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Nonalcoholic fatty liver disease (NAFLD), a leading cause of chronic hepatic disease, can progress to liver
fibrosis, cirrhosis, and hepatocellular carcinoma. Therefore, it is extremely important to explore early diagnosis
and screening methods. In this study, we developed models based on computer tongue image analysis technology
to observe the tongue characteristics of 1778 participants (831 cases of NAFLD and 947 cases of non-NAFLD).
Combining quantitative tongue image features, basic information, and serological indexes, including the he-
patic steatosis index (HSI) and fatty liver index (FLI), we utilized machine learning methods, including Logistic
Regression, Support Vector Machine (SVM), Random Forest (RF), Gradient Boosting Decision Tree (GBDT),
Adaptive Boosting Algorithm (AdaBoost), Naive Bayes, and Neural Network for NAFLD diagnosis. The best fusion
model for diagnosing NAFLD by Logistic Regression, which contained the tongue image parameters, waist
circumference, BMI, GGT, TG, and ALT/AST, achieved an AUC of 0.897 (95% CI, 0.882-0.911), an accuracy of
81.70% with a sensitivity of 77.62% and a specificity of 85.22%; in addition, the positive likelihood ratio and
negative likelihood ratio were 5.25 and 0.26, respectively. The application of computer intelligent tongue
diagnosis technology can improve the accuracy of NAFLD diagnosis and may provide a convenient technical
reference for the establishment of early screening methods for NAFLD, which is worth further research and
verification.

1. Introduction increases by 71%, whereas with an aggravation of the fatty liver, the

mortality risk of NASH, liver fibrosis, and cirrhosis increase by 114%,

Nonalcoholic fatty liver disease (NAFLD) has a global prevalence of
approximately 25%, showing a younger trend that is continuing to rise.
NAFLD is the leading cause of chronic hepatic disease and poses a huge
clinical and economic burden to all societies [1-3]. NAFLD is a chronic
progressive disease and includes non-alcoholic fatty liver (NAFL) and
non-alcoholic steatohepatitis (NASH) [1,4]. The latter is closely related
to liver fibrosis, cirrhosis, and hepatocellular carcinoma [5], and 10%-—
29% of NASH patients develop cirrhosis within 10 years [6].

NAFLD has also been found to be a risk factor for extrahepatic dis-
eases such as subclinical atherosclerosis, decreased bone mineral den-
sity, renal insufficiency, obstructive sleep apnea, and polycystic ovary
syndrome [7]. Studies on the mortality rates of NAFLD have demon-
strated that even in patients with simple steatosis, the mortality risk
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144%, and 279%, respectively [8]. Early lifestyle interventions, such as
weight loss, play an important role in reversing and slowing down the
progression of nonalcoholic steatohepatitis [9,10]. Therefore, it is worth
developing methods for the early diagnosis of NAFLD, which may assist
in providing an ideal therapeutic option for early life intervention, thus
slowing down and reversing the transformation of NAFL into NASH,
reducing NAFLD-related mortality, and reducing the economic burden
of global health.

NAFLD is a pathological condition characterized by excessive lipid
accumulation in the liver and is defined by the presence of steatosis in
>5% of hepatocytes according to a histological analysis. As a first-line
diagnostic technique in patients with NAFLD, ultrasonography can be
used to robustly diagnose moderate or severe steatosis but is operator-
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dependent and has limited sensitivity. When steatosis is less than 20% or
when the body mass index (BMI) is > 40 kg/m?, ultrasonography cannot
reliably detect hepatic steatosis. In addition, during large-scale
screening, the implementation capability and cost of ultrasonography
significantly affect its feasibility [5]. It is therefore necessary to develop
a more convenient and accurate screening tool for NAFLD. The fatty
liver index (FLI) and hepatic steatosis index (HSI), based on biochemical
and anthropometric parameters, have been reported to be used in the
diagnosis and prediction of NAFLD [11-14]. However, optimization of
the diagnostic accuracy and the specificity of NAFLD remain to be
further studied.

A tongue inspection used in traditional Chinese medicine (TCM), a
simple and intuitive method for obtaining useful clinical information, is
regarded as a non-invasive technique for the identification of diseases
and their symptoms, determination of disease severity, and an evalua-
tion of the efficacy of different treatment methods [15-19]. However, a
TCM tongue diagnosis relies on the visual observation of Chinese phy-
sicians, including the color, texture, and shape of the tongue, and lacks
objective quantitative evidence, which limits the clinical application of
tongue diagnosis technology to a certain extent [20,21].

With the development of computer imaging technology, digital
image processing technology has been widely used in intelligent tongue
diagnosis [21,22]. Image segmentation [23,24], image correction [25],
and image analysis technologies applied to the tongue image analysis
[26,27] have provided convenient conditions for the application of an
objective tongue diagnosis. Studies have shown that a tongue diagnosis
serves as a screening tool for T2DM [28-30] and early breast cancer
[311, and plays a predictive role in metabolic syndrome [32]. However,
TCM tongue diagnosis technology applied to the diagnosis and predic-
tion of NAFLD has yet to be reported. Therefore, we assume that, based
on the current NAFLD diagnosis model, the addition of a computer
intelligent tongue image diagnosis technology can obtain a higher ac-
curacy and predictive value, and can become a convenient and
economical method for the early screening of NAFLD.

2. Material and methods
2.1. Participants

We recruited volunteers from the Physical Examination Center of
Shuguang Hospital, which is affiliated with Shanghai University of TCM,
from July 2018 to December 2018, and a total of 2115 subjects partic-
ipated in the study. The diagnostic criteria for NAFLD refer to the
“Guidelines of Prevention and Treatment for Nonalcoholic Fatty Liver
Disease: 2018 Update” [33].

