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Abstract
Clonorchis sinensis (C. sinensis) is mainly prevalent in Northeast and South China, with Guangxi being the most severely 
affected region. This study aimed to evaluate the prevalence and identify the risk factors of C. sinensis infection in Longsheng 
County, a mountainous area in northern Guangxi. In 2023, a comprehensive study was conducted in Longsheng County, 
utilizing longstanding inhabitants as study participants. Questionnaires were employed to gather data on fish consumption, 
awareness of C. sinensis, and residential coordinates, while fecal examinations were utilized to identify C. sinensis infec-
tion. Important risk factors for the C. sinensis infection were identified through the development of individual infection risk 
models using automated machine learning techniques. A total of 740 fecal samples were collected, revealing an overall C. 
sinensis infection rate of 69.59%. The gradient boosting machine (GBM) was the most accurate predictor with an area under 
the precision-recall Curve (AUPRC) of 0.997. The model identified years of raw fresh fish consumption, frequency of raw 
fresh fish consumption, elevation, and water distance as the top four predictors of C. sinensis infection risk. In conclusion, 
our study has revealed a high infection rate of C. sinensis in the mountainous areas of Longsheng County, with adults, men, 
and farmers particularly susceptible to both high incidence and infection severity. We developed a high-performance predic-
tive model for individual C. sinensis infection within the county, identifying the key risk factors for local infections. These 
findings offer valuable guidance for the control and prevention of clonorchiasis.
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Introduction

Clonorchiasis, also known as infection with the Chinese 
liver fluke, is a foodborne parasitic infection transmitted 
through the consumption of raw or inadequately cooked 
freshwater fish infected with C. sinensis metacercaria (Qian 
et al. 2016; Na et al. 2020). This disease exhibits a high 
prevalence in various Asian countries and regions, includ-
ing China, South Korea, Japan, northern Vietnam, and the 
Russian Far East (Qian et al. 2024). In China, clonorchiasis 
is a common endemic parasitic disease. Large-scale surveys 
showed that the average C. sinensis infection rate increased 
from 0.37% between 1988 and 1992 to 0.58% between 2002 
and 2004. Although this may seem like a small increase, 
the number of infected individuals rose from 4.7 million to 
12.49 million during this period, indicating a growing trend 
of the disease nationwide (Lun et al. 2005). According to the 
2015 National Survey Report on the Current Status of Major 
Human Parasitic Diseases, Guangxi emerges as a primary 
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endemic region, boasting an urban C. sinensis infection rate 
of 17.48%, ranking it at the forefront nationally (Wan et al. 
2019). Moreover, the infection rate of C. sinensis in different 
areas of Guangxi varies greatly, Heng County exhibits the 
highest prevalence of C. sinensis infection at 31.70%, while 
there are rates approaching zero in non-endemic regions of 
Guangxi (Lv et al. 2021). This variation may be attributed 
to disparities in geographical conditions, demographic char-
acteristics, and sociocultural factors across different areas 
(Kim et al. 2017; Wang et al. 2023). Therefore, conducting 
a focused analysis of C. sinensis risk within a specific, local-
ized area may yield more precise and informative results.

Longsheng County, situated in the northern region of the 
Guangxi Zhuang Autonomous Region, stands as an autono-
mous haven for ethnic minorities. This culturally diverse 
region has a longstanding culinary tradition centered around 
the consumption of raw fresh fish. The Longsheng area is 
distinguished by its diverse topography, including numerous 
mountains, significant elevation variations between popu-
lation centers and villages, intricate landforms, and inter-
secting water systems. Many studies have shown that the 
prevalence of clonorchiasis has obvious regional distribu-
tion characteristics, including altitude and distance to water 
sources (Sripa et al. 2021; Liu et al. 2023). While a local 
survey of clonorchiasis in Longsheng has been conducted 
(Rong et al. 2011), it is noteworthy that prior to our study, 
there was a dearth of systematic research reports examining 
the risk factors associated with C. sinensis infection in this 
region, particularly social and geographical environmental 
factors.

Identifying risk factors for C. sinensis infection in spe-
cific regions is crucial for guiding strategies and interven-
tion programs (Vinh et al. 2017; Lee et al. 2020; Xin et al. 
2021). Machine learning (ML) is a scientific discipline that 
emphasizes efficient computational algorithms and has been 
widely used in various studies of parasitic diseases in differ-
ent countries or regions (Roessler et al. 2022; Xu et al. 2023; 
Li et al. 2024; Zheng et al. 2024). Automated machine learn-
ing (AutoML) intelligently evaluates hundreds to thousands 
of mathematical models, ultimately selecting the optimal 
one, making it particularly suitable for rapid application by 
public health professionals with limited computer science 
expertise (Zhao et al. 2024).

Based on this, our research attempted to predict the risk 
of C. sinensis infection in a small-scale region (Longsheng 
County) using machine learning, geographic information, 
and socio-demographic information. Furthermore, this study 
aims to develop an individual person prediction model for C. 
sinensis infection using automated machine learning tech-
niques. Ultimately, the goal is to predict infection preva-
lence in targeted areas, thereby facilitating the implementa-
tion, evaluation, and sustained effectiveness of intervention 
strategies.

