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Abstract 

Background Oncomelania hupensis is the sole intermediate host of Schistosoma japonicum. Its emergence and recur-
rence pose a constant challenge to the elimination of schistosomiasis in China. It is important to accurately predict 
the snail distribution for schistosomiasis prevention and control.

Methods Data describing the distribution of O. hupensis in 2016 was obtained from the Yunnan Institute of Endemic 
Disease Control and Prevention. Eight machine learning algorithms, including eXtreme Gradient Boosting (XGB), 
support vector machine (SVM), random forest (RF), generalized boosting model (GBM), neural network (NN), classifica-
tion and regression trees (CART), k-nearest neighbors (KNN), and generalized additive model (GAM), were employed 
to explore the impacts of climatic, geographical, and socioeconomic variables on the distribution of suitable areas 
for O. hupensis. Predictions of the distribution of suitable areas for O. hupensis were made for various periods (2030s, 
2050s, and 2070s) under different climate scenarios (SSP126, SSP245, SSP370, and SSP585).

Results The RF model exhibited the best performance (AUC: 0.991, sensitivity: 0.982, specificity: 0.995, kappa: 0.942) 
and the CART model performed the worst (AUC: 0.884, sensitivity: 0.922, specificity: 0.943, kappa: 0.829). Based 
on the RF model, the top six important variables were as follows: Bio15 (precipitation seasonality) (33.6%), average 
annual precipitation (25.2%), Bio2 (mean diurnal temperature range) (21.7%), Bio19 (precipitation of the coldest quar-
ter) (14.5%), population density (13.5%), and night light index (11.1%). The results demonstrated that the overall suit-
able habitats for O. hupensis were predominantly distributed in the schistosomiasis-endemic areas located in north-
western Yunnan Province under the current climate situation and were predicted to expand north- and westward due 
to climate change.

Conclusions This study showed that the prediction of the current distribution of O. hupensis corresponded well 
with the actual records. Furthermore, our study provided compelling evidence that the geographical distribution 
of snails was projected to expand toward the north and west of Yunnan Province in the coming decades, indicating 
that the distribution of snails is driven by climate factors. Our findings will be of great significance for formulating 
effective strategies for snail control.
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Background
Schistosomiasis, a neglected tropical disease, is prevalent 
worldwide, particularly in areas with poor public health, 
afflicting more than 250 million people [1]. In China, 
schistosomiasis, caused by Schistosoma japonicum, has 
mainly affected 12 provinces along the Yangtze River and 
is considered a major public health concern [2]. After 
more than 70  years of national integrative prevention, 
schistosomiasis in China is currently under control with 
a low level of prevalence [3, 4]. However, new and recur-
ring breeding sites of Oncomelania hupensis, the only 
known intermediate host of S. japonicum [5], are con-
stantly emerging, posing a serious challenge to the elimi-
nation of schistosomiasis. In 2021, a total of 1063   hm2 
of emerging snail habitats and 5113   hm2 of re-emerging 
snail habitats were reported [6]. Under the guidance of 
the Healthy China 2030 initiative and the Healthy China 
Action Plan (2019–2030) [7], China is approaching schis-
tosomiasis elimination. A means for accurate prediction 
of the distribution of O. hupensis would greatly facilitate 
its progress [8].

Ecological niche models predict which areas meet the 
ecological requirements of a species by analyzing the 
geographical distribution of the target species and linking 
it to environmental factors within the location [9]. They 
have been successfully used in predicting species distri-
bution, risk assessment of invasive alien species, conser-
vation of endangered species, and mapping the risk of 
disease transmission [10–12].

Considering that the geographical distribution of O. 
hupensis overlaps with areas where schistosomiasis is 
endemic [13], understanding the relationship between 
snail breeding sites and their corresponding environmen-
tal determinants is important for accurately determining 
the distribution of snails and is ultimately crucial to inter-
rupting the spread of schistosomiasis. Previously, studies 
have been conducted to predict the potential distribu-
tion of snails in China; however, large-scale predictions 
are no longer sufficient to meet the requirements for 
fine control of snails at this stage [14, 15]. Studies have 
shown that factors influencing species distribution may 
vary at different scales, leading to differences in distribu-
tion ranges and even producing opposite conclusions [16, 
17]. In addition, there are three types of schistosomiasis-
endemic areas in China according to the geographical 
environment and the epidemiological pattern of schis-
tosomiasis: (1) marshland and lake regions, (2) moun-
tainous and hilly regions, and (3) water network regions 
[18]. The main environmental factors that influence the 