The inclusion criteria of this study were as follows: between 25 and
80 years in age, fatty liver diagnosis through ultrasound, and no treat-
ment received. We excluded patients with malignant tumors, metabolic
liver disease, or autoimmune liver disease; weekly alcohol consumption
of more than 140 g for women and 210 g for men during the past 12
months; those diagnosed with NAFLD caused by a known extrahepatic
disease (i.e., hypothyroidism, Cushing’s syndrome, or polycystic ovary
syndrome) and/or drug-related factors (i.e., long-term use of glucocor-
ticoids and tamoxifen [34]); women during pregnancy or breastfeeding;
and those who failed to cooperate with the researchers. At the same
time, those who had no NAFLD diagnosis, no history of liver disease, and
normal liver function were included as the control group for analysis.

2.2. Tongue image and clinical data collection

All participants were required to avoid greasy food and fast after 10
p.m. the day before the observation. Routine biological blood samples
were tested by the Department of Laboratory Medicine, Shuguang
Hospital, using the standard protocols measured with an automatic
Beckman Coulter AU5800 biochemical analyzer (Beckman Coulter Inc.
Brea, CA, USA), including liver and renal function indexes, blood lipids,
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and blood glucose indexes. An ultrasound examination was conducted
by a sonographer with more than 10 years of work experience using a
FibroScan-520 (Echosens, Paris, France). The researchers collected basic
information (Table 1) and collected tongue images under fasting con-
ditions. The collection time was 8:00-10:00 a.m., and the research
process and collected clinical information are as shown in Fig. 1 and
Table 1.

Tongue images were collected using a TFDA-1 tongue diagnosis in-
strument, which was developed by the Chinese Medical Diagnostics
Laboratory of Shanghai University of TCM (Fig. 2A and B). The instru-
ment was composed of CCD equipment and a standard D50 light source
(main parameters = color rendering index of 97 and color temperature
of 5003 K), providing stable and standard acquisition conditions [35],
which had also been used for diabetes and other diseases [36]. The
tongue image acquisition process is as follows: @ Instruct the subjects to
stay calm, avoid mood swings or strenuous exercise, and clean their
mouth and tongue of any food residue, foreign objects, or stains. @
Sterilize the contact part between the outer ring of the “TFDA-1" desktop
tongue examination instrument and the face, and check and set the
shooting parameters of the tongue examination instrument. ® Instruct
the subjects to sit upright, look up at the lens of the tongue examination
instrument, and close their eyes tightly. After the light source of the
instrument was sufficiently stable, the subjects were instructed to stretch
out their tongue naturally and keep it relaxed during the TFDA-1 tongue
examination. After observing the tongue image in the preview window
of the instrument, the shutter was pressed to complete the image cap-
ture. If the acquisition needed to be repeated, the subjects were allowed
to rest for 3-5 min (Fig. 2C and D).

2.3. Tongue image feature extraction

The tongue images include color, shape, and texture features. We
used the TCM Tongue Image Diagnostic Analysis System (TDAS) V1.0
(software copyright registration No. 2018SR033451) to automatically
extract the tongue image features [20].

First, to control the noise of the face and background areas around
the tongue body region, all available raw tongue images were isolated
and cropped manually to select the region of interest (ROI) of the tongue
image, and then normalized to the same size (400 pixels x 400 pixels) as
the tongue region.

Second, in this research, the tongue body region was segmented
using the Mask R-CNN framework, and the Faster R~-CNN framework
[37-39] was used for the tongue shape and texture recognition. Mask
R-CNN and Faster R-CNN are current mainstream object detection

Table 1
Basic information and clinical content collected from the subjects.

Basic information Name, sex, and age

Physical Height, weight, waist circumference (WC), hip circumference,
examinations systolic blood pressure (SBP), diastolic blood pressure (DBP),
body mass index (BMI), ratio of waist circumference to hip
circumference (WHR), ratio of waist circumference to height
(WHtR)
Serological Related indexes of liver function: alanine aminotransferase
indexes (ALT), aspartate aminotransferase (AST), gamma glutamyl

aminotransferase (GGT), alkaline phosphatase (ALP)

Blood lipid related indexes: total cholesterol (TC), triglyceride
(TG), low-density lipoprotein cholesterol (LDL-C), and high-
density lipoprotein cholesterol (HDL-C)

Blood glucose related indexes: fasting blood glucose (FPG) and
glycosylated hemoglobin (HbA;¢)

Related indexes of renal function: serum uric acid (UA), urea
nitrogen (BUN), and creatinine (SCr)

Acute or chronic diseases other than NAFLD and the drugs
used.

Daily alcohol consumption, drinking duration, and calculation
of daily alcohol intake.

Diseases and drugs

Drinking

Note: BMI is the weight divided by the square of the height.
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Those who underwent a physical examination between
July 2018 and December 2018
(2115 cases in total)
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Fig. 1. Entire research processes.

neural networks. Based on the Faster-RCNN framework, the Mask-RCNN
framework replaces ROI pooling with ROI align and realizes the precise
location of the bounding box through a bilinear interpolation method
with a mask predictor based on a box regression. In this study, CNN
models were trained using the PyTorch (version 1.3.1) and Python
(version 3.6) frameworks on the Ubuntu system (version 16.04). Models
were developed on DEVTOP AIX4750 hardware produced by OMNISKY
with an NVIDIA GTX 1080Ti GPU, i7-6850 K CPU, 64 GB of DDR4 RAM,
and 512 GB SDD [40].