Materials and methods

Study area

This cross-sectional study was conducted in 2023 in 
Longsheng County, Guangxi Zhuang Autonomous Region. 
Nestled in the upper reaches of the Pearl River branch 
basin, Longsheng County boasts an average altitude hov-
ering between 700 and 800 m, characterized by a rugged 
and complex natural terrain. The county has a jurisdictional 
population of approximately 140,000, of which about 64% 
are farmers. It is a culturally diverse community, comprised 
of over ten ethnic groups such as the Han, Zhuang, Dong, 
and Yao.

Research design

Based on the specific geographical features and population 
distribution of inhabited areas in the study region, it has 
been divided into three distinct altitude categories: high 
(700–1200 m), medium (400–699 m), and low (< 400 m). 
The stratified random sampling technique has been employed 
to select a total of 10 villages across the three designated 
strata. According to the formula n =

z
�
×p(1−p)

d2
 to calculate 

the sample size (Zhan 2012), the confidence interval is 95%, 
the estimated infection rate of C. sinensis is 60% (Yang et al. 
2019), and the tolerance error is d = 0.1*P = 0.04, the cal-
culated sample size was estimated to be 576 people, but 
considering that 10% of the participants may not be able to 
provide stool, the sample size increased to 637 people after 
adjustment. Eligible study participants were required to have 
resided in the study area for at least 6 months and be at least 
3 years old (Xu et al. 2021). GPS technology was utilized 
to establish the coordinates of survey points and document 
their respective altitudes. The surveyed area was digitally 
mapped using ArcGIS10.8 (see Fig. 1). The water distance, 
expressed in meters (m), represents the Euclidean distance 
from each grid point to the nearest water source, encompass-
ing lakes, rivers, wetlands, and river beaches.

Questionnaire data

To gather comprehensive demographic data and assess 
awareness of clonorchiasis among study participants, a 
standardized questionnaire was employed. This question-
naire encompassed a range of variables, including gender, 
age, ethnic group, occupation, education level, consump-
tion of raw fresh fish, annual frequency of raw fresh fish 
consumption, duration of raw fresh fish consumption hab-
its, knowledge of clonorchiasis, and alcohol intake. Dur-
ing the administration of the questionnaire, researchers 
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diligently verified and corrected any omitted responses 
by directly engaging with participants. Consistent quality 
control measures were implemented throughout the pro-
cess to ensure the accuracy and reliability of the collected 
data.

Stool collection and laboratory tests

Each participant was supplied with a labeled plastic sample 
container for the collection of stool samples, with a mini-
mum weight requirement of 30 g. The modified Kato thick 
smear method was used to assess both the infection rate and 
extent of infection with C. sinensis (Odongo-Aginya et al. 
1995). The prepared Kato-Katz slides were allowed to air-
dry at room temperature until transparent. Once dried, the 
slides were examined under a microscope. The presence of 
eggs in the smear indicated a positive result, and the number 
of C. sinensis eggs was counted under the microscope, with 
three smears examined per sample to ensure accuracy.

Definition of infection rate and infection intensity

Utilizing the findings from the investigation into C. sinensis 
infection, a comprehensive analysis was performed using 
R Studio software (version 4.3.3). The calculation of the 
proportion of total infections involves dividing the number 
of infections by the total number of survey participants. 
The determination of the eggs per gram of feces (EPG) was 
accomplished by multiplying the number of eggs observed 
in each smear by 24 and subsequently computing the average 
of three smears. The infection intensity was categorized into 
three levels: mild infection (EPG 1–999), moderate infec-
tion (EPG 1000–9999), and severe infection (EPG > 10,000) 
(Fürst et al. 2012).

Data analysis

The data underwent double-entry and cross-validation pro-
cesses in EpiData 3.1 software (http://​www.​epida​ta.​dk). The 
statistical analysis was conducted using the R 4.3.3 software, 

Fig. 1   Geographic location of study sites in Longsheng County, Guangxi Autonomous Region, China

http://www.epidata.dk
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and the proportion of mild, moderate, and severe infections 
was determined by dividing the respective number of infec-
tions by the total number of infections. We analyzed and 
contrasted the rates of infection among various demographic 
groups, including gender, age, occupation, and education 
level, as well as the prevalence of three distinct levels of 
infection severity: mild, moderate, and severe. Age was 
divided into five categories: under 15 years, 15–29 years, 
30–44 years, 45–59 years, and above 59 years (Qian et al. 
2011). To comprehend the consumption patterns of raw 
fresh fish among the study participants, an analysis was con-
ducted to assess the duration of raw fresh fish consumption 
(0–1 year, 1–5 years, and over 5 years) and the frequency of 
consumption (0 times per year, once per year, and 2 or more 
times per year) within the overall population and various 
subgroups (Sun et al. 2020). The study utilized frequency 
and percentage to describe the count data and employed 
either the chi-square test or Fisher's exact probability method 
to assess variations between groups. A two-tailed test with 
a significance level of P < 0.05 indicated statistical signifi-
cance in the observed differences.

