed by liver
causes of liver disease. It is associated with body weight  histology, imaging, and alanine aminotransferase (ALT)
status and weight gain."?> With the rising trend of childhood  test. Liver biopsy is regarded as the best available standard
obesity, NAFLD has become the most common liver dis-  for diagnosing and staging NAFLD but it is invasive with
ease in children. The overall prevalence of NAFLD is es-  sampling variability.” Imaging-based tools for NAFLD in-
timated to be 6.8% in boys and 5.5% in girls in general  clude ultrasound, computed tomography (CT), and mag-
pediatric population and up to 41.9% and 27.9% inboysand ~ netic resonance imaging (MRI). Ultrasound is widely
girls with obesity, respectively, based on ultrasound find-  accepted as the first-line imaging modality, providing sat-
ings.? In Taiwan, the rate of NAFLD assessed by ultrasound  isfactory accuracy for detecting moderate to severe degrees
is 13.8%-21% in general pediatric population and 17.8%—  of fatty liver with low cost. However, ultrasound is less
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accurate for detecting fatty liver with <33% hepatic stea-
tosis.>* CT and MRI can detect and quantify hepatic fat
content more accurately but are more expensive and less
available.'” Of note, CT involves the use of ionizing radi-
ation and is not suitable for monitoring disease progression.

ALT and ultrasound are the most commonly used tools
for diagnosing NAFLD but provide only moderate accu-
racy in children with obesity.!" The Normal American
Society for Pediatric Gastroenterology, Hepatology and
Nutrition practice guideline recommends ALT as the
screening tool for NAFLD for children who are overweight
and obese and with additional risk factors, but recommends
against using routine ultrasound because of low sensitivi-
ty.!2 Evidence showed that normal ALT level could not
exclude liver fibrosis and was seen in 14%—21% children
with biopsy-confirmed NAFLD.!*"!> Thus, ALT may not
be sufficiently sensitive to serve as a screening test for
NAFLD. Given that many children with ultrasound-
diagnosed NAFLD may have normal ALT levels,*'¢ ul-
trasound may be a potential screening tool, but its utility is
unproven. Owing to insufficient evidence, the American
Association for Study of Liver Disease guideline recom-
mends against screening for pediatric NAFLD, even in
high-risk populations.'”

Obesity is the known risk factor for NAFLD. At present,
BMI adjusted for age and sex is the most common ap-
proach to stratify obesity in children. However, BMI is a
measure of excess weight rather than excess body fat mass
(BFM) and may not necessarily reflect body composition.
Bioelectrical impedance analysis (BIA) is an established
body composition method in children that estimates BFM
and fat free mass (FFM) separately.'®!° Therefore, BIA
parameters may provide better surrogate for body adiposity
and thus better predictor for NAFLD, compared with BMI
and BMI z score (BAZ). We hypothesized that BIA pa-
rameters rather than BAZ and other anthropometric indices
could more accurately predict the risk of childhood
NAFLD. This study aimed to test whether addition of BIA
parameters to BMI and anthropometric indices improves
NAFLD discrimination over BAZ alone.

Materials and Methods

Study Design and Ethical Considerations

This prospective school-based cross-sectional study was
approved by the Institutional Review Board of the Chang
Gung Medical Foundation (IRB No: 201802057B0), and
written informed consent was provided by all subjects and
their parents or legal guardians. Studies were conducted
between September 2019 and June 2020.

Participants

Eligible participants were healthy Taiwanese children
attending primary schools who had agreed to participate in
the study in southwestern Taiwan. Exclusion criteria were
participants with known liver disease, significant alcohol
use, limb defect, pacemaker implant, and chronic illness.

LEE ET AL.

Data Collection

All measurements were performed at the school health
center on the morning section. Before study, participants
were fasted for 2 hours and instructed to empty their
bladders. Anthropometric and BIA measures were per-
formed by trained research assistants. One measurement
per subject was performed using each instrument. Liver
ultrasound studies were performed by a skilled radiologist
with over 20-year experience of ultrasound.

Anthropometric Measures

Body height and weight were measured using a digital
scale with subjects wearing no shoes and light cloth.
Weight was recorded to the nearest 0.1 kg and height to the
nearest 0.1 cm. The World Health Organization (WHO)
AnthroPlus software (WHO, Basel, Switzerland) was used
to calculate BMI, height z score (HAZ), and BAZ ac-
cording to the WHO Reference 2007 for children 5-19
years of age.?’ Children with BAZ above +1 standard de-
viation (SD) were classified as overweight, above +2SD as
obese, below —2SD as underweight, and —2SD to +1SD as
normal weight.