distribution of snails vary in different schistosomiasis-
endemic areas [19]. There are also many subspecies or 
geographical strains of snails in mainland China, and 
each one may have a different ecology and may be influ-
enced by climate change differently [20]. In addition, the 
local agricultural structure is closely related to the distri-
bution of snails [21]. As the proportion of paddy fields 
increases, the probability of snail habitats also increases 
[22]. Also, irrigation canals or ditches play a significant 
role in the reproduction of snails. During irrigation, 
snails can spread through the water flow in the channels 
and survive in suitable environments [23, 24].

Yunnan was once one of the provinces with a high prev-
alence of schistosomiasis due to its unique geographical 
location [25]. The schistosomiasis in Yunnan Province 
has been effectively controlled since 2009 through the 
implementation of comprehensive strategies [26]. By the 
end of 2022, seven of the 18 endemic counties/districts/
cities in Yunnan Province had met the transmission 
interruption criteria and 11 counties/districts/cities had 
met the elimination criteria [27]. However, the complex 
natural environment in the endemic areas makes it dif-
ficult to further compress the snail’s breeding areas, and 
the cost of controlling residual snails increases consid-
erably [28]. Moreover, the use of molluscicides has been 
hampered by the restoration of wetlands in ecological 
reserves, which provides a suitable breeding environment 
for snails. It is difficult to monitor snails through conven-
tional approaches in these sites, leading to an underes-
timation of the distribution of snails and increasing the 
risk of schistosomiasis transmission [21, 25, 29].

Machine learning algorithms have been increasingly 
applied to model ecological niches [30]. Using various 
machine learning methods, our study aims to investigate 
the determinants for O. hupensis occurrence and predict 
the distribution of suitable areas for O. hupensis under 
different climate scenarios. The results of the present 
study will provide a theoretical basis for the fine control 
of O. hupensis.

Methods
Study area
Yunnan Province is a hilly/mountainous schistosomi-
asis-endemic area in southwestern China, with a sub-
tropical and tropical monsoon climate. The province is 
bordered by Myanmar to the west and Laos and Vietnam 
to the south and southeast, respectively, with the Lan-
cang, Nu, Jinsha, Lidu, Yuan, and Nanpan rivers flowing 
through the province. The mild climate, abundant water 
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resources, and dense vegetation provide favorable natural 
conditions for the survival of snails.

Distribution records for O. hupensis
Distribution records for O. hupensis, including longi-
tude and latitude, were obtained from the survey of O. 
hupensis conducted by the Yunnan Institute of Endemic 
Disease Control and Prevention in 2016. The survey uti-
lized systematic sampling methods in conjunction with 
environmental sampling techniques. Sites of O. hupen-
sis presence were found in Gucheng District, Heqing 
County, Ninglang County, Yulong County, Eryuan 

County, Dali City, Weishan County, Nanjian County, 
Midu County, and Chuxiong City (Fig. 1). To avoid spa-
tial autocorrelation, we first filtered the data by removing 
multiple records that appeared in the same grid (resolu-
tion of 1  km × 1  km) and keeping only one record [31]. 
Finally, 184 presence records were retained, and absence 
sites were generated in the study area at a ratio of 1:2 for 
constructing the model.

Environmental variables
The distribution of O. hupensis is influenced by multiple 
factors [14, 32]. In this study, climatic, geographical, and 

Fig. 1 Distribution of O. hupensis in Yunnan Province in 2016
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socioeconomic factors in Yunnan Province were obtained 
from various public datasets. Among the climate-related 
variables, average annual precipitation (AAP), average 
annual temperature (AAT), annual accumulated tem-
perature ≥ 0  °C (AAT0), annual accumulated tempera-
ture ≥ 10  °C (AAT10), aridity (AR), and moisture index 
(IM) were obtained from the Chinese Academy of Sci-
ences, Resource and Environmental Sciences and Data 
Center (http:// www. resdc. cn/). The remaining 19 biocli-
matic variables (current period) calculated on the basis 
of monthly temperature and precipitation values from 
1970 to 2000 [33], were downloaded from the WorldClim 
website (https:// www. world clim. org/), with a spatial res-
olution of 1 km × 1 km. The future bioclimatic variables 
modeled by the Beijing Climate Center-Climate System 
Model version 2-Middle Resolution (BCC-CSM2-MR), 
which is better able to simulate temperature changes in 
China [34], were also obtained from the WorldClim web-
site, with the same spatial resolution. The present study 
included four sets of emission scenarios (Shared Socio-
economic Pathways [SSPs]) classified by  CO2 emissions, 
namely low (SSP126), medium (SSP245), medium-high 
(SSP370), and high (SSP585), for three periods compris-
ing the 2030s, 2050s, and 2070s [35].