For automatic tongue body segmentation using Mask R-CNN, we
annotated 1100 raw tongue images, among which 1000 tongue images
were used to train the Mask R-CNN model, and 100 tongue images were
used to test the model. The mean of the average precision (mAP) and
mean of intersection over union (mlIoU) across the tongue images in the
test set were used to evaluate the mask R—-CNN model. Our model ach-
ieved an mAP of 99.85% and an mIoU of 95.04% in the test set. The
accuracy of the Mask R-CNN model training was close to 100%. The
specific segmentation effect on the test set of 100 tongue images is
shown in Fig. 3. The inference time of the training model for tongue
image segmentation in this study was 0.443-0.599 s, the mloU was
95.06%, and mPA was 99.85%. This shows that the automatic recog-
nition and segmentation model of the tongue image region established
by Mask R-CNN achieved a pixel-level accuracy.

The texture and shape features of the tongue images used in this
study included a fissured tongue, tooth marked tongue, stasis tongue,
spotted tongue, greasy coating, peeled coating, and rotten coating. The

faster R-CNN model was used to identify the shape and texture of the
tongue. The tongue image dataset constructed by experts consisted of
1962 fissured tongue images, 1732 tooth marked tongue images, 1383
stasis tongue images, 932 spotted tongue images, 1949 greasy coating
images, 598 peeled coating images, and 120 rotten coating images. In
each tongue image, regions of interest were marked manually using
Labellmg software according to the annotations of the experts. The
tongue images in the dataset were partitioned into three sets, including
the training, validation, and testing sets, i.e., 80% for training, 10% for
validation, and 10% for testing. The overall accuracy of the model was
over 90%, and the faster R-CNN model was able to complete the target
detection of multi-labeled tongue shapes and texture features (Fig. 4),
demonstrating their specific parts with an excellent visualization effect.
The transfer learning strategy of deep learning was used to reload the
pre-trained parameters obtained by training the model on a large dataset
into a network structure, and thus we can train the R-CNN model more
effectively and quickly and avoid an overfitting. The parameters were
initialized using weights pretrained on the ImageNet dataset. The initial
parameter settings were 40,000 iterations, a learning rate of 0.001, a
stochastic gradient descent optimization, a momentum of 0.9, a weight
decay of 0.0001, and a batch size of 128. The multi-task loss function of
Mask R-CNN combines the losses of classification, localization, and a
segmentation mask, where the losses of the classification and the
bounding box regression are the same as those in Faster R-CNN. We then
fine-tuned the parameters based on our tongue dataset and finally
realized a qualitative analysis of the tongue shape and texture.
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Fig. 2. Tongue image acquisition process. A and B show the appearance of TFDA-1. C is a schematic diagram of the TFDA-1 operation. D is an image of the subject’s

tongue extension.

olAlign
>

Inpuf

1000 7

0975 r"

0950

0925

0.900

0.875

0.850

0825

0.800

0 5000 10000 15000 20000 25000 30000

Training Accuracy

— Class box
conv - conv
—
Output
C 10

08
06
04

L

00

0 5000 10000 15000 20000 25000 30000

Training Loss

Fig. 3. Framework of Mask R-CNN. A is the Mask R-CNN framework, and B and C are the changes in training accuracy and loss of Mask R-CNN, respectively.

Third, the regional segmentation of the tongue body and tongue
coating was accomplished through the split and merge algorithm and
color threshold method [29,30,35,36,41]. The tongue image color
feature index based on the L*a*b* color space is the conversion result of
the RGB color space value [42]. The tongue coating index perAll was

calculated as a ratio of the tongue coating pixels to the total tongue body
pixels. Finally, the color parameters, texture indicators, and tongue
coating index were successively extracted [41]. The main indicators are
the tongue body (TB) color feature indicators (including TB-L, TB-a, and
TB-b) and tongue coating (TC) color feature indicators (including TC-L,
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Fig. 4. Faster R-CNN training optimization process.

TC-a, and TC-b). Fig. 5 shows the process of extracting the color, shape,
and texture features of the tongue using TDAS.

2.4. Data analysis

Statistical analyses were conducted using SPSS Statistics (version
25.0; IBM Co., Armonk, NY, USA). Continuous variables are presented as
the median (interquartile range) and categorical variables as numbers
(percentages). The Kolmogorov—Smirnov test was used to determine the
data normality. Differences between the two groups were evaluated

Tongue body

Mask R-CNN

Tongue image

Tongue coating

Division-merging Method

Chrominance-threshold method

through a Mann-Whitney U test in the case of a skewed distribution, and
a Kruskal-Wallis test was used for continuous variables with multiple
groups of skewed distributions. A Pearson’s chi-square test or Fisher’s
exact test was used for the categorical variables. At the same time,
Pearson or Spearman methods were used for the correlation analysis. In
addition, we selected Cohen’s d to evaluate the effect size, and conducted
Cohen’s d calculations on a website (https://www.psychometrica.
de/effect size.html). According to the suggestions for interpreting the
magnitude of the effect sizes, when the Cohen’s d value is less than 0.2,
there is no effect; when the Cohen’s d value is larger or equal to 0.2 and
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Fig. 5. Automatic tongue image analysis system framework of TDAS.
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less than 0.5, the effect is small; when the Cohen’s d value is larger or
equal to 0.5, there is an intermediate effect; and when the Cohen'’s
d value is larger or equal to 0.8, the effect is large [43].

Logistic regression, a method used to analyze the relationship be-
tween binary or classification results and multiple influencing factors,
has been widely applied in multivariate modeling and quantitative
studies of TCM syndromes [44,45]. In this study, we used a binary lo-
gistic regression to construct the model. The dependent variable was
defined as NAFLD. Age and sex were taken as the first level of the
dependent variable, and other indicators were taken as the input of the
dependent variable as the second level. The forward stepwise (likelihood
ratio) method was used, in which the confidence interval for exp (B) was
95%, and the Probability for Stepwise was set as follows: an entry of
0.05, classification cutoff of 0.5, maximum number of iterations of 20,
and a constant included in the model.