Bioelectrical Impedance Analysis

A dual-frequency BIA device (Inbody 230; Biospace
Corp., Seoul, Korea) was used to measure BFM, FFM, and
percentage body fat (PBF) in total body and body segments
at 20 and 100kHz, as described previously.'® Interclass
correlation (ICC) for PBF was excellent (ICC coeffi-
cient=0.99, n=10).

Ultrasound Examination

Ultrasound was performed using an OPUS 5000 scanner
equipped with a 3.5 MHz curved array probe (Chang Gung
Medical Technology Co., Ltd., Taipei, Taiwan). Scan pa-
rameters including overall gain, time gain compensation,
focal zone, and dynamic range were optimized for each
participant. All scans were performed and interpreted by a
single experienced radiologist, blinded to the body com-
position data. Normal liver was defined as homogeneous
echotexture, isoechoic compared with the renal cortex and
adequate visualization of the intrahepatic vessels and the
diaphragm. Fatty liver was defined as bright liver and
graded as described previously.!°

Machine Learning Models

Three subsets of features were selected to investigate the
role of BAZ, anthropometric indices, and BIA parameters
for predicting NAFLD. The BAZ set included only one
attribute, the BAZ. The anthropometric set included six
anthropometric attributes: age, height, weight, BMI, BAZ,
and HAZ. The BIA set included features as follows: age,
height, BMI, BAZ, HAZ, total BFM, trunk BFM, fat mass
index (FMI), total PBF, trunk PBF, FFM, skeletal muscle
mass (SMM), and skeletal muscle index (SMI). FMI was
defined as BFM in kilograms divided by height in meter
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squared. SMM was calculated as total FFM in the four
extremities. SMI was defined as SMM in kilograms di-
vided by height in meter squared.

Classification algorithms, including Zero-R, Naive
Bayes, k-Nearest Neighbors (kKNN), J48 Decision Tree,
and Logistic Regression, were applied using fivefold
cross-validation. Feature selection was applied using
Correlation-based Feature Subset Evaluation (CfsSubset-
Eval) with Best-First search to reduce the dimensions of
the modeling.?' ANN algorithm was tested repeatedly with
different k£ values ranging from 1 to 10.

Statistical Analysis

Descriptive statistics was performed using SPSS version
25 (IBM Corp., Armonk, NY). Student’s #-test was used to
compare group means. The statistical significance level was
set at o=0.05. Waikato Environment for Knowledge Ana-
lysis (WEKA) software version 3.8.3 was used to run ma-
chine learning experiments.?? Evaluation metrics including
accuracy, area under receiver operating characteristic curve
(ROC area), true-positive rate, false-positive rate, precision,
recall, F-measure, area under precision-recalled curve (PRC
area), and Matthews correlation coefficient (MCC) were
obtained. Accuracy is the fraction of instances classified
correctly. An ROC curve is built by plotting true-positive
rate against false-positive rate at different probability
thresholds and ROC area is a summary measure of perfor-
mance.>* Precision is the percentage of true positive in re-
lation to the classified positives. Recall, also known as
sensitivity, refers to the fraction of actual positives that are

Table I. Subject Characteristics
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classified correctly as positives. F-measure is the harmonic
mean of the precision and recall. A precision-recall curve is
built by plotting precision and recall pairs calculated from
different thresholds.?* PRC area is a single performance
measure for the precision-recall curve. MCC is a correlation
coefficient calculated from all four values of the confusion
matrix and incorporates the dataset imbalance.?

Results

Participant Demographics

Table 1 shows the descriptive values for the in-
cluded children. Of the 933 children, 50.6% were
boys. Participants had a wide range of BAZ (3.5 to 6.9)
and total PBF (9.6%—51.6%). Regardless of the
BMI category, the prevalence of NAFLD was higher in
boys than girls (Supplementary Table S1). In boys,
prevalences of NAFLD were 14% (n=66) in the total
group and 0% (n=0), 1.1% (n=3), 6.2% (n=4), and
44.4% (n=59) in children with underweight, normal
weight, overweight, and obesity. In girls, prevalences of
NAFLD were 3.3% (n=15) in the total group and 0%
(n=0), 0.3% (n=1), 2.0% (n=2), and 20.0% (n=12) in
children with underweight, normal weight, overweight,
and obesity.

