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ABSTRACT

Objective: Rheumatoid arthritis (RA) is a systemic autoimmune disease that affects the small joints of the
whole body and degrades the patients’ quality of life. Zhengqing Fengtongning (ZF) is a traditional
Chinese medicine preparation used to treat RA. ZF may cause liver injury. In this study, we aimed to
develop a prediction model for abnormal liver function caused by ZF.
Methods: This retrospective study collected data from multiple centers from January 2018 to April 2023.
Abnormal liver function was set as the target variable according to the alanine transaminase (ALT) level.
Features were screened through univariate analysis and sequential forward selection for modeling. Ten
machine learning and deep learning models were compared to find the model that most effectively pre-
dicted liver function from the available data.
Results: This study included 1,913 eligible patients. The LightGBM model exhibited the best performance
(accuracy = 0.96) out of the 10 learning models. The predictive metrics of the LightGBM model were as
follows: precision = 0.99, recall rate = 0.97, F1_score = 0.98, area under the curve (AUC) = 0.98, sensitiv-
ity = 0.97 and specificity = 0.85 for predicting ALT < 40 U/L; precision = 0.60, recall rate = 0.83,
F1_score = 0.70, AUC = 0.98, sensitivity = 0.83 and specificity = 0.97 for predicting 40 < ALT < 80 U/L;
and precision = 0.83, recall rate = 0.63, F1_score = 0.71, AUC = 0.97, sensitivity = 0.63 and specificity = 1.00
for predicting ALT > 80 U/L. ZF-induced abnormal liver function was found to be associated with high
total cholesterol and triglyceride levels, the combination of TNF-o inhibitors, JAK inhibitors,
methotrexate + nonsteroidal anti-inflammatory drugs, leflunomide, smoking, older age, and females in
middle-age (45-65 years old).
Conclusion: This study developed a model for predicting ZF-induced abnormal liver function, which may
help improve the safety of integrated administration of ZF and Western medicine.
Please cite this article as: Yu Z, Kou F, Gao Y, Lyu CM, Gao F, Wei H. A machine learning model for pre-
dicting abnormal liver function induced by a Chinese herbal medicine preparation (Zhengqing
Fengtongning) in patients with rheumatoid arthritis based on real-world study. J Integr Med. 2025; 23
(1): 25-35.
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1. Introduction

Rheumatoid arthritis (RA) is a systemic autoimmune disease
that often affects small joints throughout the body, leading to joint
pain, tenderness, swelling and morning stiffness, and other symp-
toms [1,2]. The incidence of RA, which is one of the most common
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inflammatory arthritis types, is estimated to be approximately 0.4%
in China [3]. Zhengqing Fengtongning (ZF) is a modern traditional
Chinese medicine preparation refined from the alkaloids extracted
from the Chinese herbal medicine Qingfengteng (Sinomenium acu-
tum [Thunb.] Rehd. et Wils. var. cinereum Rehd. et Wils) [4]. Sino-
menine is the main active ingredient of ZF and is commonly used
to treat RA and other rheumatic diseases in China in combination
with Western medicine, such as methotrexate (MTX), iguratimod
(IGU) and leflunomide (LEF) [5]. RA is a chronic disease that
patients generally require long-term treatment, which may induce
some adverse drug reactions (ADRs).

The common ADRs caused by sinomenine include bloating,
diarrhea, low white blood cell count, and whole body or local rash
[6,7]. Abnormal liver function is a rare but potentially severe ADR
that can lead to life-threatening consequences. Currently, few
studies have explored the prediction of abnormal liver function
in patients using ZF. Adverse reactions to a drug can be affected
by many factors, such as gender, age and drug combination, and
the severity of ADRs may vary in different patients [8]. Therefore,
it is necessary to predict abnormal liver function in patients at
individualized levels.

Incurrent medical research, real-world evidence (RWE) from clin-
ical practice is an important data source [9]. RWE can be collected
from electronic medical records, laboratory data, and follow-up
records during and/or after diagnosis and treatment. Compared with
clinicaltrials, studies based onRWE are morerelevant toclinical prac-
ticeand canbeapplied inindividualized programs withrichevidence
and good external validity [ 10,11]. Machine learning and deep learn-
ing algorithms, such as extreme gradient boosting (XGBoost), cate-
gorical boosting (CatBoost), light gradient boosting machine
(LightGBM), gradient boosting decision tree (GBDT), and TabNet
[12-16],canbeused tointerpret sophisticated and multidimensional
data from RWE. These algorithms are adept at data mining, feature
extraction, and model development. By processing large amounts of
data, data-driven estimates can be evaluated from multiple variables,
and nonlinearvariablerelationships can be identified, enabling high-
precision prediction of clinical outcomes [17,18]. The use of machine
learning and deep learning in clinical medicine research has seen
increasing interest in recent years. For instance, a GBDT model was
showntohave higher precisionthanglobal trigger tools for predicting
adversedrugeventsin 1,746 pediatric patients(44%vs 13.3%)[19]; an
ensemble model using five machine learning algorithms achieved
greater R? in predicting vancomycin concentration, compared with
the population pharmacokinetic model (0.6 vs 0.3) [20]; and a
XGBoost model was able to construct a personalized medicine model
of Shengmaiinjection [21]. With the larger sample size of input data,
machine learning and deep learning models can be continually opti-
mizedtoachievebetter performanceand practicality. Webelieve that
takingmachinelearningand deeplearning-based models fromdevel-
opment to real-world application is worth further research.