Model construction based on AutoML algorithms

We selected all 12 variables of this survey to generate a 
high-performance machine learning model. These vari-
ables encompass gender, age, ethnic group, occupation, 
education level, consumption of raw fresh fish, frequency 
of raw fresh fish consumption, duration of raw fresh fish 
consumption, knowledge of C. sinensis, alcohol con-
sumption, elevation, and distance to water source. We 
leveraged the open-source AutoML package for R from 
the automated machine learning platform, enabling us to 
download the software locally and analyze survey data 
without uploading it to external cloud services. H2O.ai 
AutoML incorporates a range of standard machine learn-
ing algorithms for training and cross-validation, includ-
ing GBM, deep learning (DL), generalized linear model 
(GLM), distributed randomization forest (DRF), and 
extremely randomized trees (XRT). Automated machine 
learning (AutoML) allows public health physicians with-
out coding experience to build their own machine learning 
models (Milad et al. 2024). In addition, AutoML creates 
two types of ensemble learning models: one that includes 
“all” algorithms and another that is a subset of the “best 
of the family.” Detailed information on how each model 
was built and which hyperparameters were optimized by 
AutoML can be found in the documentation provided by 
H2O.ai. Our AutoML models were trained using 80% of 
the original dataset, which was further divided into five 
folds for cross-validation. A total of 20 models were devel-
oped and ranked based on their AUPRC scores during the 
cross-validation process. The remaining 20% of the data 

was reserved as the test set. This test set was used to eval-
uate the final performance of the top-performing model 
selected from the cross-validation process. The process 
cycles through all parts, and the average performance is 
calculated to evaluate the model's generalization ability. 
The relevant code for the construction of the model can 
be found in the public GitHub repository at the following 
link: (https://​github.​com/​lixia​owen1​999/​AutoML), which 
provides detailed instructions for reproducing analysis.

Model interpretability

When the model identifies the key variables within its 
internal structure, we employ SHAP and PDP plots to 
further elucidate the functioning of the model (Lundberg 
et al. 2020). The SHAP chart presents the variables in a 
hierarchical format, with the most influential ones posi-
tioned at the top and the least influential ones resting at the 
bottom. In this research, the SHAP values, designed as the 
x-axis, meticulously depict the proportional effect of each 
variable’s value on predicting an individual's likelihood of 
contracting C. sinensis infection. A SHAP value exceeding 
zero on the x-axis indicates a positive correlation with a 
higher infection rate, whereas a value below zero suggests 
a negative correlation with a lower infection rate. Within 
the SHAP diagram, everyone is represented by a point 
along the horizontal axis, where each point corresponds 
to a specific variable. The color of each point signifies the 
standardized variable values of the patient, adhering to a 
color-coded distribution, where red denotes high values 
and blue represents low values.

Additionally, a partial dependence plot (PDP) offers a 
visual portrayal of the marginal impact of a specific variable 
on a predicted outcome, such as the infection rate. The mean 
response value quantifies the variable's influence. In the pre-
sent investigation, the infection rate exhibited a response 
value of 1, indicating a 100% probability of infection. PDP 
plots offer insights into whether the relationship between 
targets and features is linear, monotonic, or intricate.

Optimizing model with select variables

Afterward, we extracted the four most influential variables 
based on their significant contributions to the model's per-
formance and retrained the AutoML model using only these 
variables. This retained model was then evaluated for its 
performance. We also constructed a model that depended 
on factors such as altitude, water distance, occupation, eth-
nicity, alcohol consumption, age, education, gender, and 
knowledge of C. sinensis when the variables related to raw 
fish consumption were set to zero.

https://github.com/lixiaowen1999/AutoML
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Results

Fundamental attributes of study participants

A total of 740 individuals participated in the study, with 
515 confirmed cases of C. sinensis infection, translating to 
an infection rate of 69.59%. Among the infected individu-
als, 25 (4.85%) were also found to have nematode infec-
tion. The infected individuals spanned a broad age range, 
from 15 to 88 years, with a mean age of 54 years and a 
median age of 56 years (interquartile range: 34–65 years). 
Notably, all infected individuals were adults, those 
aged ≤ 29 years exhibited a significantly lower infection 
rate compared with older age groups (30.91% vs 70.70%) 
(χ2 = 40.07, P < 0.05). In terms of occupation and educa-
tion, 495(96.12%) of the infected individuals were farm-
ers, and 479 (93.01%) had an education level of junior 
high school or below. Gender-wise, the prevalence of 
infection was significantly higher among men (75.00%) 
compared to women (64.10%) (χ2 = 9.40, P < 0.05). Addi-
tionally, there was a notable difference between non-farm-
ers (27.40%) and farmers (74.21%) in terms of infection 
rates (χ2 = 65.96, P < 0.05). There were differences in the 
infection of C. sinensis between individuals living at dif-
ferent altitudes, with the rate of 83.69% at lower altitudes 
being much higher than 39.81% at middle and high alti-
tudes (χ2 = 226.98, P < 0.05). There were also differences 
in the infection rate of C. sinensis among different ethnic 
groups (χ2 = 45.72, P < 0.05). There was no significant dif-
ference in the infection of C. sinensis between individuals 
who were aware of clonorchiasis and those who were not, 
with rates of 75.98% and 60.59%, respectively (Table 1).

Infection intensity exhibits variations in distribution 
across different population groups

The study revealed that the geometric mean of eggs per 
gram (EPG) in 515 cases of C. sinensis infection stood at 
666. Among these cases, the proportions of mild, mod-
erate, and severe infections were 55.25%, 36.58%, and 
8.17%, respectively. Specifically, the proportion of mod-
erate and severe infections was higher in males, account-
ing for 51% of cases, compared to 36.78% in females 
(χ2 = 10.89, P < 0.05). The farmers exhibited a signifi-
cantly higher prevalence of moderate to severe infections, 
with a rate of 46.06%, compared to 10.00% among non-
farmers (χ2 = 8.71, P < 0.05). Furthermore, the prevalence 
of moderate and severe infections increased with age. Spe-
cifically, the rate rose from 29.41% in individuals aged 
15 to 29 to 45.18% in those aged 30 and older. Mean-
while, there were differences in the infection intensity of 

C. sinensis among groups living at different altitudes. The 
intensity of moderate to severe infection in low-altitude 
areas is 50.35% higher than that in mid- and high-altitude 
areas, 15.48% (χ2 = 34.59, P < 0.05) (Table 1).