Factors Associated with Ultrasonically
Diagnosed NAFLD

Table 2 shows the participant characteristics in children
with obesity with and without ultrasound-diagnosed

Boys (n =472) Girls (n=461)

Characteristic Mean SD ‘ Min \ Max ‘ Mean ’ SD Min Max p

Age (years) 9.3 1.8 6.2 12.2 9.6 1.8 6.2 12.7 0.004
Height (cm) 134.9 1.9 106.7 173.8 136.3 12.7 107.0 164.1 0.069
Weight (kg) 357 13.3 16.4 98.3 349 1.9 15.9 98.4 0.347
BMI (kg/m?) 19.0 4.6 12.3 37.0 18.3 3.8 12.3 40.4 0.006
BMI z-score 0.9 1.6 =815 6.9 0.5 1.3 =82 6.1 <0.001
Height z-score 0.1 1.0 -3.1 3.5 0.0 1.0 -3.1 2.7 0.026
Total BFM (kg) 10.5 7.7 2.1 50.0 9.9 6.2 1.9 50.4 0.245
Trunk BFM (kg) 43 42 0.1 244 4.1 34 0.1 227 0.307
FMI (kg/m?) 5.5 34 1.3 18.8 5.1 2.7 1.4 20.7 0.1
Fat free mass (kg) 252 6.7 13.6 53.8 25.0 6.7 13.1 48.0 0.576
Skeletal muscle mass (kg) 12.9 4.0 59 30.0 12.7 3.9 57 26.4 0.425
Skeletal muscle index (kg/m?) 6.9 1.0 4.6 10.4 6.6 1.0 4.8 10.8 <0.001
Total PBF (%) 26.5 10.0 9.6 51.6 26.5 84 11.0 51.2 0.940
Trunk PBF (%) 229 13.3 3.0 50.6 235 1.6 3.0 50.6 0.517

BFM, body fat mass; FMI, fat mass index; PBF, percentage body fat; SD, standard deviation.
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Table 2. Subject Characteristics of Children with Obesity with/without Nonalcoholic

Fatty Liver Disease

Boys with obesity Girls with obesity
Fatty liver (=) Fatty liver (+) Fatty liver (=) Fatty liver (+)
Mean ‘ SD Mean | SD P Mean ‘ SD Mean [ SD P
Anthropometric indices
Age (years) 9.1 1.7 10.4 1.3 <0.001 9.1 1.8 10.0 1.4 0.104
Height (cm) 137.3 1.5 145.4 9.0 <0.001 136.8 12.3 142.0 8.0 0.171
Weight (kg) 444 1.5 57.3 1.5 <0.001 454 13.1 58.3 15.7 0.005
BMI (kg/m?) 23.1 3. 26.8 32 <0.001 23.7 3.1 28.5 4.7 <0.001
BMI z-score 2.8 0.9 3.1 0.8 0.040 2.7 0.8 3.1 0.7 0.119
Height z-score 0.8 1.0 0.8 0.9 0.706 0.7 0.7 0.5 1.0 0.555
BIA estimates
Total BFM (kg) 16.4 55 24.1 6.5 <0.001 17.8 6.1 27.0 9.2 <0.001
Trunk BFM (kg) 7.6 3.0 1.7 32 <0.001 84 33 12.9 4.0 <0.001
FMI (kg/m?) 8.6 2.4 1.3 2.4 <0.001 9.2 2.1 13.1 32 <0.001
Total PBF (%) 36.5 6.0 41.9 42 <0.001 385 53 45v7, 37 <0.001
Trunk PBF (%) 36.3 6.7 423 37 <0.001 38.6 7.3 45.9 2.8 0.001
Fat free mass (kg) 28.0 72 33.1 6.1 <0.001 27.6 74 313 6.9 0.121
Skeletal muscle mass (kg) 14.6 43 17.6 3.6 <0.001 14.3 44 16.5 4.1 0.119
Skeletal muscle index (kg/m?) 7.5 1.0 82 0.8 <0.001 74 1.0 8.1 1.1 0.057

BIA, bioelectrical impedance analysis; NAFLD, nonalcoholic fatty liver disease.