This study aimed to develop a real-world database of RA from
multiple centers to explore the important factors that are linked
to abnormal liver function following administration of ZF and to
construct a predictive model for abnormal liver function caused
by ZF. For patients at high risk of abnormal liver function, the inci-
dence of severe outcomes could be reduced by timely and effective
adjustment of the medication regimen.

2. Methods
2.1. Study design and population
This was a retrospective study. We enrolled patients at multiple

Grade-A tertiary hospitals in China, including the First Affiliated
Hospital of Soochow University, Nanfang Hospital of Southern
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Medical University, and Hebei General Hospital, from January
2018 to April 2023. We also enrolled patients at the Second Affili-
ated Hospital of Naval Medical University (Shanghai Changzheng
Hospital) from June 1, 2022 to May 31, 2023 for external valida-
tion. The target variable was the alanine transaminase (ALT) level.
According to the Common Terminology Criteria for Adverse Events
(CTCAE v 4.0) scale and practical clinical experience of the physi-
cians, ALT < 40 U/L was considered to indicate normal liver func-
tion, while 40 < ALT < 80 U/L was considered to indicate
abnormal liver function, and ALT > 80 U/L was considered to indi-
cate severely abnormal liver function [22]. A total of 38 features
associated with ZF-induced abnormal liver function were chosen
based on clinical knowledge and previous literature for screening
and were subsequently used to develop a prediction model of ZF-
induced abnormal liver function.

The inclusion criteria were as follows: (1) patients diagnosed
with RA; (2) patients aged > 18 years; (3) patients receiving treat-
ment for RA; and (4) outpatients or inpatients with at least
12 weeks of follow-up records. RA treatments include: MTX, IGU,
LEF, MTX + ZF, IGU + ZF, LEF + ZF, MTX + LEF, MTX + nonsteroidal
anti-inflammatory drugs (NSAIDs), MTX + total glucosides of pae-
ony, MTX + Kunxian Capsule, MTX + Biqi Capsule, MTX + LEF +
ZF, MTX + NSAIDs + ZF, Janus kinase (JAK) inhibitor + ZF, JAK
inhibitor + MTX, JAK inhibitor + IGU, tumor necrosis factor-a
(TNF-a) inhibitor + ZF, TNF-a inhibitor + MTX, and TNF-a
inhibitor + IGU. The exclusion criteria were as follows: (1) patients
had other rheumatic diseases; (2) patients were pregnant or
breastfeeding; (3) patients did not use ZF; and (4) patients lacked
primary liver function data or other primary research data.

This study was approved by the medical ethics committees of
the First Affiliated Hospital of Soochow University (No. 2023-
268), Nanfang Hospital of Southern Medical University (No.
NFEC-2023-438) and Hebei General Hospital (No. 2023-324). The
study was conducted in accordance with the Helsinki Declaration
of 1964, study data were fully deidentified, and confidential infor-
mation was deleted from the patients in accordance with the
Council for International Organizations of Medical Sciences/World
Health Organization International Ethical Guidelines for Health-
related Research Involving Humans (2016) [23]. As this was a large
retrospective study based on electronic medical record data and
patient information was fully deidentified, informed consent
exemptions were approved by all the ethics committees.

2.2. Data collection and processing

The following data were collected from the patients’ electronic
medical records: demographic information (such as age and gen-
der), daily ZF dose, smoking status, presence or absence of cardio-
vascular disease (CVD), drug combinations, assay indices (such as
erythrocyte sedimentation rate [ESR], C-reactive protein [CRP],
rheumatoid factor [RF], triglyceride [TG], and total cholesterol
[TC]), and the disease activity score in 28 joints based on CRP level.

Variables with a missing data rate greater than 50% were elimi-
nated. The missing data rate is a measure of the proportion of miss-
ing values in a dataset. The variables with highly imbalanced
sample sizes, characterized by a ratio of positive samples to the
total number of samples less than 0.1, were deleted. The classifica-
tion variables such as gender, smoking and CVD were coded by one-
hot encoding, and gender/age groups, ZF doses, and drug combina-
tions were coded by ordinal encoding as follows (shown in Table 1).

2.3. Feature selection
First, a univariate analysis was conducted for all 38 features

associated with ZF-induced abnormal liver function. Significance
was tested by Kruskal-Wallis test or chi-square test, and those
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Table 1
Variable encoding.
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Item Coded by ordinal encoding
0 1 2 3 4 5 6
Gender Male Female
Age/gender Young male  Young female Middle-aged Middle-aged Elderly male Elderly female
group male female
ZF daily dose 60 mg 120 mg 180 mg 240 mg
Drug MTX + ZF IGU + ZF LEF + MTX + ZF LEF + ZF MTX + NSAIDs + ZF  TNF-a inhibitor + ZF  JAK inhibitor + ZF
combination
ALT level ALT<40U/L 40U/L<ALT<80U/L ALT > 80 U/L

ALT: alanine transaminase; IGU: iguratimod; JAK: Janus kinase; LEF: leoflunomide;
factor; ZF: Zhengqing Fengtongning.

with a P value < 0.05 were considered important variables to ZF-
induced abnormal liver function. The sequential forward selection
(SFS) algorithm based on XGBoost was subsequently applied for
further screening [24]. The selection process involved adding one
feature to the feature subset each time via the SFS algorithm, iter-
atively generating a new model, and calculating the model perfor-
mance. The model performance was expressed by the F1_score,
which is a comprehensive evaluation index of precision and recall
rate, where a higher F1_score indicates a more robust model. Iter-
ation stopped when the F1_score of the model built with a certain
feature subset reached the highest value. Important variables were
included in this feature subset with the minimum variable set and
optimum performance.