Geographical factors included slope, elevation (EL), 
normalized difference vegetation index (NDVI), and data 
on the distance to waterways (DST) that are typically 
depicted and labeled in the OpenStreetMap (OSM) using 
specific “waterway” tags, including large rivers, canals, 
lakes, and other important water bodies. Socioeconomic 
factors included human footprint (HFP), night light 
index (NLI), population density (DP), and gross domestic 
product (GDP). HFP is an indicator of human footprint 
activity, with values ranging from 0 to 50, where a value 
of zero represents “natural” areas with no human activ-
ity, and values above 20 correspond to areas with intense 
human activity [36]. These data were downloaded from 
the Chinese Academy of Sciences, Resources and Envi-
ronmental Sciences Data Center (http:// www. resdc. cn/), 
Socioeconomic Data and Applications Center (http:// 
sedac. ciesin. colum bia. edu) and the WorldPop website 
(http:// www. world pop. org). All environmental data were 
in raster format and resampled to the same spatial res-
olution (1  km × 1  km) and then cropped to the Yunnan 
Province region using ArcGIS 10.4.

To avoid multicollinearity of the environmental vari-
ables, correlation analysis was conducted in R 4.2.1, 
and variables with absolute values of correlation coeffi-
cients ≥ 0.85 were considered highly correlated. We uti-
lized the following criteria to select the most predictive 
variable: in datasets of the same type of variables, such 
as climatic, geographical, or socioeconomic factors, vari-
ables related to most variables and with more biological 

significance are retained for model construction, while 
other related variables are deleted [37, 38].

Ecological niche modeling
Eight machine learning algorithms in the Caret pack-
age, namely, eXtreme Gradient Boosting (XGB), support 
vector machine (SVM), random forest (RF), generalized 
boosted model (GBM), neural network (NN), classifica-
tion and regression trees (CART), k-nearest neighbors 
(KNN), and generalized additive model (GAM), were 
utilized to predict the suitable distribution of snails. The 
original datasets were randomly divided into two parts, 
with 70% of the datasets used as training samples for 
model construction and the remaining 30% labeled as 
testing samples for evaluating the accuracy of the mod-
els. For different models, the optimal hyperparameters, 
which were set to control the behavior of the learn-
ing algorithm, were determined using the grid search 
method and 10-fold cross-validation, such as the mtry in 
the RF model, and the predictive power of the model was 
tested using the testing dataset to select a model with the 
best predictive performance.

The final output of the prediction model represents 
the probability of snail presence, ranging from 0 to 1. 
We define areas with a presence probability of less than 
0.40 as non-suitable areas, 0.41–0.60 as areas with low 
suitability, 0.61–0.80 as areas with moderate suitability, 
and greater than 0.80 as areas with high suitability [39]. 
ArcGIS 10.4 was applied to classify the different levels of 
areas.

Model evaluations
Common model evaluation metrics include the area 
under the receiver operating characteristic curve (AUC), 
sensitivity, specificity, and kappa [19, 40]. The AUC value 
is the most common evaluation indicator for ecological 
niche models, and the closer the value is to 1, the higher 
the accuracy of the model. The sensitivity indicates the 
predictive accuracy for presence. The specificity implies 
the predictive accuracy for absence. Kappa ranges from 
–1 to 1, with a value closer to 1 indicating that the pre-
dicted results are consistent with the actual observations.