Raw fresh fish consumption patterns linked 
to higher C. sinensis infection rates: demographic 
and behavioral outcomes

Of the 515 infected individuals, 477 (92.62%) reported hav-
ing consumed raw fresh fish. Notably, no statistically signifi-
cant difference was observed in the consumption rate of raw 
fresh fish between males and females. Furthermore, among 
those who reported consuming raw fresh fish, 470 individu-
als (98.53%) had been doing so for more than five years. 
Additionally, 405 individuals (84.91%) reported consuming 
raw fresh fish at least twice a year (Table 2).

Among the 477 individuals surveyed who consumed 
raw fresh fish, a significantly higher proportion of those 
aged > 30  years reported consuming raw fresh fish at 
least twice a year compared to those aged 15–30 (86.15% 
vs 46.67%, χ2 = 17.67, P < 0.05). Similarly, individu-
als aged > 30 years were more likely to report consuming 
raw fresh fish for ≥ 5 years compared to those aged 15–30 
(99.13% vs 80.00%, χ2 = 36.79, P < 0.05). Farmers exhib-
ited significantly higher rates of consuming raw fresh fish at 
least twice a year (87.09% vs 35.00%, χ2 = 40.57, P < 0.05) 
and for ≥ 5 years (99.34% vs 80.00%, χ2 = 49.58, P < 0.05) 
compared to non-farmers. Individuals with a college degree 
or higher were more likely to consume raw fresh fish at least 
twice a year (85.71% vs 60.00%, χ2 = 7.50, P < 0.05) and 
for ≥ 5 years (99.35% vs 73.33%, χ2 = 68.01, P < 0.05) com-
pared to those with other educational backgrounds (Table 2).

Model rankings: GBM leads with optimal 
performance

To select the optimal machine learning algorithm model, 
Table 3 not only enumerates the models but also presents 
their respective rankings based on area under the curve 
(AUC) and area under the precision-recall curve (AUPRC). 
Among these models, the most effective model stands out 
as the GBM, achieving an AUC of 0.993 and an AUPRC 
of 0.997. The second highest-performing model is the inte-
grated stacked model with an AUC of 0.993 and AUPRC 
of 0.997. Following this, the independently ranked models 
are DRF with an AUC of 0.992 and AUPRC of 0.996, DL 
with an AUC of 0.986 and AUPRC of 0.995, and GLM with 
an AUC of 0.986 and AUPRC of 0.995, ranked the sixth, 
twelfth, and thirteenth, respectively. The XRT model is 
ranked last with an AUC of 0.970 and an AUPRC of 0.989.
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Table 1   Demographic and infection intensity characteristics of the screened subjects in Longsheng County

*A statistically significant disparity in infection rates
#Significant difference in infection severity levels, specifically between mild and high-intensity cases (moderate and severe infections)

Variables Objects No. infection (%) Geometric mean EPG 
among infection persons

Infection intensity

Mild (%) Moderate (%) Severe (%)

Overall 740 515 (69.59) 666 284 (55.25) 188 (36.58) 42 (8.17)
Co-infection
With nematode 515 25 (4.85)
Gender
Male 364 273 (75.00)* 665 132 (48.35)# 108 (39.56) 33 (12.09)
Female 376 242 (64.10) 667 153 (63.22) 80 (33.20) 9 (3.73)
Age (years)
 < 15 10 0 (0) 0 0(0) 0 (0) 0 (0)
15–29 45 17 (37.78)* 681 12 (70.59) 5 (29.41) 0 (0)
30–44 106 71 (66.98) 671 39 (54.93) 22 (30.99) 10 (14.08)
45–59 299 212 (70.90) 653 125 (58.96) 68 (32.22) 19 (9.00)
 > 59 280 215 (76.79) 670 109 (50.70) 93 (43.26) 13 (6.05)
Ethnic group
Han 137 99 (72.26) 653 61 (61.62) 31 (31.63) 7 (7.14)
Zhuang 390 315 (80.77)* 689 157 (49.84) 29 (9.21) 29 (9.21)
Dong 129 77 (59.69) 680 47 (61.04) 24 (31.17) 6 (7.79)
Yao 84 24 (28.57) 659 20 (83.33) 4 (16.67) 0 (0)
Education
Primary school and below 332 219 (65.96) 664 129 (58.90) 78 (35.78) 12 (5.50)
Junior high school 338 260 (76.92) 671 128 (49.23) 105 (40.38) 27 (10.38)
Senior high school 33 21 (63.64) 677 15 (71.43) 3 (14.29) 3 (14.29)
College degree or above 37 15 (40.54) 671 13 (86.67) 2 (13.33) 0 (0)
Occupation
Non-farmer 73 20* (27.40) 682 18 (90.00)# 2 (10.00) 0 (0)
Farmer 667 495 (74.21) 664 267 (53.94) 186 (37.58) 42 (8.48)
Raw fresh fish consumption
No 145 38 (26.21)* 224 26 (68.42)# 11 (28.95) 1 (2.63)
Yes 595 477 (80.17) 666 259 (54.30) 177 (37.11) 41 (8.60)
Frequency of raw fresh fish consumption
Never 145 38 (26.21)* 384 26 (68.42)# 11 (28.95) 1 (2.3)
1 time/year 190 72 (37.98) 210 67 (93.06) 5 (6.94) 0 (0)
 > 1time/year 405 405 (100) 861 192 (47.41) 172 (42.47) 41 (10.12)
Years of raw fresh fish consumption
Never 145 38 (26.21)* 384 26 (68.42)# 11 (28.95) 1 (2.3)
 < 1 year 36 2 (5.56) 24 2 (100) 0 (0) 0 (0)
1–5 years 88 5 (5.68) 162 5 (100) 0 (0) 0 (0)
 > 5 years 471 470 (99.79) 715 252 (53.62) 177(37.66) 41 (8.72)
Knowledge of clonorchiasis
No 307 186 (60.59)* 666 112 (60.22) 66 (35.48) 8 (4.30)
Yes 433 329 (75.98) 664 173 (52.58) 122 (37.08) 34 (10.33)
Elevation
Low 529 431 (83.69) * 787 214 (49.65) 176 (40.84) 41 (9.51)
Medium 102 53 (10.29) 267 45 (84.91) 7 (13.21) 1 (1.89)
High 109 31 (6.02) 312 26 (83.87) # 5 (16.13) 0 (0)
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Performance evaluation of the optimal model GBM