2.4. Model development and interpretation

As shown in Fig. 1, the train_test_split function in the scikit-
learn library was used to randomly divide the dataset into a train-
ing set and a testing set at a ratio of 4:1. To generate an unbiased
and reliable prediction model, a 6-fold cross-validation was con-

MTX: methotrexate; NSAID: nonsteroidal anti-inflammatory drug; TNF: tumor necrosis

ducted in the training set, and the model was optimized by param-
eter tuning with the F1_score as the evaluation index. With respect
to the training set, prediction models for ZF-induced abnormal
liver function were developed by 10 algorithms, and their predic-
tive performance was compared. These algorithms, which include
logistic regression, random forest, artificial neural network, sup-
port vector machine, k-nearest neighbor, CatBoost, LightGBM,
XGBoost, GBDT and TabNet, have good predictive ability as com-
mon algorithm types. The development principles of the ten
machine learning and deep learning models are shown in Supple-
mentary File 1. The predictive performance of the algorithms was
evaluated on the testing set, and the algorithm with the best per-
formance was selected to develop the final prediction model. The
parameters of the 10 models are displayed in Table S1.
Subsequently, importance scores for the selected variables were
calculated by the algorithm with the best predictive performance.
The importance of a variable refers to the degree to which each
variable in the model contributes to improving the predictive
power of the whole model. Afterward, Shapley additive explana-
tion (SHAP) was applied to interpret the impacts of important vari-

‘ Dataset ‘
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‘ Partition dataset ‘

80% 20%
' '
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Hyper-parameter optimization } {
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Prediction of abnormal
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Fig. 1. Workflow of data processing and modeling. DL: deep learning; LightGBM: light gradient boosting machine; ML: machine learning; RF: random forest.
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ables on the model output [25]. Eventually, a confusion matrix was
used to calculate the precision and recall rate and to visualize the
performance of the prediction model in the testing set.

2.5. External validation and model application

A confusion matrix was used to show the predictive perfor-
mance of the external validation. Eventually, in order to facilitate
the application of the model, we established a web application that
can provide decision support for generating predictions of ZF-
induced abnormal liver function for individual patients.

2.6. Statistical analysis

In the univariate analysis, continuous variables were analyzed
using the Kruskal-Wallis test via SciPy library (version 1.7.3).
Disordered categorical variables were analyzed by the chi-square
test. All the statistical analyses were conducted using two-sided
tests, and the test statistics and corresponding P values are
reported. A P value < 0.05 was considered to indicate statistical
significance.

To evaluate the predictive performance of the models, evalua-
tion metrics, including precision, recall rate, F1_score, accuracy,
AUC, sensitivity and specificity, were calculated. The F1_score is
used to measure the merits and defects of the model, and a higher
F1_score indicates better model performance. The specific formu-
lae for the evaluation metrics are as follows:

Precision = TP/(TP + FP).

Recall rate = TP/(TP + FN).

F1_score = 2 x TP/(2 x TP + FP + FN).
Accuracy = (TP + TN)/(TP + FN + FP + TN).
Sensitivity = TP/(TP + FN).

Specificity = TN/(TN + FP).

TP: true positive, indicating the number of positive cases that were
correctly identified; TN: true negative, indicating the number of
negative cases that were correctly identified; FP: false positive,
indicating the number of negative cases identified as positive;
FN: false negative, indicating the number of positive cases identi-
fied as negative.

A confusion matrix was constructed with the Matplotlib (ver-
sion 3.8.2) package. All the machine learning and deep learning
algorithm experiments were run on Windows 10 with an Intel
Core™ i5-10400F CPU @ 2.90 GHz 12 CPUs and 512 GB of memory.
The data analysis was conducted using Python 3.9.12 and IBM SPSS
Statistics 22.

3. Results
3.1. Baseline information

The workflow of patient inclusion is displayed in Fig. 2. A total
of 65,007 patients with RA were identified. Among them, 56,701
patients were aged > 18 years. Of these, 46,138 patients had
received RA drug treatments, and 4017 of these patients had at
least 12 weeks of follow-up records. Patients with other rheumatic
diseases (34 patients), pregnant or lactating women (9 patients),
patients not using ZF (1964 patients), or patients lacking major
research data (97 patients) were excluded. Ultimately, a total of
1913 patients were included in this study. Among them, there
were 916 patients, 692 patients and 305 patients collected from
the First Affiliated Hospital of Soochow University, Southern
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Hospital of Southern Medical University and Hebei General Hospi-
tal, respectively.

According to a ratio of 4:1, 1530 patients were included in the
training set and 383 patients were included in the testing set.
The demographic and clinical characteristics of the patients in
the dataset are displayed in Table 2. There were 1371 (71.67%)
males and 542 (28.33%) females. The median age of the individuals
in the whole dataset was 58 years (interquartile range [IQR] 50-
68 years). Among the gender_age groups, middle-aged males had
the highest proportion (37.11%), and young females had the lowest
proportion (4.81%). The daily doses of ZF were divided into four
subgroups: 60 mg (n [%] = 108 [5.65%]), 120 mg (n [%] = 900
[47.05%], 180 mg (n [%] = 192 [10.04%]), and 240 mg (n [%] = 713
[37.27%]). There were 599 (31.31%) patients who smoked and
371 (19.39%) who had CVD. For treatment plans, the number (%)
treated with MTX + ZF, IGU + ZF, LEF + MTX + ZF, LEF + ZF,
MTX + NSAIDs + ZF, TNF-a inhibitor + ZF, and JAK inhibitor + ZF
was 468 (24.46%), 253 (13.23%), 263 (13.75%), 217 (11.34%), 220
(11.50%), 254 (13.28%), and 238 (12.44%), respectively.