The receiver operating characteristic (ROC) curves of different
models were drawn through a logistic regression, the area under the
ROC curve (AUROC) was calculated to evaluate the diagnostic perfor-
mance of the models, and MedCalc (v19.5.6) was employed to compare
the AUROC and confirm the best NAFLD prediction model. The cutoff
values of the best NAFLD diagnostic model were calculated according to
the maximum principle of the Youden Index [46], and the statistical
significance was set at P < 0.05.

The evaluation indexes of the model used in this study included the
accuracy, sensitivity/recall, specificity, precision, positive likelihood
ratio (LR), negative likelihood ratio (NLR), and F1-score, which can be
calculated as true positive (TP), true negative (TN), false positive (FP),
and false negative (FN), respectively. The specific formula is referred to
in the relevant literature [47], (Egs. (1)- (7)). Meanwhile, according to
the NAFLD diagnosis model reported in the literature, the FLI and HSI
scores [11,12] were calculated.

Because a logistic regression is a linear regression model, we added a
non-linear model method to further analyze the data in this study. We
compared with common nonlinear models, including Adaptive Boosting
Algorithm (AdaBoost), Gradient Boosting Decision Tree (GBDT), Naive
Bayes, Neural Network, Random Forest, and SVM. We introduced the
indicators in the best NAFLD diagnostic model obtained through the
logistic regression method in this study into these nonlinear models for
calculation. Based on the above evaluation indexes of the model, we
compared the results of different modeling methods to determine the
best modeling method for the research data.

3. Results
3.1. Differences between NAFLD patients and non-NAFLD participants

A total of 2115 participants participated in this study. Among them,
250 cases were excluded owing to an incomplete collection of clinical
data, and 87 cases whose tongue image quality was unqualified
(incomplete or missing tongue images) were eliminated. Finally, 1778
cases (831 and 947 cases in the NAFLD and non-NAFLD groups,
respectively) were included in this study (Fig. 1). The results showed no
statistical difference based on sex or age between the two groups. In the
basic physiological indexes, the BMI and WHR of the NAFLD group were
higher than those of the control group. Among the blood test indexes,
ALT, AST, GGT, SBP, DBP, FPG, TC, TG, and UA in the NAFLD group
were higher, whereas high-density lipoprotein was lower than that in
the non-NAFLD group (P < 0.05). In addition, more participants in the
NAFLD group had a metabolic syndrome [33] than those in the
non-NAFLD group (37.8% versus 7.9%, P < 0.05) (Table 2). Our results
show that most of the Cohen’s d values of the indicators that are statis-
tically different between the NAFLD and control groups are above 0.5,
indicating that these differences have an intermediate effect.
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Table 2
Differences between non-NAFLD and NAFLD groups.
Non-NAFLD NAFLD (n = t/Z Cohen’s d P
(n =947) 831)
Age (years) 38 (33-46) 39 (33-47) —1.282 0.061 0.200
Sex (male/ 724/223 612/219 1.865 0.065 0.172
female)
Height (cm) 170.39 171.02 -1.634 0.077 0.102
(8.02) (8.41)
Weight (kg) 68 (61-75) 78 (71-86) —18.548 0.979 <0.001
BMI (kg/m2) 23.3 26.5 —23.344 0.306 <0.001
(21.5-25.1) (24.8-28.4)
Waist (cm) 81.93 (8.71) 90.90 (9.01) —21.316 1.013 <0.001
Hipline (cm) 96 (92-100) 100 —16.325 0.844 <0.001
(96-105)
WHR 0.86 0.90 —14.052 0.712 <0.001
(0.82-0.9) (0.87-0.94)

WHtR 0.48 0.53 —19.639 1.053 <0.001
(0.45-0.52) (0.5-0.56)

Total protein (g/ 75.78 (4.06) 76.42 (3.88) -3.114 0.161 0.002

L)

Globulin (g/L) 29.84 (3.32) 30.32 (3.5) —2.720 0.141 0.007

Albumin (g/L) 45.97 (2.63) 46.10 (2.36) —1.001 4.04 0.317

Prealbumin (g/ 282.50 298.26 —5.734 0.298 <0.001

L) (49.61) (56.46)

SBP (mmHg) 121 129 —10.133 0.495 <0.001
(111-133) (119-140)

DBP (mmHg) 76 (69-84) 82 (74-89) —10.436 0.511 <0.001

ALT (U/L) 19 (14-25) 31 (21-47) —18.795 0.995 <0.001

AST (U/L) 21 (18-24) 24 (20-30) —11.541 0.568 <0.001

GGT (U/L) 21 (16-28) 32 (23-44) —-17.187 0.892 <0.001

ALP (U/L) 71 (62-85) 77 (66-91) —5.711 0.5 <0.001

FPG (mmol/L) 4.9 (4.6-5.1) 5.0 —8.557 0.413 <0.001

(4.8-5.4)

TG (mmol/L) 1.13 1.83 —18.824 0.998 <0.001
(0.83-1.49) (1.3-2.56)

TC (mmol/L) 5.03 5.31 —6.977 0.336 <0.001
(4.48-5.61) (4.76-5.97)

LDL-C (mmol/L) 2.94 3.17 —6.377 0.306 <0.001
(2.52-3.44) (2.7-3.72)

HDL-C (mmol/L) 1.33 1.17 —12.830 0.639 <0.001
(1.15-1.56) (1.04-1.33)

UA (umol/L) 366 405 —10.158 0.5 <0.001
(312-417) (347-463)