Visual representations of the GBM model's performance 
are provided in Fig. 2a, b, depicting its receiver operat-
ing characteristic curve (ROC curve) and precision-recall 
curve, respectively. These visualizations offer a clear 
understanding of the model’s discriminative ability and 
its effectiveness in balancing precision and recall. A Pareto 
chart, illustrating the intricate relationship between the 
AUC and prediction time for each model, is presented in 
Fig. 2c. The analysis reveals that GBM exhibits the highest 
AUC, coupled with a moderate prediction time. In con-
trast, while the GLM and DL models offer faster process-
ing speed, they fall behind in terms of AUC. Consequently, 
this study opts for the GBM model, as it strikes an optimal 
balance between running time and superior AUC perfor-
mance. Lastly, the learning curve of the optimal model, 
GBM, is displayed in Fig. 2d. This curve underscores the 
model’s strong fitting capabilities, as evidenced by the 
converging trends observed in both the training and cross-
validation curves.

Raw fresh fish consumption is the principal factor 
in the prediction model

To further evaluate the main influencing factors in the 
prediction model, Fig. 3a presents a heat map that vis-
ually represents the variable importance. The years of 
consuming raw fresh fish, frequency of raw fresh fish 
consumption, elevation, and water distance emerge as the 
most critical factors, consistently ranking high in terms of 
importance. In Fig. 3b, the primary variables utilized by 
the AutoML model, specifically with the GBM algorithm, 
are highlighted. Years of raw fresh fish consumption tops 
the list, followed by the frequency of consumption, eleva-
tion, water distance, age, ethnic group, education, alco-
hol, and knowledge of clonorchiasis. Figure 3c illustrates 
how each variable contributes to the model’s prediction of 
C. sinensis infection. Variables closer to a value of 1 indi-
cate a higher probability of infection. Notably, individuals 
who have consumed raw fresh fish for over 5 years are 
predominantly clustered on the right side of the zero axis, 
indicating a strong association between prolonged raw 

Table 2   Consumption patterns of raw fresh fish among various infected individuals in Longsheng County

*A statistically significant disparity in the frequency of raw fresh fish consumption
#A significant difference in years of raw fresh fish consumption

Variables Raw fresh fish con-
sumption (%)

Frequency of raw fresh fish consump-
tion (%)

Years of raw fresh fish consumption (%)

1 time/year  > 1time/year  < 1 year 1–5 years  > 5 years

Overall(N = 515) 477 (92.62) 72 (15.09) 405 (84.91) 2 (0.42) 5 (1.05) 470 (98.53)
Gender
Female 211 (44.23) 42 (19.91) 169 (80.09) 2 (0.95) 3 (1.42) 206 (97.63)
Male 266 (55.77) 30 (11.28) 236 (88.72) 0 (0.00) 2 (0.75) 264 (99.25)
Age(years)
15–29 15 (3.14) 8 (53.33) 7 (46.67)* 2 (13.33) 1 (6.67) 12 (80.00)#

30–44 66 (13.84) 8 (12.12) 58 (87.88) 0 (0.00) 1 (1.52) 65 (98.48)
45–59 202 (42.35) 15 (7.43) 187 (92.57) 0 (0.00) 2 (0.99) 200 (99.01)
 > 59 194 (40.67) 41 (21.13) 153 (78.87) 0 (0.00) 1 (0.52) 193 (99.48)
Ethnic group
Han 92 (19.29) 13 (14.13) 79 (85.87) 1 (1.09) 3 (3.26) 88 (95.65)
Zhuang 288 (60.38) 37 (12.85) 251 (87.15) 0 (0.00) 1 (0.35) 287 (99.65)
Dong 73 (15.30) 9 (12.33) 64 (87.67) 0 (0.00) 1 (1.37) 72 (98.63)
Yao 24 (5.03) 13 (54.17) 11 (45.83) 1 (4.17) 0 (0.00) 23 (95.83)
Occupation
Non-farmer 20 (4.19) 13 (65.00) 7 (35.00) * 2 (10.00) 2 (10.00) 16 (80.00)#