There were 176 patients with abnormal liver function, their
demographic and clinical characteristics are displayed in
Table S2. Among them, 126 were males and 50 were females.
The median age was 68.5 years (IQR 56-75 years). Among the gen-
der_age groups, elderly males had the highest proportion (56.25%).
In the daily dose subgroups, the dose of 120 mg was most com-
monly used (51.70%). About 49% of the patients smoked and
12.50% had CVD. MTX + ZF was the most commonly used treat-
ment plan (31.25%).

3.2. Variable selection

The results of univariate analysis are shown in Table 3. A total of
22 significant variables were selected with P < 0.05, including age,
gender_age, CVD status, treatment plan, ZF daily dose, CRP, RF, ESR,
hemoglobin, prealbumin, uric acid, total protein, albumin, -
glutamyl transferase, neutrophil absolute value, mean platelet vol-
ume, mean corpuscular volume, mean corpuscular hemoglobin
concentration, mean corpuscular hemoglobin, packed cell volume,
TC and TG.

After that, the 22 variables were further screened through the
SFS method. Based on the XGBoost models developed with 1 to
22 variables, the F1_score of each XGBoost model was obtained
(Fig. 3). As the number of included variables was increased, the
F1_score of the model continued to increase and reached a maxi-
mum value when the model included 6 variables (F1_score = 0.73).
As a concise and accurate model was pursued, a minimal variable
set that can achieve good model performance was adopted. The
first 6 variables were gender_age, treatment plan, age, TG, smoking
status, and TC.

The F1_scores of the different models based on 22 and 6 vari-
ables are illustrated in Fig. 4 and Table S3. According to Fig. 4A,
in the models based on 22 variables obtained by univariate anal-
ysis, the LightGBM model shows the best result with a mean
Fl_score of 0.77 and a standard deviation (Std) of 0.07. In
Fig. 4B, for the models based on the 6 variables obtained by
SFS, the LightGBM model yields the best results, with a mean
F1_score of 0.78 and an Std of 0.07. A comparison of the models
developed with 6 variables and 22 variables revealed that the
model developed with 6 variables had a higher F1_score, which
was both concise and robust. Therefore, the 6 variables were
used for modeling in the testing set. The difference of the target
variable and important influencing variables between training set
and testing set is illustrated in Table S4. It can be seen that vari-
ables between the two datasets did not show a significant differ-
ence (P value > 0.05).
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Outpatients or inpatients diagnosed with
RA at the First Affiliated Hospital of
Soochow University, Nanfang Hospital of
Southern Medical University, and Hebei
General Hospital from January 2018 to
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April 2023
(n=65,007)

/

Patients aged over 18 years
(n=56,701)

/

(n=46,138)

Patients treated with RA treatments*

/

weeks
(n=4017)

Patients with follow-up records over 12

Excluded:

(1) Patients with other rheumaoid diseases (n= 34)
(2) Patients at pregnant or breastfeeding (n=9)

(3) Patients not using ZF (n= 1964)

(4) Patients lacking primary liver function data or
other primary research data with missing rate over
50% (n=97)

Y
Eligible patients
(n=1913)

Fig. 2. Workflow of patient enrollment. RA: rheumatoid arthritis; ZF: Zhengqing Fengtongning.

3.3. Model performance and interpretation

The predictive performance of the 10 models in the testing set is
illustrated in Table 4. Among them, the LightGBM model shows the
best performance. The model has the following predictive metrics:
precision = 0.99, recall rate = 0.97, F1_score = 0.98, AUC = 0.98, sen-
sitivity = 0.97 and specificity = 0.85 for predicting ALT < 40 U/L;
precision = 0.60, recall rate = 0.83, F1_score = 0.70, AUC = 0.98, sen-
sitivity = 0.83 and specificity = 0.97 for predicting 40 < ALT < 80 U/L;
and precision = 0.83, recall rate = 0.63, F1_score = 0.71, AUC = 0.97,
sensitivity = 0.63 and specificity = 1.00 for predicting ALT > 80 U/L.
The accuracy is 0.96 for the whole LightGBM model.

Based on the LightGBM model, the importance scores of the 6
variables used for modeling are presented in Fig. S1 and Table S5.
The importance scores of TC, TG, treatment plan, age, gender_age
and smoking status were 388, 292, 232, 202, 155 and 122, respec-
tively. The importance score indicates the degree of importance of
features in the model. A higher score means greater predictive
power of the variable on the ZF-induced abnormal liver function.
The results reveal that TC was the most predictive variable of ZF-
induced abnormal liver function, followed by TG, treatment plan,
age, gender_age and smoking status. The importance scores of
the 22 variables are displayed in Table S6.
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For the 6 important variables, each variable’s impact on the
model output was demonstrated via SHAP analysis (Figs. S2-S7).
The SHAP scatter plots indicate monotonic relationships between
variables and the occurrence of abnormal liver function. Specifi-
cally, the risk of abnormal liver function increases with increasing
TC and TG levels, and greater age. For diverse treatment plans, the
risk of abnormal liver function was most likely to increase when
TNF-a inhibitor + ZF, JAK inhibitor + ZF, MTX + NSAIDs + ZF, or
LEF + ZF was used. For the age_gender groups, the risk of abnormal
liver function was greatest in elderly patients, followed by middle-
aged females. Additionally, the risk of abnormal liver function was
greater in smoking patients than non-smoking ones.