Results
Variable selection
Figure  2 illustrates that most variables exhibited strong 
correlations. Specifically, for climatic factors, Bio9 exhib-
ited a strong correlation with AAT, AAT0, AAT10, Bio1, 
Bio5, Bio6, Bio8, Bio10, and Bio11; thus Bio9, which also 
correlated with EL, was retained as a predictive variable. 
Similarly, AAP correlated with Bio12, Bio13, Bio16, and 
Bio18. Therefore, AAP was retained as a predictive vari-
able. Due to the strong correlation between Bio17 and 

http://www.resdc.cn/
https://www.worldclim.org/
http://www.resdc.cn/
http://sedac.ciesin.columbia.edu
http://sedac.ciesin.columbia.edu
http://www.worldpop.org
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Bio19, the latter was retained as a predictive variable. 
There was a strong correlation between Bio3 and Bio4, 
and Bio4 was retained for model construction due to its 
significant contribution to predicting the potential habi-
tats of snails [41]. For socioeconomic factors, DP, which 
demonstrates a powerful predictive capability for the 
distribution of snails [42], was correlated with GDP, and 
hence DP was retained as a predictive variable. Finally, 
16 variables were employed in the model development 
process, including 10 climatic variables (Bio2, Bio4, Bio7, 
Bio9, Bio14, Bio15, Bio19, AR, AAP, and IM), three geo-
graphical variables (slope, NDVI, and DST), and three 
socioeconomic variables (HFP, DP, and NLI) (Table 1).

Model performance
Table 2 illustrates the predictive performance of the mod-
els employed, including AUC, sensitivity, specificity, and 
kappa. Among the eight models, the RF model exhibited 

the best prediction performance (AUC: 0.991 [95% CI 
0.989–0.993]; sensitivity: 0.982; specificity: 0.995; kappa: 
0.942), followed by the GBM (AUC: 0.983 [95% CI 0.973–
0.993], sensitivity: 0.981; specificity: 0.991; kappa: 0.932). 
The CART model performed the worst (AUC: 0.884 [95% 
CI 0.863–0.905]); sensitivity: 0.922; specificity: 0.943; 
kappa: 0.829). Therefore, we applied the optimized RF 
model to predict the distribution of suitable areas for O. 
hupensis under current and future climate conditions.

Importance of variables
Figure  3 illustrates the importance of the variables 
measured using MeanDecreaseGini, with higher values 
indicating greater importance in the model. From the 
RF model, the top six important variables were Bio15 
(33.6%), AAP (25.2%), Bio2 (21.7%), Bio19 (14.5%), DP 
(13.5%), and NLI (11.1%). Among those six factors, four 
were climatic factors, and the remaining two were related 

Fig. 2 Correlation analysis of variables. Blue and red indicate the strength of positive and negative correlations, respectively. AAP, average annual 
precipitation; AAT, average annual temperature; AAT0, annual accumulated temperature ≥ 0 °C; AAT10, annual accumulated temperature ≥ 10 °C; AR, 
aridity; DP, population density; DST, distance to the waterway; EL, elevation; GDP, gross domestic product; HFP, human footprint; IM, moisture index; 
NDVI, normalized difference vegetation index; NLI, night light index
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to socioeconomic conditions, indicating that climatic fac-
tors were the main factors determining the distribution 
of O. hupensis.

The current distribution of suitable areas for O. hupensis 
in Yunnan Province
The established optimal RF model was utilized to predict 
the spatial distribution of suitable areas for O. hupensis in 
Yunnan Province (Fig. 4). The prediction results showed 
that non-suitable, low-suitability, moderate-suitability, 
and high-suitability areas accounted for 96.0%, 1.8%, 
1.1%, and 1.1%, respectively. The overall suitable areas 
that deserve high priority for monitoring were predomi-
nantly distributed in the schistosomiasis-endemic areas 
located in northwestern Yunnan Province, including 

Gucheng District, Heqing County, Dali City, Weishan 
County, Midu County, western Yongsheng County, north-
western Binchuan County, eastern Jianchuan County, 
western Xiangyun County, northern Nanjian County, 
and northeastern Chuxiong City, with the high-suitabil-
ity areas mainly in Heqing County, Eryuan County, Dali 
City, and Weishan County. Areas with moderate and low 

Table 1 Variables involved in model building

Classification Variables Units Description Years Sources

Climatic Bio2 °C Mean diurnal temperature range 1970–2000 https:// www. world clim. org/

Bio4 – Temperature seasonality

Bio7 °C Temperature annual range

Bio9 °C Mean temperature of the driest quarter

Bio14 mm Precipitation of the driest month

Bio15 – Precipitation seasonality (coefficient of variation)