Farmer 457 (95.81) 59 (12.91) 398 (87.09) 0 (0.00) 3 (0.66) 454 (99.34)
Education
Primary school and below 197 (41.30) 49 (24.87) 148 (75.13) 0 (0.00) 0 (0.00) 197 (100.00)
Junior high school 245 (51.36) 14 (5.71) 231 (94.29) 0 (0.00) 3 (1.22) 242 (98.78)
Senior high school 20 (4.19) 3 (15.00) 17 (85.00) 0 (0.00) 0 (0.00) 20 (100.00)
College degree or above 15 (3.14) 6 (40.00) 9 (60.00) * 2 (13.33) 2 (13.33) 11 (73.33)#
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fresh fish consumption and increased risk of infection. 
Conversely, those residing in higher altitudes, represented 
by blue dots, tend to cluster on the left side, suggesting 
that these individuals are less susceptible to infection. In 
Fig. 3d, a SHAP explanation for the GBM diagram is pro-
vided, further elucidating the impact of specific variable 
values on C. sinensis infection. It reveals that a duration 
of raw fresh fish consumption exceeding 5 years has the 
most significant impact on infection risk.

Multiple key variables are significantly associated 
with C. sinensis infection rate

The PDP is presented in Fig. 4, effectively demonstrating 
the correlation between various variables and the rate of 
C. sinensis infection. In particular, the variables related 
to the years and frequency of raw fresh fish consump-
tion exhibit a positive association with the infection rate. 
The altitude and distance from water sources were nega-
tively correlated with infection rates. This PDP provides 
a comprehensive visualization of how changes in these 
variables affect the predicted outcome, enabling a more 
informed interpretation of the model's predictions.

The applicability of the model in multiple scenarios

Lastly, we identified the four most significant variables: 
years of raw fresh fish consumption, frequency of raw fresh 
fish consumption, elevation, and water distance. We pro-
ceeded to retrain the AutoML model and assess its perfor-
mance. The results indicate that the GBM model maintains 
its superior performance, boasting an AUC of 0.992 and an 
AUPRC of 0.997 (Supplement Table. S1). For a deeper anal-
ysis, Supplement Fig. S1 presents the ROC curve, PR curve, 
Pareto front plot, and learning curve of the model. The best 
model constructed without the variables related to raw fish 
consumption, boasts an AUC of 0.774 and an AUPRC of 
0.852 (Supplement Table. S2), though the predicted infec-
tion risk is significantly lower compared to scenarios where 
fish consumption is a primary risk factor.

Discussion

Our study conducted a thorough analysis of cross-sectional 
survey data collected in Longsheng County, Guangxi, China, 
uncovering a staggering prevalence rate of 69.59% for C. 
sinensis in the region. This figure surpasses the previously 

Table 3   Output of the 
automated machine learning 
models that used 12 variables. 
Model ranks are ordered 
according to AUPRCsa

AUPRC area under the precision-recall curve

Rank Model ID AUPRC AUC​

1 GBM_4_AutoML_1_20240324_03632 0.997 0.993
2 GBM_3_AutoML_1_20240324_03632 0.997 0.993
3 GBM_2_AutoML_1_20240324_03632 0.997 0.993
4 StackedEnsemble_BestOfFamily_1_AutoML_1_20240324_03632 0.997 0.993
5 GBM_5_AutoML_1_20240324_03632 0.997 0.992
6 DRF_1_AutoML_1_20240324_03632 0.996 0.992
7 GBM_grid_1_AutoML_1_20240324_03632_model_1 0.996 0.991
8 GBM_grid_1_AutoML_1_20240324_03632_model_5 0.996 0.991
9 GBM_grid_1_AutoML_1_20240324_03632_model_3 0.996 0.989
10 GBM_1_AutoML_1_20240324_03632 0.996 0.989
11 GBM_grid_1_AutoML_1_20240324_03632_model_4 0.996 0.988
12 DeepLearning_grid_1_AutoML_1_20240324_03632_model_1 0.995 0.990
13 GLM_1_AutoML_1_20240324_03632 0.995 0.986
14 DeepLearning_1_AutoML_1_20240324_03632 0.994 0.985
15 GBM_grid_1_AutoML_1_20240324_03632_model_2 0.994 0.986
16 StackedEnsemble_AllModels_1_AutoML_1_20240324_03632 0.994 0.989
17 DeepLearning_grid_2_AutoML_1_20240324_03632_model_2 0.994 0.987
18 DeepLearning_grid_2_AutoML_1_20240324_03632_model_1 0.993 0.987
19 DeepLearning_grid_1_AutoML_1_20240324_03632_model_2 0.993 0.982
20 DeepLearning_grid_3_AutoML_1_20240324_03632_model_1 0.993 0.985
21 XRT_1_AutoML_1_20240324_03632 0.989 0.970
22 DeepLearning_grid_3_AutoML_1_20240324_03632_model_2 0.987 0.962
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reported infection rate of 65% for Guangxi in the 2016 
national survey (Zhu et al. 2020). According to contem-
porary parasitological infection classification, Longsheng 
County is categorized as a severely endemic area for clon-
orchiasis (Chen 2002). Particularly among individuals aged 
30 years and above, particularly those employed in farming, 
a higher prevalence of infection and a greater likelihood of 
experiencing moderate to severe symptoms were observed 
in comparison to other groups. Additionally, men demon-
strated a higher prevalence of moderate and severe infec-
tions compared to women, echoing findings from studies 
conducted in both domestic and international regions with 
a high incidence of C. sinensis (Nguyen et al. 2020). This 
trend could potentially be explained by the longer duration, 

increased frequency, and larger quantities of raw fresh fish 
consumed by adult male farmers. And this phenomenon may 
be attributed to deeply ingrained cultural practices associ-
ated with rural lifestyles, where some male participants link 
the consumption of raw meat to masculinity and strength 
(Wang et al. 2021).