The testing set consisted of 383 patients, among which 357 had
ALT < 40 U/L, 18 had 40 < ALT < 80 U/L, and 8 had ALT > 80 U/L
(Fig. S8). Based on the final LightGBM model, the risk of abnormal
liver function was predicted, and the precision and recall rate were
calculated. Precision is the ability of the model to correctly predict
specific outcomes, while recall rate is the ability of the model to
make correct predictions for all positive cases, that is, not to miss
positive cases. Three hundred and fifty-two (352) patients were
predicted to belong to the ALT < 40 U/L group. Of these 348 were
correctly classified, 4 patients were incorrectly classified, and 9
patients were mis-classified, resulting in a precision of 99% and a
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Table 2
Baseline information for the whole dataset.
Category Variable Median (IQR) or n [%] Miss rate
Demographic information Age (year) 58.00 (50.00-68.00) 0.00%
Gender 0.00%
Male 1371 (71.67%)
Female 542 (28.33%)
Gender_age 0.00%
Young male 202 (10.56%)
Young female 92 (4.81%)
Middle-aged male 710 (37.11%)
Middle-aged female 260 (13.59%)
Elderly male 459 (23.99%)
Elderly female 190 (9.93%)
ZF information Daily dose of ZF 0.00%
60 mg 108 (5.65%)
120 mg 900 (47.05%)
180 mg 192 (10.04%)
240 mg 713 (37.27%)
Smoking history Smoking 599 (31.31%) 0.00%
CVD history CVD 371 (19.39%) 0.00%
Medication information Treatment plan 0.00%
MTX + ZF 468 (24.46%)
IGU + ZF 253 (13.23%)
LEF + MTX + ZF 26 (13.75%)
LEF + ZF 217 (11.34%)
ZF + MTX + NSAIDs 220 (11.50%)
TNF-a inhibitor + ZF 254 (13.28%)
JAK inhibitor + ZF 238 (12.44%)
Assay index CRP (mg/L) 3.16 (0.83-8.93) 0.00%
RF (IU/mL) 100.31 (28.55-199.32) 0.00%
ESR (mm/h) 25.00 (15.61-41.34) 0.00%
GLB (g/L) 28.10 (25.60-30.60) 22.74%
HB (g/L) 127.00 (119.00-135.75) 6.85%
PA (mg/L) 244.00 (215.00-276.00) 0.63%
UA (pnmol/L) 287.55 (230.70-345.50) 36.64%
TP (g/L) 71.20 (68.10-74.00) 0.58%
ALB (g/L) 42.90 (40.80-44.90) 22.74%
v-GT (U/L) 16.40 (14.20-24.40) 0.58%
NEUT (10°/L) 3.90 (2.92-5.09) 6.95%
MONO (10°/L) 0.40 (0.31-0.51) 6.95%
BC (10°/L) 0.03 (0.02-0.04) 6.95%
EC (10°/L) 0.09 (0.06-0.16) 6.95%
MPV (fL) 10.00 (9.20-10.80) 7.27%
LF (10°/L) 1.54 (1.20-1.95) 6.95%
RDW (%) 13.20 (12.70-14.20) 6.85%
MCV (fL) 91.20 (88.10-94.40) 6.85%
MCHC (g/L) 327.00 (320.00-334.00) 6.85%
MCH (pg) 29.90 (28.70-31.30) 6.85%
HCT (L/L) 0.39 (0.36-0.41) 6.85%
RBC (10'?/L) 4.27 (3.99-4.58) 6.85%
PDW (%) 15.70 (11.70-16.30) 7.27%
PCT (%) 0.22 (0.19-0.26) 7.42%
PLT (10°/L) 222.00 (187.00-270.25) 6.85%
LDLC (mmol/L) 222 (1.71-2.71) 62.00%
TC (mmol/L) 3.14 (1.70-4.41) 0.00%
TG (mmol/L) 1.1 (0.87-1.52) 15.17%
Cr (umol/L) 60.10 (51.70-76.30) 48.41%
HDLC (mmol/L) 0.65 (0.37-0.94) 4.29%
Other examinations DAS28-CRP 4.22 (3.69-5.43) 0.00%

ALB: albumin; BC: basophil count; Cr: creatinine; CRP: C-reactive protein; CVD: cardiovascular disease; DAS28-CRP: disease activity score in 28 joints based on CRP level; EC:
eosinophil count; ESR: erythrocyte sedimentation rate; y-GT: y-glutamyl transferase; GLB: globulin; HB: hemoglobin; HCT: hematocrit; HDLC: high-density lipoprotein
cholesterol; IGU: iguratimod; IQR: interquartile range; JAK: Janus kinase; LDLC: low-density lipoprotein cholesterol; LEF: leoflunomide; LF: lymphocyte count; MCH: mean
corpuscular hemoglobin; MCHC: mean corpuscular hemoglobin concentration; MCV: mean corpuscular volume; MONO: monocyte count; MPV: mean platelet volume; MTX:
methotrexate; NEUT: neutrophil count; NSAID: nonsteroidal anti-inflammatory drug; PA: prealbumin; PCT: plateletocrit; PDW: platelet distribution width; PLT: platelet
count; RBC: red blood cell count; RDW: red blood cell distribution width; RF: rheumatoid factor; TC: total cholesterol; TG: triglyceride; TNF: tumor necrosis factor; TP: total

protein; UA: uric acid; ZF: Zhengqing Fengtongning.