Bio19 mm Precipitation of the coldest quarter

AR – Aridity 1950–1990 http:// www. resdc. cn/

AAP mm Average annual precipitation 2015

IM % Moisture index 1950–1990

Geographical Slope – Slope from dem 2000 http:// www. resdc. cn/

NDVI – Normalized difference vegetation index 2015

DST km Distance to waterway 2016 http:// www. world pop. org

Socioeconomic HFP – Human footprint 1993–2009 http:// sedac. ciesin. colum bia. edu

NLI – Night light index 2015 http:// www. resdc. cn/

DP persons/km2 Population density 2015 http:// www. world pop. org

Table 2 Comparison of the prediction performance of different 
models

RF, random forest; GBM, generalized boosted model; XGB, eXtreme Gradient 
Boosting; KNN, k-nearest neighbors; GAM, generalized additive model; 
NN, neural network; SVM, support vector machine; CART, classification and 
regression trees

Model AUC (95% CI) Sensitivity Specificity Kappa

RF 0.991 (0.989–0.993) 0.982 0.995 0.942

GBM 0.983 (0.973–0.993) 0.981 0.991 0.932

XGB 0.980 (0.966–0.994) 0.962 0.945 0.889

KNN 0.979 (0.962–0.996) 0.975 0.849 0.789

GAM 0.973 (0.946–0.999) 0.868 0.962 0.842

NN 0.969 (0.932–0.987) 0.959 0.940 0.917

SVM 0.896 (0.874–0.920) 0.679 0.981 0.724

CART 0.884 (0.863–0.905) 0.922 0.943 0.829

Fig. 3 Importance of variables in the random forest model. AAP, 
average annual precipitation; DP, population density; NLI, night light 
index; HFP, human footprint; DST, distance to the waterway; AR, 
aridity; IM, moisture index; NDVI, normalized difference vegetation 
index

https://www.worldclim.org/
http://www.resdc.cn/
http://www.resdc.cn/
http://www.worldpop.org
http://sedac.ciesin.columbia.edu
http://www.resdc.cn/
http://www.worldpop.org
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suitability were distributed around areas with high suit-
ability. It is noteworthy that in Longyang District and 
Yongping County, which are adjacent to schistosomiasis-
endemic areas of Yunlong County and Yangbi County, 
snails have never been found previously. However, the 
predictions in this study indicated the existence of suit-
able habitats for snails in these two locations, cautioning 
against the potential spread of snails from schistosomia-
sis-endemic areas to non-endemic areas.

Changes in suitable areas for O. hupensis in the coming 
decades in Yunnan Province
Figure  5 shows that under current conditions, the cen-
troid of suitable areas for O. hupensis was in Binchuan 

County, Yunnan Province, located at 100.46°E, 25.73°N. 
Overall, under the future climate scenarios (SSP126, SSP 
245, SSP 370, and SSP 585) for the 2030s, 2050s, and 
2070s, the centroid of suitable areas was expected to shift 
northwest, primarily located in Dali City, Heqing County, 
and Eryuan County. Specifically, under the SSP126 sce-
nario, it was projected that in the 2030s, the centroid of 
suitable areas would shift to Heqing County at 100.25°E, 
26.06°N, and then move to 100.20°E, 26.04°N in the 
2050s.

Subsequently, in the 2070s, it was predicted to be 
located at 100.24°E, 26.06°N. Under the SSP245 scenario, 
the centroid of suitable areas was anticipated to move to 
Dali City at 100.17°E, 26.03°N in the 2030s, and shift to 

Fig. 4 The current distribution of suitable areas for O. hupensis in Yunnan Province predicted with the random forest model
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Heqing County at 100.23°E, 26.05°N in the 2050s. Subse-
quently, it was projected to move to Dali City at 100.20°E, 
26.02°N in the 2070s. Under the SSP370 scenario, it was 
estimated that in the 2030s, the centroid of suitable areas 
would shift to Dali City at 100.16°E, 26.02°N, and move 
to Eryuan County at 100.14°E, 26.04°N in the 2050s. In 
the 2070s, a shift to Heqing County at 100.23°E, 26.10°N 
was projected. Under the SSP585 scenario, the centroid 
of suitable areas was expected to move to Heqing County 

at 100.24°E, 26.07°N in the 2030s and shift to Dali City 
at 100.20°E, 26.02°N in the 2050s. Then, in the 2070s, 
another migration to Heqing County, positioned at 
100.26°E, 26.07°N, was projected.