Complicated 7.9% 37.8% 230.986 0.762 <0.001

with metabolic
syndrome (%)

3.2. Tongue image features of NAFLD patients based on computer imaging
technology

Using computer imaging technology, we compared the shape,
texture, and color characteristics of the tongue images between the
NAFLD and non-NAFLD groups, and found that the proportion of spotted
tongue in the NAFLD group was lower than that in the control group (P
< 0.05), and there were no significant differences in the other tongue
features (Table 3). The difference in color characteristic parameters of
the tongue images between the two groups was analyzed using a ma-
chine learning method. It was found that TB-b and TC-b of the NAFLD
group were lower than those of the control group, and the perAll value
was higher than that of the control group (P < 0.05); the effect size was

Table 3
Differences of tongue shape and texture characteristics between two groups.
Non-NAFLD (n = 947)  NAFLD (n =831)  x° P

Fissured 439 (46.4%) 390 (46.9%) 0.059  0.809
Tooth Marks 341 (36.0%) 331 (39.8%) 2.752 0.097
Spotted 166 (17.5%) 106 (12.8%) 7.783 0.005
Petechiae 61 (6.4%) 70 (8.4%) 2,548  0.110
Greasy Coating 275 (29.0%) 266 (32.0%) 1.845 0.174
Peeling Coating 40 (4.2%) 34 (4.1%) 0.019 0.889
Rotting Coating 17 (1.8%) 13 (1.6%) 0.142 0.706
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small, and there were no significant differences in other indicators
(Table 4).

3.3. Correlation analysis of tongue image parameters and physiological
indexes

In this study, we analyzed the correlations between serological in-
dexes, basic status of the individual, and tongue image parameters in
831 patients with NAFLD, and calculated the HSI and FLI values of all
subjects and conducted a correlation analysis using objective tongue
image parameters. The results showed that most of the physiological
indexes were related to the b* value of the tongue coating and tongue
body, in which the correlation coefficient between TB-b and sex was the
highest, at 0.286 (P < 0.01) (Table 5 and Fig. 6).

3.4. NAFLD fusion diagnosis model based on objective tongue image
parameters

The main purpose of this study was to explore and construct a
convenient and accurate NAFLD diagnosis model based on objective
tongue image indicators. To clarify the contributions of the objective
tongue image indicators in the diagnosis of NAFLD, we compared the
NAFLD diagnostic models with different indicators. Model 1 mainly
included basic physiological indices, including sex, age, waist circum-
ference, and BMI. Meanwhile, we added objective tongue image pa-
rameters, i.e., tongue texture indexes (perAll and Spotted tongue) and
L*a*b values of the tongue body and coating, to model 1 as model 2.
Previous studies verified that the HSI and FLI indexes had a high accu-
racy and specificity in NAFLD screening [14,48]. Therefore, on the basis
of model 1, the serological index related to the HSI and FLI indexes, i.e.,
TG, GGT, and ALT/AST, were included to build model 3, and the same
objective tongue image indicators as in model 2 were included in model
3 to build model 4 (Table 6).

The results showed that the objective tongue image parameters
played a role in improving the accuracy of different NAFLD diagnostic
models (Table 7). Compared with model 1, the inclusion of tongue
image parameters TB-b and TC-L in model 2 increased the accuracy of
the NAFLD diagnosis from 75.2% to 76.3%, the LR increased from 3.37
to 3.62, the NLR decreased from 0.37 to 0.35, and the classification
performance of the two models for NAFLD diagnosis was statistically
different (P < 0.05). Compared with model 3, the inclusion of tongue
image parameters, i.e., TB-L, TB-b, and TC-L, in model 4 increased the
accuracy of the NAFLD diagnosis from 80.9% to 81.7%, the LR increased
from 4.93 to 5.25, and the NLR was reduced from 0.27 to 0.26, which
improved the NAFLD diagnostic model, the difference of which was
statistically significant (P < 0.05) (Table 8 and Fig. 7).

Model 4, which combined basic indicators, biochemical indicators,
and tongue image parameters, obtained the highest LR and the lowest
NLR, and was the best diagnostic model for NAFLD in this study. The
Youden index of model 4 was 0.6319 (95% CI = 0.5894-0.6595) with a
sensitivity of 79.66% and a specificity of 83.53%; that is, when the test

Table 4
Comparison results of tongue color characteristics between two groups.
non-NAFLD (n = NAFLD (n = 831) t/Z Cohen’s P
947) d
TB-L 48.36 48.47 —0.827 0.039 0.408

(46.72-49.75)
TB-a  27.41(247)

(46.92-50.01)
27.23 (2.46) 1.550 0.073 0.121

TB-b 9.38 (8.29-10.9) 8.69 (7.45-9.9) —8.552  0.414 <0.001

TC-L 49.74 49.57 —0.465  0.022 0.642
(46.35-52.31) (46.66-52.38)

TC-a 19.02 18.97 -1.771  0.084 0.077
(17.48-20.81) (17.27-20.59)

TC-b 6.40 (5.20-7.77) 5.85 (4.44-7.11) —6.318  0.303 <0.001

perAll  0.33 (0.26-0.38) 0.35 (0.28-0.41) —5.386  0.258 <0.001
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result was greater than 0.6319 based on model 4, the tester would be
diagnosed with NAFLD.