recall rate of 97%. Twenty-five patients were predicted to be in the
40 < ALT < 80 U/L group. Of these, 15 were correctly classified, 10
were incorrectly classified, and 3 patients were mis-classified; the
precision and recall rate were 60% and 83%, respectively. Six
patients were correctly predicted to be in the ALT > 80 U/L group,
1 patient was incorrectly classified, and 3 patients were mis-
classified; the precision and recall rate were 83% and 63%, respec-
tively. The results of precision and recall rate indicate that the
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occurrence of abnormal liver function was predicted accurately
and the model had a good effect to meet the clinical needs.

3.4. External validation
The external validation set contained 106 patient cases. Among

them, there were 99 patients with ALT < 40 U/L, 5 patients with
40 < ALT < 80 U/L, and 2 patients with ALT > 80 U/L (Fig. S9).
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Table 3
Univariate analysis.
Variable Statistics P value Variable Statistics P value
Age 62.649 < 0.001 BC 4.599 0.100
Gender 0.240 0.886 MONO 2.140 0.343
Gender_age 145.348 < 0.001 EC 4151 0.125
Smoking 33.161 < 0.001 MPV 6.906 0.032
CVD 6.549 0.0378 LF 4.051 0.132
Treatment plan 150.466 < 0.001 RDW 4.276 0.118
Daily dose of ZF 11.305 0.079 MCV 7.558 0.023
CRP 7.008 0.030 MCHC 16.983 < 0.001
RF 7.352 0.025 MCH 16.699 < 0.001
ESR 8.657 0.013 PCV 16.895 < 0.001
DAS28-CRP 0.936 0.626 RBC 3.844 0.146
GLB 2.138 0.343 PDW 1.585 0.453
HB 19.355 < 0.001 PCT 4514 0.105
PA 8.882 0.012 PLT 3.083 0.214
UA 6.909 0.032 LDLC 2.871 0.238
TP 8.591 0.014 TC 220.098 < 0.001
ALB 10.409 0.005 TG 14.704 0.001
v-GT 74.655 < 0.001 Cr 0.464 0.793
NEUT 10.482 0.005 HDLC 0.724 0.696

ALB: albumin; BC: basophil count; Cr: creatinine; CRP: C-reactive protein; CVD: cardiovascular disease; DAS28-CRP: disease activity score in 28 joints based on CRP level; EC:
eosinophil count; ESR: erythrocyte sedimentation rate; y-GT: y-glutamyl transferase; GLB: globulin; HB: hemoglobin; HCT: hematocrit; HDLC: high-density lipoprotein
cholesterol; IGU: iguratimod; JAK: Janus kinase; LDLC: low-density lipoprotein cholesterol; LEF: leoflunomide; LF: lymphocyte count; MCH: mean corpuscular hemoglobin;
MCHC: mean corpuscular hemoglobin concentration; MCV: mean corpuscular volume; MONO: monocyte count; MPV: mean platelet volume; MTX: methotrexate; NEUT:
neutrophil count; NSAID: nonsteroidal anti-inflammatory drug; PA: prealbumin; PCT: plateletocrit; PDW: platelet distribution width; PLT: platelet count; RBC: red blood cell
count; RDW: red blood cell distribution width; RF: rheumatoid factor; TC: total cholesterol; TG: triglyceride; TNF: tumor necrosis factor; TP: total protein; UA: uric acid; ZF:

Zhengqing Fengtongning.
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© © © © o o © ©
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Fig. 3. The F1_score corresponding to the number of ranked features in sequential forward selection.

We predicted the levels of liver function using the model and cal-
culated summary statistics for the model from the confusion
matrix. One hundred and one (101) patients were predicted to
belong to the ALT < 40 U/L group. Ninety-nine were correctly
classified, 2 were incorrectly classified, and no patients were
mis-classified. The model had a precision of 98% and a recall rate
of 100% for this group. Three patients were correctly predicted to
belong to the 40 < ALT < 80 U/L group, and 2 patients were mis-
classified, resulting in a precision of 100% and a recall rate of
60%. Two patients were correctly predicted to belong to the
ALT > 80 U/L group, and no patients were mis-classified to this
group, resulting in a precision of 100% and a recall rate of 100%.
The results of precision and recall rate indicate that the occurrence
of abnormal liver function was predicted accurately and compre-
hensively in the validation dataset.

3.5. Model application

We established a web application for predicting ZF-induced
abnormal liver function based on the LightGBM model (Fig. 5).
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By using the web application, users can predict the risk of ZF-
induced abnormal liver function by entering the values of the six
important variables on the web page. After the model is applied
to the data, the result page will display the predicted liver function
value for the submitted data.