Despite having some awareness of C. sinensis, their com-
munity consciousness and dietary habits lead them to con-
tinue consuming raw freshwater fish, which they consider 
an irreplaceable delicacy (Qian et al. 2020). Among the 329 
infected individuals, as many as 75.98% continue to eat raw 
fish, partly due to the widespread misconception that high 
levels of alcohol, lemon, and vinegar can effectively kill 
parasites. Additionally, due to the mildness of subjective 
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symptoms, people are unconcerned about the risk of infec-
tion and generally believe that C. sinensis disease does not 
lead to serious illness, consistent with previous research 
(Nguyen et al. 2020; Li et al. 2022). In particular, men 
tend to believe that taking praziquantel before consumption 
can prevent infection, making it difficult to stop eating raw 
freshwater fish even when they attempt to do so (Qian et al. 
2022). At the same time, some individuals (38 out of 145, 
or 26.21%) who did not consume raw fish were still infected 
with C. sinensis. This could be due to respondents not being 
entirely truthful, or it might be because of other transmission 
routes, such as water source contamination, contact with 
infected animals, and kitchen utensils used for preparing raw 
fish. This phenomenon requires further in-depth research to 
incorporate environmental monitoring (e.g., testing water 
sources for C. sinensis eggs or metacercariae) and inves-
tigate animal reservoirs to provide a more comprehensive 
understanding of transmission dynamics. Moreover, infor-
mation, education, and communication (IEC) are often 
combined with medications to improve the sustainability of 
control of C. sinensis infections (Zhang et al. 2020).

Consuming raw fresh fish is a deeply rooted custom 
observed during local festivals, with the endorsement of the 
local government as a means to promote and preserve tra-
ditional cultural practices (Qian et al. 2016). This practice 
is prevalent at social gatherings and dining establishments, 
where offering raw fresh fish to guests is often regarded as 
a mark of hospitality. It is noteworthy that adult C. sinensis 
can survive in the human body for numerous years (Tang 
et al. 2016). Consequently, adult males, who tend to engage 
more frequently in these customs, exhibit higher exposure 
levels and parasite loads, leading to increased infection and 
financial burden (Lin et al. 2024). This correlation between 
the frequency of consuming raw fresh fish and the inten-
sity of infection is consistent with findings from a study 
conducted in a community in Shunde District, Guangdong 
Province, China (Zhang 2016). In Longsheng County, the 
act of sharing and enjoying traditional raw fresh fish holds 
significance not only as a way for individuals to establish a 
sense of cultural heritage but also as a mechanism for foster-
ing social cohesion within the community. When devising 
interventions, it is imperative to carefully consider the eco-
nomic benefits derived from the practice of consuming raw 
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fresh fish, including its role in promoting local tourism and 
supporting traditional industries.

Machine learning and artificial intelligence (AI) have 
gained significant traction in the distribution of parasitic 
diseases, owing to their escalating importance. By meticu-
lously analyzing vast epidemiological, environmental, and 
socioeconomic datasets, these technologies can accurately 
pinpoint high-risk areas for parasitic diseases and anticipate 
future infection patterns (Lee et al. 2021). Our research har-
nessed the AutoML platform to develop and validate a suite 
of automated machine learning models, in which the GBM 
(Gradient Boosting Machine) was the most accurate predic-
tor with an AUPRC of 0.997. AutoML demonstrates remark-
able efficiency compared to traditional machine learning and 
statistical analysis, significantly reducing the time required 
and enhancing accuracy, thereby boosting work productiv-
ity (He et al. 2021). Furthermore, the ensemble model inte-
grates various machine learning algorithms and leverages 

multiple classifiers to forecast target outcomes through a 
voting system, thereby enhancing overall efficiency (Mienye 
and Sun 2022). AutoML plays a crucial role in streamlining 
the labor-intensive stages of the machine learning workflow, 
such as data preprocessing, model tuning, model selection, 
result analysis, and model interpretation. By automating 
these processes, AutoML significantly lowers technical bar-
riers, thereby facilitating the application of machine learning 
methodologies by public health researchers. We chose the 
AUPRC as our key metric for assessing model utility, as it 
directly addresses two crucial performance metrics: posi-
tive predictive value and sensitivity. Our objective was to 
identify patients likely to be infected, enabling us to take 
proactive measures and treat as many individuals as pos-
sible. In contrast, the area under the receiver operating 
characteristic curve (AUC) evaluates model sensitivity and 
specificity but fails to consider how infection rates affect 
performance. The infection rate provides vital context for the 
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model's effectiveness; without this information, the model 
loses its relevance.