By the 2030s and 2050s, the suitable areas would 
cover almost the whole of Gucheng District, Heqing 
County, Jianchuan County, Eryuan County, Dali City, 
and Yangbi County under the future climate scenarios 
(Additional file 1: Fig. S1 and Additional file 2: Fig. S2). 

Fig. 5 The shifts of the suitable areas centroid for O. hupensis 
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On the contrary, suitable areas in southern Weishan 
County were projected to have shrunk significantly. By 
the 2070s under SSP126 and SSP370, the suitable areas in 
Weishan County would have been substantially reduced, 
retaining a small part of suitable areas in the north. The 
suitable areas in Chuxiong City would remain generally 
unchanged over time.

Figure  6a demonstrates that, in the future climate 
scenario, an additional 2.5%–4.3% of the areas would 
become suitable for O. hupensis, while 0.6%–1.5% of the 
original suitable areas would no longer be climatically 
favorable, with the largest additional suitable areas and 
the smallest reduction in the 2050s under SSP126. Com-
pared to suitable areas for O. hupensis under the cur-
rent condition, the net increase of suitable areas would 
exceed 2% under future climate scenarios, except for the 
2070s in SSP370. In addition, the net increase in suitable 
areas under future scenarios would experience a gradual 
decline from the 2030s to the 2070s, except for SSP585 
(Fig. 6b).

Discussion
Machine learning models can better handle multidimen-
sional data and have been widely used for parasitic dis-
ease risk prediction and vector spread trends [43, 44]. 
Previous research has shown that presence/absence-
based models were superior to presence-based models 
in terms of predictive performance [19]. In this study, 
we employed eight presence/absence-based machine 

learning models, and the RF model showed the best pre-
dictability. Similarly, in previous studies on the distribu-
tion of snails, the RF model outperformed other models 
based on AUC evaluation metrics [39, 42]. The RF model 
is an ensemble learning method based on the automatic 
combination of a set of tree-like predictors and is able to 
resist overfitting its training set to a certain extent [45]. 
However, Zheng found that the XGB model, originally 
introduced in 2016 [46], had better predictability based 
on the same metrics [47]. Differences in both the size 
of the sample and the environmental variables incorpo-
rated can lead to discrepancies in model prediction per-
formance [48, 49], which may explain the performance 
variation in different models across studies. In addition 
to optimizing the model, the accuracy of model predic-
tion could be improved by including appropriate factors 
related to the distribution of the species.

Climatic factors played an important role in the dis-
tribution of O. hupensis. Of the top four significant cli-
matic variables, three were related to precipitation, and 
one was related to temperature. This is supported by 
the physiological characteristics of O. hupensis that it 
prefers regions with appropriate warmth and humid-
ity. From a precipitation perspective, Bio15, represent-
ing precipitation seasonality (coefficient of variation), 
had a major impact on the survival of O. hupensis. As an 
amphibious snail, O. hupensis requires water for develop-
ment during its juvenile stage and is more likely to grow 
in moist soil during its adult stage, which receives its 

Fig. 6 The changes in the percentage of increase, loss, and stable suitable areas (a) and the net increase in the percentage of suitable areas (net 
increase = increase − loss) (b) for O. hupensis between the current time and the periods of the 2030s, 2050s, and 2070s under different climate 
scenarios (SSP126, SSP245, SSP370, and SSP585) in Yunnan Province. Increase, newly suitable areas; Stable: unaltered suitable areas; Loss: loss 
of suitable areas
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moisture principally from precipitation. With respect to 
the temperature-related variable, Bio2, representing the 
mean diurnal temperature range, contributed more sig-
nificantly to shaping the geographical distribution of O. 
hupensis than other temperature-related variables. As a 
narrowly temperate mollusk, its growth and development 
can be influenced by temperature through the regulation 
of enzyme activity and expression of related genes [32]. 
In addition, DP and NLI also greatly impacted the dis-
tribution of snails, with a cumulative importance of over 
20.0%. Human population dynamics are often considered 
to be a major contributor to altering the natural environ-
ment. In addition, humans can also directly bring snails 
to other areas for dispersal, such as the construction of 
flood control embankments, transportation of seeds, 
and ditch irrigation [50, 51]. The NLI has been applied to 
assess ecological status, as it reflects the level of urbani-
zation and acts as an indicator of human activity [52–54]. 
Also, a previous study showed that the NLI was positively 
correlated with the concentrations of contaminants in 
the soil, which may alter the microenvironment where 
snails live [53].