4. Discussion

RA is one of the most common immune diseases; currently, it
cannot be cured and requires lifelong treatment [26]. Anti-
rheumatic drugs are often used in clinical practice to relieve symp-
toms and improve quality of life, but their long-term use can easily
cause ADRs [27,28]. ZF was launched in China in 2000 and has been
widely used in the treatment of RA [29]. With the widespread clin-
ical use of traditional Chinese medicine, attention has been given
to the ADRs associated with ZF [30-34]. Abnormal liver function
was not mentioned in the instructions for ZF as a potential ADR,
but a review of 11 studies containing 956 participants revealed
that abnormal liver function is one of the most common ADRs
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associated with ZF [29,35]. Abnormal liver function may lead to
severe clinical outcomes, especially in long-term treatment in RA
patients. Therefore, it is necessary to predict the risk of abnormal
liver function in RA patients using ZF. It is crucial to recognize
the factors influencing the ADRs of ZF and to adopt early preven-
tion measures for safe drug use. However, at present, studies based
on RWE on the safety of ZF are lacking. This study focused on RA
patients treated with ZF and collected RWE from their clinical
records. We identified several important variables that contribute
to the risk of abnormal liver function and used a machine learning
technique to develop a predictive model.

In this study, multiple variables were shown to have remark-
able impacts on the risk of abnormal liver function. According to
the results of the SHAP analysis, the risk of abnormal liver function
increased with increasing TC and TG levels. TC and TG levels are
strongly associated with liver function [36]. The liver is the main
organ that metabolizes TC and TG. If the function of the liver is
abnormal, the synthesis and clearance of TC and TG may be
affected, resulting in an increase in blood level of TC and TG [36].
Thus, abnormal liver function may be more likely to occur in
patients with elevated TC and TG levels when using ZF treatment;
this knowledge may facilitate timely adjustments to treatment
regimen based on the prediction results, such as reducing the dose
of ZF. Furthermore, the TNF-a inhibitor + ZF, JAK inhibitor + ZF,
MTX + NSAIDs + ZF, and LEF + ZF treatment regimens increased
the risk of abnormal liver function. Because of the immunomodu-
latory and anti-inflammatory effects of ZF, it is commonly used in
combination with other drugs for treating RA in the clinic. Drug
interactions caused by the combination of drugs in treatment plans
may either change the strength or the property of the drug effect,
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thus affecting the effectiveness and safety of the drug and lead to
ADRs [37,38]. In the clinical setting, patients using TNF-o
inhibitor + ZF, JAK inhibitor + ZF, MTX + NSAIDs + ZF, and
LEF + ZF treatment regimens need to be aware of their risk of
developing abnormal liver function. Due to limited conditions,
we did not further study the underlying reasons of the effect of
drug combination on ZF-induced abnormal liver function, which
may be related to drug-drug interaction and should be deeply
explored in future study. Additionally, the risk of abnormal liver
function was most likely to increase in smoking patients. Smoking
increases the production of proinflammatory cytokines (inter-
leukin [IL-1], IL-6 and TNF-at), which cause liver cell damage and
may decrease liver function [39]. Thus, smoking patients need to
take extra precautions against abnormal liver function during ZF
treatment. Wu et al. [40] found that based on 4,064 patients, the
occurrence of ADRs associated with ZF was related to gender,
specific age group, and drug combination. The authors demon-
strated that the risk of ADRs associated with ZF was greater in
females and people aged 31 to 50 years [40]. In this study, we
investigated the relationships between gender, age and ZF-
induced abnormal liver function in diverse gender_age groups.
Notably, abnormal liver function is more likely to occur in elderly
individuals than in young individuals. Among middle-aged (45-
65 years old) patients, the risk of abnormal liver function is greater
in females than in males. This may be due to decreases in the phys-
iological activity of various systems and reduced ability to metab-
olize drugs in the elderly [41]. Moreover, the physiological status of
females is different from that of males; females are more sensitive
to drugs, have lower tolerance, and typically take a more active
role in managing their health [8]. Therefore, the model constructed
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Table 4
Model performance.

Model ALT group Precision Recall rate F1-score AUC Sensitivity Specificity Accuracy
LR 0.94
0 0.95 0.99 0.97 0.91 0.99 0.35
1 0.33 0.11 0.17 0.86 0.11 0.99
2 0.80 0.50 0.62 0.99 0.50 1.00
RF 0.95
0 0.95 1.00 0.98 0.98 1.00 0.31
1 0.57 0.22 0.32 0.97 0.22 0.99
2 1.00 0.13 0.22 0.99 0.13 1.00
ANN 0.93
0 0.95 0.99 0.97 0.95 0.99 0.31
1 0.14 0.06 0.08 0.92 0.06 0.98
2 0.75 0.38 0.50 0.99 0.38 1.00
SVM 0.94
0 0.94 1.00 0.97 0.95 1.00 0.12
1 0.00 0.00 0.00 0.92 0.00 1.00
2 0.75 0.38 0.50 0.99 0.38 1.00
KNN 0.92
0 0.96 0.97 0.97 0.90 0.97 0.42
1 0.25 0.28 0.26 0.81 0.28 0.96
2 0.00 0.00 0.00 0.87 0.00 1.00
CatBoost 0.95
0 0.98 0.97 0.98 0.98 0.97 0.69
1 0.55 0.61 0.58 0.97 0.61 0.98
2 0.86 0.75 0.80 0.99 0.75 1.00
LightGBM 0.96
0 0.99 0.97 0.98 0.98 0.97 0.85
1 0.60 0.83 0.70 0.98 0.83 0.97
2 0.83 0.63 0.71 0.97 0.63 1.00
XGBoost 0.94
0 0.95 1.00 0.97 0.98 1.00 0.23
1 0.67 0.22 033 0.97 0.22 0.99
2 0.00 0.00 0.00 0.99 0.00 1.00
GBDT 0.95
0 0.99 0.96 0.97 0.98 0.96 0.81
1 0.50 0.78 0.61 0.97 0.78 0.96
2 0.71 0.63 0.67 0.97 0.63 0.99
TabNet 0.93
0 0.96 0.99 0.97 0.94 0.99 0.38
1 0.27 0.17 0.21 0.92 0.17 0.98
2 0.75 0.38 0.50 0.92 0.38 1.00