NAFLD. In boys, children with NAFLD were signifi-
cantly older, taller, heavier, and had significantly greater
values in BMI, BAZ, and all BIA estimates than those
without NAFLD, except for the HAZ (p=0.706). In
girls, children with NAFLD were significantly heavier
and had significantly higher values in BMI and fat-
related estimates by BIA but not for FFM-related esti-
mates. There was no association between NAFLD and
BAZ in girls with obesity.

The NAFLD Prediction Models

The final dataset had 933 instances and 14 numeric at-
tributes with a binary class. With the low prevalence of
NAFLD in children with underweight, normal weight, and
overweight, the prediction models were developed only for
children with obesity. The Zero-R classifier was used to
predict the majority class (non-NAFLD) ignoring all pre-
dictors. In boys with obesity, there were 59 positive
compared with 74 negative instances, yielding an accuracy
of 55.6% by Zero-R. In girls with obesity, there were 12
positive compared with 48 negative instances, and the
Zero-R classifier yielded an accuracy of 80%. The dataset
was further divided into three subsets: the BAZ set, the
anthropometric set, and the BIA set.

Performance of the Prediction Model
in Boys with Obesity

Table 3 provides the optimal features and model
evaluation metrics for predicting NAFLD in boys with
obesity (n=133). Accuracy and ROC area are commonly
used metrics providing overall performance for a binary
classifier system. According to both metrics, BAZ set
performed worst, adding age, weight, and BMI into the
model improved the model performance, whereas BIA
predictors had a marginal increase in model performance.
These suggested that BIA parameters were the best ap-
proach for predicting NAFLD. The results were similar
with the other model evaluation metrics. The best results
achieved had an accuracy of 75.9%, F-measure of 0.714,
MCC of 0.510, ROC area of 0.854, and PRC area of 0.802
(Supplementary Fig. S1).

Performance of the Prediction Model

in Girls with Obesity

Table 4 provides the optimal features and model eval-
uation metrics for predicting NAFLD in girls with obesity.
There were 12 positive compared with 48 negative in-
stances, making it an unbalanced dataset with the ratio of
1:4. For unbalanced dataset, accuracy and ROC area may
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Table 3. Model Performance for Predicting Nonalcoholic Fatty Liver Disease
in Male Children with Obesity

Accuracy | TP rate | FP rate | Precision | Recall | F-measure | MCC | ROC area | PRC area
Zero R 55.6% 0 0.437
BAZ set Attribute selection: BAZ
Naive Bayes 59.4% 0.305 0.176 0.581 0.305 0.400 0.152 0.639 0.558
kNN (k=1) 52.6% 0.339 0.324 0.455 0.339 0.388 0.015 0.445 0.428
Multilayer Perceptron (layers=1) 62.4% 0.475 0.257 0.596 0.475 0.528 0.226 0.640 0.554
J48 Decision Tree 57.9% 0.627 0.459 0.521 0.627 0.569 0.167 0.607 0.525
Logistic Regression 59.4% 0.237 0.122 0.609 0.237 0.341 0.152 0.664 0.567
Anthropometric set attribute selection: age, weight, BMI
Naive Bayes 73.7% 0.763 0.284 0.682 0.763 0.720 0.476 0.806 0.760
kNN (k=3) 74.4% 0.763 0.270 0.692 0.763 0.726 0.489 0.763 0.670
Multilayer Perceptron (layers=2) 72.2% 0.627 0.203 0.712 0.627 0.667 0.432 0.801 0.736
J48 Decision Tree 68.4% 0.644 0.284 0.644 0.644 0.644 0.360 0.717 0.614
Logistic Regression 71.4% 0.678 0.257 0.678 0.678 0.678 0.421 0.807 0.761
BIA set attribute selection: age, BFM, FMI, trunk PBF
Naive Bayes 69.9% 0.729 0.324 0.642 0.729 0.683 0.402 0.836 0.794
kNN (k=6) 75.9% 0.678 0.176 0.755 0.678 0.714 0.510 0.854 0.802
Multilayer Perceptron (layers=3) 73.7% 0.695 0.230 0.707 0.695 0.701 0.466 0.831 0.772
J48 Decision Tree 72.9% 0.678 0.230 0.702 0.678 0.690 0.450 0.789 0.685
Logistic Regression 70.7% 0.678 0.270 0.667 0.678 0.672 0.407 0.820 0.786

BAZ, BMI z-score; FP, false positive; kNN, k-Nearest Neighbors; MCC, Matthews correlation coefficient; PRC area, area under precision-

recalled curve; ROC area, area under receiver operating characteristic curve; TP, true positive.

have pitfalls for model evaluation and metrics proposed to
handle unbalanced data such as F-measure, MCC, and
PRC area should also be explored.