To further clarify the diagnostic efficacy of the NAFLD diagnostic
model fused with the objective tongue image parameters determined in
this study, we compared the differences between Model 4 and the
diagnostic HSI and FLI models. The accuracies of FLI and HSI in this
study were 78.7% and 79.1%, respectively (Tables 9 and 10). The LR
and NLR of the HSI diagnostic model were 4.30 and 0.30, respectively,
whereas those of the FLI diagnostic model were 4.29 and 0.31, respec-
tively. A further comparative analysis of AUROC found that there were
no statistically significant differences in this study (Table 10). However,
the accuracy of model 4 was higher than that of the HSI and FLI models,
and there were obvious statistical differences, suggesting that the
objective tongue image parameters contributed to the diagnosis of
NAFLD by a certain degree (Table 11 and Fig. 8).

3.5. Comparison of different modeling methods in classification of NAFLD

The results showed that the Neural Network model achieved the
highest accuracy of 80.76%, sensitivity of 76.77%, and specificity of
84.27%, followed by GBDT with an accuracy of 79.47%, random forest
with an accuracy of 77.56%, Naive Bayes with an accuracy of 76.32%,
and SVM with an accuracy of 78.07%. The performance of the AdaBoost
classification was the worst, with an accuracy of 72.22%. The experi-
mental results in Table 12 indicate that the logistic regression model
outperformed six non-linear models in classifying NAFLD versus non-
NAFLD, including AdaBoost, GBDT, Naive Bayes, Neural Network,
Random Forest, and SVM.

4. Discussion

NAFLD has gradually become a serious threat to human health owing
to its increasing global incidence and wide distribution at different ages.
Although some studies have found NAFLD to be in association with the
onset of metabolic diseases such as obesity and diabetes [49], other
studies have shown that 40.8% of global fatty liver patients are
non-obese people, and even 19.2% are “skinny” [50], whereas in Asian
populations, approximately 8%-19% of NAFLD patients have a normal
BMI [51], suggesting that obesity is not the only criterion for NAFLD
screening. In this study, basic indicators such as BMI, waist circumfer-
ence, sex, and age were selected as the diagnostic elements of NAFLD for
analysis. The accuracy of the model for identifying NAFLD was found to
be 75.2% (95% CI of 0.819-0.853). Among the NAFLD population
included in this study, 27.71% had a normal BMI, which was consistent
with the results reported in the literature. The addition of objective
tongue image parameters increased the accuracy of model 1to 76.4%
(95% CI of 0.825-0.860). Although the accuracy rate was only improved
by 1.2%, there was a statistical difference between the two AUROC re-
sults, suggesting that the objective tongue image parameters have a
certain degree of contribution to the diagnosis of NAFLD, which is
non-invasive, convenient, and fast, and will be more suitable for pre-
liminary large-scale NAFLD screening.

After the addition of the serological indicators, the accuracy of the
NAFLD diagnostic model increased from 76.4% to 81.7%, and compared
with the other models (including HSI and FLI), an LR of 5.25 was the
highest, and an NLR of 0.26 was the lowest, indicating that the model
combining basic physiological indexes, serological indicators, and
objective tongue image parameters was the best diagnostic model for
NAFLD applied in this study. Among the tongue image parameters, TB-L
represents the brightness of the tongue, and the higher the brightness L
value of the tongue is, the whiter the tongue. TB-b is the color index of
the tongue, and the lower the b value is, the bluer the tongue. TC-L
represents the brightness of the tongue coating, and the higher the
brightness of the tongue coating is, the whiter the tongue coating. The
logistic regression results of this study indicate that tongue image pa-
rameters TB-b and TC-L are protective factors for NAFLD, and TB-L is a
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Table 5

Correlation between tongue parameters and physiological indicators.
Indexes Sex Age BMI TG ALT/AST GGT HSI FLI
perAll 0.072° 0.076° 0.083° 0.057 0.010 0.066 0.050 0.100"
TB-L —0.184" —0.059 —0.041 —0.058 -0.125" -0.159" —0.042 —0.098"
TB-a 0.097" —0.166" 0.010 0.031 0.115" 0.044 —0.031 0.046
TB-b —0.286" 0.108" —-0.182" —0.178" —0.202" —0.203" —0.093" —0.282"
TC-L —0.120" 0.048 —0.003 —0.001 -0.071% ~0.050 0.044 —0.019
TC-a 0.066 -0.128" 0.016 —0.018 0.099" 0.043 0.035 0.026
TC-b -0.182" 0.178" —0.136" —0.136" —0.166" -0.106" —0.062 —-0.197"
Spotted —0.074" -0.134" —0.035 —0.009 0.041 0.002 —0.030 —0.047

# When the confidence level (double tails) is 0.05, the correlation is significant.
> When the confidence level (double tails) is 0.01, the correlation is significant.
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Fig. 6. Correlation between tongue image parameters and physiological indexes.

risk factor. Meanwhile, the TB-b value in the NAFLD group was signif-
icantly lower than that in the non-NAFLD group, suggesting that the
objective tongue image parameter TB-b can be used as one of the
markers for the diagnosis of NAFLD.

However, as an objective and external manifestation of the state of
the human body, the tongue image can reflect the changes in the
physiological and pathological state of the human body to a certain
extent, but it cannot be used as the main basis for the clinical diagnosis
of NAFLD. The results of this study showed that tongue image param-
eters based on computer imaging technology can improve the accuracy
of an NAFLD diagnosis. This is a non-invasive and convenient diagnostic
method. Although the accuracy is only improved by a few percentage
points when compared with the other models, such improvements will
be extremely beneficial in the screening of large samples. Meanwhile,
the subjects included in this study were mainly young people, and the
ultrasound examination results were mainly mild fatty liver. This is also
a possible reason for the small effect size and insignificant increase in the
accuracy of our model.