Based on the outputs of the prediction model, we 
divided Yunnan Province into non-suitable areas and 
areas with low, moderate, or high suitability for O. hupen-
sis to determine the hot spots for snail control. The suit-
able areas for snail survival under the current climate 
situation were primarily in the northwestern Yunnan 
Province, which basically coincided with the actual pres-
ence records of O. hupensis as well as the predictions of 
the risk areas for schistosomiasis transmission reported 
by Hu et al.[55], indicating that our prediction model was 
scientific and reasonable. Heqing County had the larg-
est suitable area in our study. Consistently, a snail survey 
conducted in 2021 found that Changtou village of Heqing 
County ranked first in terms of recurrence of O. hupensis 
among the 32 villages investigated in 18 endemic coun-
ties [56]. Meanwhile, it is worth noting that our predic-
tion model also found additional suitable regions where 
O. hupensis has so far been unrecorded but may require 
further investigation, including Yongping County and 
Longyang District, due to the possibility of human activi-
ties introducing snails into areas suitable for their sur-
vival, thus facilitating their dispersal [50, 51].

Theoretically, climate change drives shifts in the geo-
graphical range of species, resulting in migration to areas 
with climatically suitable habitats [57]. Similar to the 
results from a previous study [15], our model showed 
that the suitable areas in Yunnan Province tended to 
expand in the north and shrink in the south with respect 
to the current distribution. The southern part of the 
province is expected to have higher temperatures and 
lower precipitation in the future, which would discourage 

the survival of snails [58]. However, in contrast to the 
prediction based on national data that most parts of Yun-
nan Province would be suitable for O. hupensis in the 
future [15], our results revealed that the suitable areas 
were more concentrated in certain counties/districts/cit-
ies, which would need to be a focus for targeted surveys. 
More accurate distribution maps were provided based 
on our fine-scale projections, which enabled the health 
authorities to specify and optimize targeted snail control 
strategies.

Some counties in Yunnan Province, such as Binchuan, 
Jianchuan, Yangbi, and Yunlong, have already met the 
schistosomiasis elimination standard, and the snail habi-
tats have vanished. However, our research predicted that 
these counties would continue harboring favorable habi-
tats for snails in the long term. As a result, continuous 
monitoring is necessary. Inadequate control measures 
could facilitate the spread of snails and increase the risk 
of schistosomiasis transmission. Previous studies have 
reported a resurgence of live snails in Guangdong Prov-
ince 27 years after they were last found, possibly due to 
the incomplete monitoring and eradication of snails as 
well as the environmental conditions suitable for snails 
created by flooding in recent years [59]. A resurgence of 
snails has also been reported in Chuxiong, Yunnan Prov-
ince [60]. Moreover, human activities such as ditch irriga-
tion could introduce snails to suitable habitats, resulting 
in cross-watershed spread [50]. Hence, the suitable areas 
are a focus for control and should be given high priority.

This study had certain limitations. Firstly, snail control 
measures were not considered in the predictive model. 
The inclusion of snail control measures, such as phar-
maceutical measures and environmental modifications, 
may improve model prediction. Secondly, no external 
validation was performed to assess the predictive accu-
racy of the model. However, according to the snail survey 
in Yunnan Province in 2019, snails were detected mainly 
in the counties/cities where the high-suitability areas for 
O. hupensis were located in the prediction map, such as 
Heqing County, Eryuan County, Dali City, and Weishan 
County, with over 10  hm2 of snail habitats in each county/
city [61]. Moreover, the snail survey in Yunnan Province 
in 2021 showed that, among the 32 villages surveyed in 
the 18 endemic counties /districts/cities, Changtou vil-
lage in Heqing County ranked first in terms of areas of O. 
hupensis recurrence, which was consistent with our pre-
diction that Heqing County had the largest suitable areas 
for snails [56].

Conclusions
In conclusion, the RF model demonstrated the best per-
formance in predicting the distribution of suitable areas 
for snails. Suitable areas were predominantly distributed 
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in the northwestern part of Yunnan Province under the 
current climate condition and would expand north- and 
westward. Small-scale predictions were more precise 
in identifying the habitats of snails and could then offer 
finer guidance for the control of snails. Our findings also 
suggested that areas that had met schistosomiasis elimi-
nation criteria were still ecologically suitable for snail 
growth and thus more rigorous surveillance should be 
carried out in these areas to prevent the recurrence of 
snails.
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