Label “0” indicates patients with ALT < 40 UJ/L, Label “1” indicates patients with 40 < ALT < 80 UJ/L, and Label “2” indicates patients with ALT > 80 U/L. ALT: alanine
transaminase; ANN: artificial neural network; AUC: area under the curve; CatBoost: categorical boosting; GBDT: gradient boosting decision tree; KNN: k-nearest neighbor;
LightGBM: light gradient boosting machine; LR: logistic regression; RF: random forest; SVM: support vector machine; XGBoost: extreme gradient boosting.

in this study was more beneficial for elderly patients and middle-
aged female patients. The model predictions allow patients to be
aware of potential risks to their liver function when using ZF to
help manage RA.

This study compared 10 machine learning and deep learning
algorithms. After comparing the predictive metrics, LightGBM
was chosen for modeling the risk of developing abnormal liver
function. LightGBM is an improved version of the GBDT framework
that involves fast, distributed and high-performance methods
based on decision trees [13,42]. LightGBM uses three techniques,
gradient-based one-side sampling, exclusive feature bundling,
and histogram analysis, to require fewer samples, fewer features,
and less memory [13,42]. LightGBM has been optimized for parallel
computing, supporting feature parallelism and data parallelism,
and has been optimized for each parallel mode to reduce traffic
[13,42]. In clinical applications, machine learning and deep learn-
ing techniques can be applied to develop models with strong gen-
eralizability and good robustness, especially in real-world studies
[43-45]. With increasing data input, the model performance will
become more stable, which is a characteristic of machine learning
and deep learning techniques. In short, the LightGBM can build a
robust and accurate model relying on fewer samples and less traf-
fic that can be used well for prediction and analysis of large
datasets.
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To our knowledge, this is the first model for predicting ZF-
induced abnormal liver function based on multicenter RWE, which
involves grouping predictions according to different ALT levels to
provide prompt decision support for individuals. Multicenter stud-
ies involving patients from numerous hospitals can increase the
utilization of clinical resources and the ability to mine large data-
sets, resulting in better generalization of the study outcomes. The
prediction model was also externally validated in a different med-
ical center to verify the model robustness. Furthermore, we
explored the important variables influencing abnormal liver func-
tion through machine learning and deep learning techniques,
which are well-suited to high-dimensional data mining. Third,
we compared different variable sets to achieve the best predictive
performance and ultimately obtained a concise and accurate
model. Lastly, for further application, we established an easy-to-
use online prediction website for clinicians. In brief, we proposed
a model to provide accurate prediction of ZF-induced abnormal
liver function, which can be easily used in clinical practice for med-
ication guidance.

The limitations of real-world studies are evident. Since these
studies were nonexperimental, the outcomes were inevitably
influenced by various confounding factors. Due to the large amount
of real-world data from different centers, the technical levels,
equipment conditions and patient backgrounds at each research
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RA-Zhengqing Fengtongning-Abnormal liver function

Home
Please input sample data in the text form:
Age (>18) 68

Gender-Age Group elderly male v

Smoking? Yes v
C Reset ‘ B Submit

Prediction result:
This sample is identified for predicting ALT>80 U/L

Total cholesterol (mmol/L) 7.01
Triglyceride (mmol/L) 1.18
Treatment Plan MTX+ZF v

Fig. 5. The web application for predicting ZF-induced abnormal liver function. The web can be accessed through the following website: https://119.3.220.198/work/pec1.
html. ALT: alanine transaminase; MTX: methotrexate; RA: rheumatoid arthritis; ZF: Zhengging Fengtongning.

center may introduce bias and diversity, thus affecting the homo-
geneity of the clinical data. Herein, all hospitals involved in this
study adhere to the “Management Measures for the Mutual Recog-
nition of Medical Institution Examination and Inspection Results,”
ensuring rigorous quality control standards. These standards are in
line with national-level quality assessment criteria, facilitating the
mutual recognition of test results among hospitals. In addition,
some medical records data, such as uric acid, albumin, low-
density lipoprotein cholesterol and creatinine levels, were missing
at high rates, mostly due to recording omittance, which may have
affected the final outcome. Also, some variables, such as liver-
related diseases, metabolic disorders, course of treatment, use of
other drugs, and AST levels were not included. We expect to
enhance the training of medical staff in the appropriate mainte-
nance of medical records in order to include more comprehensive
data in follow-up studies. In the future, a prospective study should
be conducted to provide evidence that supports our findings.

5. Conclusion

This study prepared a new prediction model for abnormal liver
function in RA patients using ZF and provides guidance for safe
drug use. Real-world data were explored in detail. Machine learn-
ing and deep learning techniques were introduced in the process of
data mining and modeling. Among the 10 algorithms we tested,
the LightGBM exhibited superior performance in terms of predic-
tion metrics and model stability. This model may help clinicians
predict and prevent the occurrence of abnormal liver function
caused by ZF in real-time in clinical practice.
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