With improvements in detection and diagnostic techniques, some
non-invasive testing methods have also been widely used in clinical

practice, particularly for the diagnosis of hepatic steatosis, NASH, and
fibrosis. The AUROC of AAR [52], FIB-4 [53], BARD core [54], and other
diagnostic models based on serological examination for grade 3-4 liver
fibrosis were all >0.8. Although each model has certain limitations [55],
a certain reference value has been found in clinical applications.
Therefore, some scholars have proposed that non-invasive methods are
sufficient for the diagnosis of NAFLD [56]. The application of an
objective TCM tongue diagnosis technology to the construction of
NAFLD diagnosis models is an extremely useful exploration. We
searched the application of a computer tongue image analysis technol-
ogy in the auxiliary diagnosis of clinical diseases, and found that the
GA_XGBT model constructed using computer tongue image analysis
technology and the fusing of tongue image feature parameters achieves
an average accuracy rate of 0.81 and an average F1 score of 0.796 in the
auxiliary diagnosis of type 2 diabetes [29]. These results are similar to
the accuracy and F1 score of the best NAFLD diagnostic model found in
this study, which to a certain extent, illustrates the reliability of the
study results.

However, the clinical application and diagnostic accuracy of this
study need to be verified. In a later stage, the screening of NAFLD based
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Table 6
Construction of NAFLD diagnosis model based on logistic regression analysis.

Model Variables B SE Wald P OR 95% CI

Modell Age —0.009 0.006 2.538 0.111 0.991 0.979-1.002
Sex 1.284 0.162 62.635 <0.001 3.611 2.628-4.963
Waist 0.056 0.011 27.605 <0.001 1.058 1.036-1.08
BMI 0.421 0.034 155.761 <0.001 1.523 1.426-1.627
Constant —15.392 0.824 348.693 <0.001

Model2 Age —0.008 0.006 1.643 0.200 0.992 0.981-1.004
Sex 1.494 0.171 76.171 0.000 4.455 3.185-6.231
Waist 0.054 0.011 25.229 0.000 1.056 1.034-1.079
BMI 0.409 0.034 145.41 0.000 1.506 1.409-1.609
TB-b —0.164 0.036 20.984 0.000 0.849 0.791-0.91
TC-L —0.033 0.013 6.300 0.012 0.968 0.944-0.993
Constant —11.964 1.155 107.313 0.000

Model3 Age —0.004 0.007 0.406 0.524 0.996 0.983-1.009
Sex 2.195 0.192 130.247 <0.001 8.983 6.162-13.097
Waist 0.043 0.012 13.165 <0.001 1.044 1.020-1.069
BMI 0.327 0.037 78.098 <0.001 1.387 1.290-1.492
TG 0.532 0.089 35.342 <0.001 1.702 1.428-2.029
GGT 0.028 0.006 24.787 <0.001 1.028 1.017-1.040
ALT/AST 2.080 0.236 77.908 <0.001 8.007 5.045-12.709
Constant —16.369 0.935 306.579 <0.001

Model4 Age 0.000 0.007 0.002 0.965 1.000 0.987-1.014
Sex 2.263 0.201 126.789 <0.001 9.611 6.482-14.251
Waist 0.042 0.012 12.338 <0.001 1.043 1.019-1.068
BMI 0.323 0.037 75.237 <0.001 1.382 1.284-1.486
TG 0.532 0.091 34.498 <0.001 1.702 1.425-2.032
GGT 0.028 0.006 24.547 <0.001 1.028 1.017-1.04
ALT/AST 2.110 0.238 78.456 <0.001 8.246 5.17-13.151
TB-L 0.092 0.035 6.788 0.009 1.097 1.023-1.175
TB-b —0.105 0.040 7.056 0.008 0.900 0.833-0.973
TC-L —0.062 0.019 11.04 0.001 0.940 0.907-0.975
Constant —16.902 1.82 86.263 <0.001

Note: The dependent variable is NAFLD (0 = non-NAFLD, 1 = NAFLD), the control variables included Sex (0 = female, 1 = male), age, and independent variables
including BMI, WC, tongue image parameters, and serum index; none of the variables have a collinearity problem (VIF < 5), and use the forward likelihood ratio
method. Only the tongue image parameters that can enter the regression equation are included in table (P < 0.05).

Table 7
Differences of different NAFLD diagnostic models.
Model F1-score AUC Accuracy Sensitivity Specificity SE 95% CI
Model 1 0.7276 0.837 75.20% 70.88% 78.99% 0.0092 0.819-0.853
Model 2 0.7389 0.842 76.30% 71.84% 80.15% 0.0091 0.825-0.859
Model 3 0.7906 0.895 80.90% 77.02% 84.37% 0.0073 0.879-0.909
Model 4 0.7983 0.897 81.70% 77.62% 85.22% 0.0072 0.882-0.911
rate obtained using the neural network method was similar to the lo-
Table 8 . . : .
. . . . gistic regression results. Therefore, in future studies, we plan to develop
AUROC comparison of different NAFLD diagnostic models. . .
amore advanced deep convolutional neural network model construction
Variable AAUC  SE Z statistic P 95% CI method for NAFLD-assisted diagnosis research. In addition, the rela-
Modell:Model2 ~ 0.0059  0.0022  2.717 0.0066  0.0016-0.0101 tionship between the changes in these computer tongue image param-
Model3:Model4 0.0027 0.0013 2.103 0.0354 0.0002-0.0053

on model 4 with a cutoff value of 0.6319 and the actual accuracy based
on ultrasound and other imaging examinations can better determine the
feasibility of the model in the diagnosis and prediction of NAFLD. In a
stratified study, we will expand the sample size based on the severity of
NAFLD and demonstrate the diagnostic value of model 4. In addition,
the image acquisition equipment and analysis methods of an objective
tongue diagnosis technology have not been unified, which brings about
problems in that different research results cannot be compared, hin-
dering the application of an objective tongue diagnosis technology in
disease diagnosis and prediction. The previous experimental basis of this
study confirmed that the objective tongue image acquisition equipment,
acquisition methods, and data analysis techniques used in this study
have high credibility for the diagnosis and prediction of related diseases
[29,30,36,57] and are worthy of more in-depth research and verifica-
tion. Meanwhile, modeling methods have an important impact on the
accuracy of disease diagnosis models. Our study found that the accuracy

eters and the human disease state and mechanism of action have yet to
be reported in the literature, which will be explored in the future.