The importance of explainability in machine learning 
models cannot be overstated, as it is essential for facili-
tating inquiry, comprehension, and confidence in AI and 
machine learning systems. The SHAP chart results indicate 
that variables like years of raw fresh fish consumption, fre-
quency of raw fresh fish consumption, elevation, and water 
distance exert a notable influence on C. sinensis infection. 
The PDP further illustrates the quantitative impact of these 
variables. In the Longsheng region, a direct correlation is 
evident between the increasing frequency and duration of 
consuming raw fresh fish and the heightened likelihood of 
contracting C. sinensis infection. Furthermore, as the eleva-
tion decreases and water distance diminishes, the risk of 
C. sinensis infection increases. This phenomenon might be 
attributed to the parasite’s preference for vast water bod-
ies and optimal temperatures prevalent in lower-altitude 
regions, conditions that favor its survival and proliferation. 
Alternatively, it is conceivable that populations residing 
at lower elevations and closer to water sources might have 
greater access to raw fresh fish and consequently consume 
higher quantities of it, thereby contributing to the observed 
trend. These findings suggest that efforts should prioritize 
villagers living at low altitudes near water source areas by 
raising awareness of prevention and control strategies and 
mitigating water pollution to reduce the infection rate of 
C. sinensis. This behavior is influenced by social factors 
and remains consistent across individuals regardless of their 
occupations, genders, or knowledge levels about C. sinensis. 
Similarly, patterns are observed in other geographic areas as 
well (Saenna et al. 2017). Convincing people to abandon this 
culturally entrenched practice poses a significant challenge.

Indeed, consumption of raw freshwater fish remains the 
primary risk factor for C. sinensis infection. However, our 
inclusion of additional factors—such as water proximity, 
elevation, and education level—aims to provide a more 
comprehensive analysis of potential risk contributors in the 
geographically diverse Longsheng County. Geographical 
features, including elevation and water accessibility, may 
indirectly influence infection risk through variations in fish 
availability, transportation, or dietary practices. Moreover, 
lower education levels in remote mountainous areas could 
limit awareness of safe fish consumption, further exacerbat-
ing infection rates. To demonstrate the importance of sec-
ondary factors, the variables related to raw fish consumption 
are set to zero; the model relies on factors like elevation, 
water distance, occupation, ethnic group, alcohol consump-
tion, age, education, gender, and knowledge of C. sinensis. 
The results of these simulations suggest that the best model's 
prediction (AUC = 0.774, AUPRC = 0.852) is still non-zero, 
though the predicted infection risk is significantly lower 
compared to scenarios where fish consumption is a primary 

risk factor. This analysis helps to clarify the relative impor-
tance of raw fish consumption compared to other factors in 
the context of this study.

Remarkably, a model utilizing only the four most important 
variables proved effective in predicting C. sinensis infection. 
This outcome underscores the success of our dimensionality 
reduction process, demonstrating that a model based on four 
variables can achieve high performance. This finding suggests 
that not all risk factors are crucial for calculations and making 
predictions. When initiating infection predictions, researchers 
should prioritize the utilization of questionnaires, specifically 
surveys containing these four variables. Dimensionality reduc-
tion not only reduces the number of variables to be examined 
but also minimizes the occurrence of missing values within the 
dataset. This approach further mitigates the risk of imputation 
bias, enhancing the reliability of our predictions. Additionally, 
these simplified models provide researchers with a framework 
to effectively study diverse groups and replicate our findings, 
thereby contributing to a deeper understanding of the infection 
under investigation. This model can also guide disease control 
personnel in the prevention and control of C. sinensis infec-
tion. At the same time, SHAP diagrams and PDP diagrams can 
be used to clarify changes in relevant risk factors and evalu-
ate the comparison of effects before and after prevention and 
control.

Given the high incidence of C. sinensis infection in the 
Longsheng area, especially in low-altitude and near-water 
source areas, we need to take comprehensive management 
measures. Through health education to enhance residents’ 
awareness of the source of infection, transmission, and pre-
vention methods. Strengthen the management of infected 
people, including regular health check-ups and personalized 
education. At the same time, environmental sanitation and 
water source protection should be strengthened to reduce 
fecal pollution and reduce the risk of disease transmission. 
In addition, the freshwater fish market is strictly regulated 
to ensure food safety. Through cross-sectoral cooperation 
and continuous monitoring, we will optimize prevention and 
control strategies to protect the health of residents.

This research is subject to certain limitations that must 
be taken into account. Despite the original objective of 
encompassing a broad demographic in the survey, the sub-
stantial presence of local migrant workers resulted in only 
740 individuals completing both the questionnaire and the 
sample collection. Consequently, the study’s outcomes 
may have been partially influenced by this reduced sam-
ple size. Another limitation lies in the diagnostic method 
used; the Kato-Katz technique exhibits limited sensitivity 
in low-intensity infections (Hong et al. 2003), which may 
have resulted in underestimating the true prevalence of C. 
sinensis. To address this, we suggest that future research 
should combine alternative or complementary diagnostic 
techniques, such as circulating antigen detection methods, 
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or molecular techniques such as PCR (Huang et al. 2023), 
which may offer higher sensitivity for detecting low-inten-
sity infections.

Conclusion

Longsheng County exhibits a notably high overall infection 
rate and intensity of C. sinensis. High rates and intensities 
of C. sinensis infection predominantly affect adults, men, 
and farmers. Furthermore, we have employed AutoML to 
create a high-performance prediction model for individual 
C. sinensis infection in Longsheng County. Important varia-
bles identified as influencing the risk of C. sinensis infection 
are years of raw fresh fish consumption, frequency of raw 
fresh fish consumption, elevation, and water distance, which 
offer crucial information for developing targeted prevention 
strategies aimed at reducing the risk of infection in this 
population. We recommend that, in developing intervention 
measures related to fish consumption in the Longsheng com-
munity, efforts should focus on finding a balance between 
preserving traditional practices and minimizing health risks.
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