In BAZ set, only the ANN classifier predicted NAFLD
with acceptable discrimination ability (F-measure =0.435,
MCC=0.302, and PRC area=0.373). The other classifier
did not predict the NAFLD class (F-measure=0 and MCC
<0). Prediction performance was slightly improved when
BMI was included in the model using most of the classi-
fiers. With BIA parameters, performance of the model
showed further improvement. The best results achieved
had a F-measure score of 0.615, MCC of 0.512, and PRC
area of 0.697 (Supplementary Fig. S1).

Discussion

The prevalence of NAFLD from the full dataset was
14% for boys and 3.3% for girls, which was lower than
previous estimates from the Taiwanese pediatric popula-
tion.*> This may owing to differences between study
designs. In this study, the performances of BAZ, anthro-
pometric indices, and BIA parameters for predicting
NAFLD in apparently healthy Taiwanese children 6-12

years of age with obesity was explored using machine
learning algorithms. BAZ alone was found to be a poor
predictor of pediatric NAFLD, although it is the most
common index for classifying a child’s obesity-related
risk. Our experiment suggests BIA parameters are better
predictors for ultrasound-diagnosed NAFLD in primary
school children in both sexes.

This study aimed to explore the prediction performance
of BAZ, anthropometric indices, and BIA parameters for
NAFLD. Therefore, it was important that all children with
NAFLD had positive test results (high sensitivity),
whereas the number of children with false-positive results
(low sensitivity) was considered less important. This is
because the accurate prediction of positive class was
considered more important than that of negative class
because under-detection may indicate further missed di-
agnosis and delayed treatment of disease, whereas over-
diagnosis just means unnecessary venous sampling or
ultrasound examination. For the imbalance dataset in-
cluding girls with obesity, metrics that weigh both classes
equally, such as overall accuracy and ROC area, were
biased toward the majority class because of its higher
prior probability. To reduce the impact of unbalanced
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in Female Children with Obesity

Table 4. Model Performance for Predicting Nonalcoholic Fatty Liver Disease
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Accuracy | TP rate | FP rate | Precision | Recall | F-measure | MCC | ROC area | PRC area
Zero R 80.0% — 0417 0.178
BAZ set attribute selection: BAZ
Naive Bayes 76.7% 0 0.042 0 0 0 —0.093 0.479 0.205
kNN (k= 1) 78.3% 0417 0.125 0.455 0417 0.435 0.302 0.749 0.373
Multilayer Perceptron (layers=1) 78.3% 0 0.021 0 0 0 —0.065 0.688 0.304
J48 Decision Tree 78.3% 0 0.021 0 0 0 —0.065 0.550 0.233
Logistic Regression 76.7% 0 0.042 0 0 0 —-0.093 0.646 0310
Anthropometric set attribute selection: BMI
Naive Bayes 80.0% 0.250 0.063 0.500 0.250 0.333 0.250 0.777 0.565
kNN (k=3) 85.0% 0.417 0.042 0.714 0417 0.526 0.467 0.781 0.486
Multilayer Perceptron (layers=1) 80.0% 0.250 0.063 0.500 0.250 0.333 0.250 0.750 0.440
J48 Decision Tree 76.7% 0 0.042 0 0 0 —0.093 0.447 0.183
Logistic Regression 80.0% 0.250 0.063 0.500 0.250 0.333 0.250 0.795 0.598
BIA set Attribute selection: FMI, PBF, trunk PBF
Naive Bayes 83.3% 0.667 0.125 0.571 0.667 0.615 0.512 0.898 0.697
kNN (k=2) 85.0% 0.250 0 1.000 0.250 0.400 0.459 0.846 0.590
Multilayer Perceptron (layers=1) 83.3% 0417 0.063 0.625 0417 0.500 0417 0.856 0.531
48 Decision Tree 83.3% 0.667 0.125 0.571 0.667 0.615 0.512 0.898 0.542
Logistic Regression 83.3% 0417 0.063 0.625 0417 0.500 0417 0.849 0.622

classes, other performance measures or resampling
techniques can be used to handle the imbalanced classi-
fication problems.?® In this study, metrics effective for
evaluating unbalanced class distribution such as
F-measure, MCC, and PRC area were also explored.?”-*
Taking into consideration all model evaluation metrics,
BAZ alone was considered a poor method for predicting
NAFLD, whereas including anthropometric indices in the
model improved the performance greatly. Further im-
provement of model performance is possible with BIA
parameters entered into the predictors.