Overall, the application of computer tongue image analysis tech-
nology to the screening and diagnosis of NAFLD is useful. The rapid
development of digital image technology and mobile technology will
provide convenient conditions for the application and popularization of
intelligent computer tongue image analysis technology in disease diag-
nosis, and make it possible to be applied in the large-scale screening of
NAFLD and other diseases, and provide a basis for further mechanistic
research.

5. Conclusions

The global incidence of NAFLD is high and continues to increase, and
thus it is extremely important to find a convenient, economical, and
accurate NAFLD screening method. The development of computer im-
aging technology provides convenient conditions for the application of
an objective tongue diagnosis.
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Fig. 7. ROC diagrams of different NAFLD diagnostic models. Model 1 contains
sex, age, waist circumference, and BMI; Model 2 contains sex, age, waist
circumference, BMI, TB-b, and TC-L; Model 3 contains sex, age, waist circum-
ference, BMI, TG, GGT, and ALT/AST; Model 4 contains sex, age, waist
circumference, BMI, TG, GGT, ALT/AST, TB-b, TB-L, and TC-L.

In this study, we found the best diagnostic model suitable for large-
scale NAFLD screening by constructing different NAFLD diagnostic
models, and confirmed the application value of intelligent tongue image
parameters in the diagnosis of NAFLD, providing strong support for the
follow-up application of computer imaging technology in disease diag-
nosis and objective TCM diagnosis technology.

The NAFLD diagnosis model combined with computer tongue image
analysis technology is worthy of further exploration.
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Table 11
Comparison of FLI and HSI and model 4 on NAFLD classification performance.
Variable AAUC SE 2z statistic P 95% CI
FLI: HSI 0.0057 0.0056 1.014 0.3108 —0.0053 to 0.0166
HSI: Model4 0.0209 0.0038 5.517 <0.001 0.0135 to 0.0283
FLL: Model4 0.0152 0.0033 4.563 <0.001 0.0087 to 0.0218
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Fig. 8. Results of AUROC comparison for model 4 and FLI and HSI diag-
nostic models.

Table 12
Comparison of diagnostic efficiency of different NAFLD modeling methods.

All the authors have read and approved the manuscript in all respects Model Fl-score  AUC Accuracy  Sensitivity  Specificity
for publication. AdaBoost 0.7035 0.721  72.22% 70.52% 73.71%
GBDT 0.7762 0.885 79.47% 76.17% 82.37%
Funding Naive Bayes 0.7490 0.847 76.32% 75.57% 76.98%
Neural Network ~ 0.7886 0.896  80.76% 76.77% 84.27%
Random Forest 0.7574 0.859 77.56% 74.97% 79.83%
This study was supported by the National Key Technology R&D SVM 0.7774 0.867  78.07% 81.95% 74.66%
Program of China [grant numbers 2017YFC1703301], the National
Table 9
Construction of NAFLD diagnostic model on the basis of FLI and HSI.
Model Variables B S.E. Wald P OR 95% CI
FLI Age —0.021 0.006 11.273 0.001 0.979 0.967-0.991
Sex 1.883 0.182 107.352 <0.001 6.574 4.604-9.386
Waist 0.048 0.011 18.076 <0.001 1.05 1.026-1.073
BMI 0.355 0.036 98.788 <0.001 1.427 1.330-1.530
TG 0.640 0.089 51.964 <0.001 1.896 1.593-2.256
GGT 0.046 0.005 73.356 <0.001 1.047 1.036-1.058
Constant —15.100 0.879 294.953 <0.001
HSI Age 0.009 0.006 2.128 0.145 1.009 0.997-1.022
BMI 0.453 0.029 245.468 <0.001 1.574 1.487-1.665
ALT/AST 2.826 0.216 171.52 <0.001 16.886 11.062-25.777
Sex 1.704 0.168 103.261 <0.001 5.498 3.958-7.638
Diabetes 0.854 0.300 8.118 0.004 2.349 1.305-4.227
Constant —15.433 0.813 360.101 <0.001
Table 10
The AUROC comparison between FLI and HSIL.
Model F1-s core AUC Accuracy Sensitivity Specificity SE 95% CI
FLI 0.7655 0.882 78.70% 74.25% 82.68% 0.0077 0.866-0.897
HSI 0.7696 0.877 79.10% 75.33% 82.47% 0.0080 0.860-0.891
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Appendices.

The formulas used in the research are as follows:

Accuracy: Acc = TP+ TN
WAy A€ TINT TP + FN + FP
TP

Sensitivity /Recall: Sens / R = ————
ensitivity /Reca env/ TP+ FN

TN

Specificity: Spec = TN £ FP

Positive LR: LR =1
1 — Spec
1 — Sens

Negative LR: NLR =
egative Spec

TP

Precision: P=———
recision TP+ FP

2%P % R

F1 — Score: Fl =——
P+R

eO.953*loge (triglycerides)+0.139*BMI +0.718*loge (GGT)+0.053*waist circumference —15.745

FLI:] + e0.953*loge (triglycerides)+0.139*BMI +0.718*loge (GGT)+0.053*waist circumference —15.745

ALT
HSI=8 x Tor + BMI(+2, if DM; +2, if female)
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