BAZ is the most widely used index by which to stratify
children at risk of obesity-related complications in research
and clinical settings,® but its prediction performance for
NAFLD is less known. Similar to results of this study,
Jimenez-Rivera et al.?° studied 97 obese children 8-17
years of age and showed that BAZ alone cannot be used to
discriminate between children with or without NAFLD. In
that study, the authors investigated associations between
NAFLD and a wide range of blood tests, including liver
enzymes, lipid profiles, Homeostatic Model Assessment
Insulin Resistance, and adiponectin. Results showed that
only triglycerides acted as a screening tool for NAFLD
with a sensitivity of 90% and a specificity of 40% (ROC
area=0.69). Other body composition methods such as

skinfold thickness*%*! and waist-to-height ratio® have been
shown to be useful predictors for NAFLD in general pe-
diatric population. However, their role in predicting
NAFLD in children with obesity is not clear.

Zhang et al.>? reported that BMI percentile predicted
NAFLD with 86.2% sensitivity, 87.6% specificity, and an
ROC area of 0.93 at a cutoff of 80th BMI percentile in
7229 Chinese children 7—18 years of age. In that study, the
reported prevalence was only 5%. In a screening test with
such a low prevalence, the positive and negative predictive
values are also of interest, as specificity is likely to be
inflated.®** However, the Zhang study?? did not report the
relevant measures and sex differences were not taken into
account and therefore it is difficult to evaluate the differ-
ences between these previous studies and ours.>3-*

Pediatric NAFLD is a rapidly increasing disease with
growing epidemics of childhood obesity while lifestyle
intervention and effective methods are available to treat
the disease.>® Although most NAFLD is asymptomatic and
reversible, long-term NAFLD may result in severe irre-
versible complications such as cirrhosis and hepatocellular
carcinoma. Therefore, NAFLD screening in children is a
worthwhile endeavor and can detect the disease at early
stages when treatment may be more successful and, at
the same time, reduce subsequent morbidity or mortality.
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At present, BAZ is the most commonly used method for
weight category in children. However, our study showed
that BAZ was insufficient to identify children who are most
likely to have ultrasound-diagnosed NAFLD and that ad-
ditional screening and assessment such as anthropometric
indices and BIA parameters may be more useful to esti-
mate obesity risks.

As far as we know, no similar study design is found in
the published literature regarding the use of BIA param-
eters in predicting NAFLD in children with obesity. BIA
is more sensitive than BAZ in assessing body composi-
tion. Our study further established that screening NAFLD
with BIA is superior to BAZ in school children. In boys
with obesity, the best results achieved had an accuracy of
75.9% for predicting NAFLD using BIA parameters in
this study. This is comparable with the result of a meta-
analysis which showed that ALT level had an accuracy of
75% for diagnosing patients with NAFLD.>® BIA is a
simple and highly precise tool for body composition
analysis, and it may also be a practical and highly cost-
effective tool for screening NAFLD in large-scale sur-
veys. This study also has the advantage of recruiting the
general pediatric population in community settings to
avoid referral bias.

There are limitations in this study. First, ultrasound was
chosen as the reference method and it is relatively insen-
sitive to detect mild fatty liver. This study used ultrasound
as the reference method because ultrasound is noninvasive
and more readily available. Second, the sample size was
small and subgroup analysis could not be performed for
children with overweight. Third, ultrasound examination
results require interpretation and it is possible that inter-
observer variation may affect the diagnosis of NAFLD. To
reduce the bias, all ultrasound tests in this study were
performed by a single experienced investigator using the
same ultrasound scanner. Fourth, our study design did not
allow adjustment for potential confounders such as liver
enzyme, dietary sugar, physical activity, and genetic risk
factors. Finally, only one measure per subject was taken for
each instrument in this study. This may lead to measure-
ment errors.

Conclusion

This study addressed the issue of screening children with
potential NAFLD using body composition methods,
showing BIA is a simple and highly precise tool that yields
better performance for predicting NAFLD than anthropo-
metric indices, and much better performance than BAZ.
Future study is needed to explore the role of BIA in pre-
dicting other obesity-related complications.
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