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A B S T R A C T  

This study aims to present a comprehensive study on the risks associated with the residual presence and transport 
of Escherichia coli (E. coli) in soil following the application of livestock manure in Chinese farmlands by inte-
grating machine learning algorithms with mechanism-based models (Phydrus). We initially review 28 published 
papers to gather data on E. coli’s die-off and attachment characteristics in soil. Machine learning models, 
including deep learning and gradient boosting machine, are employed to predict key parameters such as the die- 
off rate of E. coli and first-order attachment coefficient in soil. Then, Phydrus was used to simulate E. coli 
transport and survival in 23692 subregions in China. The model considered regional differences in E. coli residual 
risk and transport, influenced by soil properties, soil depths, precipitation, seasonal variations, and regional 
disparities. The findings indicate higher residual risks in regions such as the Northeast China, Eastern Qinghai- 
Tibet Plateau, and pronounced transport risks in the fringe of the Sichuan Basin fringe, the Loess Plateau, the 
North China Plain, the Northeast Plain, the Shigatse Basin, and the Shangri-La region. The study also demon-
strates a significant reduction in both residual and transport risks one month after manure application, high-
lighting the importance of timing manure application and implementing region-specific standards. This research 
contributes to the broader understanding of pathogen behavior in agricultural soils and offers practical guide-
lines for managing the risks associated with manure use. This study’s comprehensive method offers a potentially 
valuable tool for evaluating microbial contaminants in agricultural soils across the globe. 

1. Introduction 

China generates approximately 550 million tons of livestock manure 
annually, of which about one-third is suitable for composting and use in 
agriculture (Jia et al., 2018; Bao et al., 2019). Although composting 
effectively eliminates most pathogens, small quantities may persist and 
can be introduced into the soil during the fertilization (Alegbeleye and 
Sant’Ana, 2020; Black et al., 2021; Lepesteur, 2022). The pathogenic 
microorganisms found in manure predominantly include bacteria (e.g., 
Escherichia coli, Salmonella, Leptospira, and Yersinia), protozoa (e.g., 
Cryptosporidium and Giardia), and viruses (e.g., Rotavirus) (Abdugheni 
et al., 2023; Matthews, 2023). Notably, E. coli is commonly used as an 
indicator for fecal contamination due to its prevalence in manure (Khan 

and Gupta, 2020). While most strains of E. coli are benign, pathogenic 
variants do exist, such as enterohemorrhagic, enteroinvasive, and 
enterotoxin-producing E. coli (Gyles, 1992; Williams et al., 2010). In-
stances of public health issues caused by pathogenic E. coli strains were 
documented in many literatures (Hunter, 2003; Majowicz et al., 2014; 
Rani et al., 2021). The residual presence of pathogenic E. coli in surface 
soil poses a direct threat of contamination to fruits and vegetables and is 
easily carried by runoff into rivers and lakes (Balali et al., 2020; Willis 
et al., 2020; Morgado et al., 2022). Moreover, the presence of patho-
genic E. coli in deep soil may transport deeper and threaten groundwater 
and drinking water (Khan and Gupta, 2020; Chique et al., 2021). 

Extensive research has been conducted to evaluate the accumulation 
and transport risks of E. coli, using methods such as transport 
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experiments, incubation experiments, field experiments, and mathe-
matical modeling (Foppen and Schijven, 2006; Tufenkji, 2007; Bradford 
et al., 2014; Engström et al., 2015; Jang et al., 2017). These approaches 
have provided insights into the E. coli behaviors under various soil 
conditions and environmental factors, including soil texture, organic 
matter content, ionic strength, pH, moisture, temperature, water flow, 
soil heterogeneity, etc. (Bradford et al., 2013; Zhong et al., 2017). 
Common mechanism-based models are usually based on the traditional 
advection-diffusion equation (ADE), such as attachment/detachment 
model and filtration theory (Harvey and Garabedian, 1991; Johnson 
et al., 1995; Bradford et al., 2014). Although these studies have eluci-
dated the mechanisms influencing E. coli survival and transport, the 
parameters derived from experiments and modeling (e.g., die-off rate, 
attachment coefficient, and detachment coefficient) are often 
region-specific and lack broad applicability (Balkhair et al., 2017; Wen 
et al., 2017; Baker et al., 2020; Guo et al., 2020). 

Machine learning models offer the potential to broaden the appli-
cation of the key parameters influencing the residual and transport of E 
coli, including first-order attachment coefficient, spatial removal rate, 
adsorption efficiency, and die-off rate of E. coli in soil (Park et al., 2016; 
Pang et al., 2020; Chen et al., 2023; Gomez-Flores et al., 2023). Common 
machine learning models include deep learning, random forest, gradient 
boosting machine, generalized linear model, and so on (Mahesh, 2020). 
However, these machine learning algorithms and predicted parameters 
are difficult to use for the management of manure on farmlands, pri-
marily because they fail to consider factors such as region-specific var-
iations in soil layer, temperature, and rainfall (Petersen and Hubbart, 
2020; Phan-Thien et al., 2020; Hachad et al., 2022). Moreover, although 
predicting key parameters using current experimental and monitoring 
data is possible, the volume of available data remains inadequate for 
comprehensive modeling of the pathway from manure application to 
pathogen fate, owing to the extensive data demands of machine learning 
techniques (Tahmasebi et al., 2020; Zhong et al., 2021). Overall, ma-
chine learning models can enhance the generalizability of key parame-
ters; while mechanism models, grounded in principles like the 
advection-diffusion equation, provide crucial insights into the funda-
mental processes influencing E. coli transport and survival. 

This study aims to synergize machine learning and mechanism-based 
models to create an integrated modeling framework, enhancing under-
standing and management of the risks associated with E. coli residual 
and transport following manure application. The sub-objectives include: 
1) predicting the attachment and die-off parameters of E. coli in soil; and 
2) evaluating the behavior of E. coli in the surface soils of Chinese 
farmlands, along with the risk of its transport to deeper soil layers. 

2. Materials and methods 

2.1. Theory 

The advection-dispersion equation describing the transport and 
survival of E. coli under one-dimensional uniform water flow can be 
expressed as: 

∂θC
∂t

+ ρb
∂S
∂t

=
∂

∂x

(

θD
∂∁
∂x

)

−
∂q∁
∂x

− μwθC − μsρbS (1) 

where C is the bacterial concentration (cell L−3) in the aqueous phase, t 
is time (T−1), D is the dispersion coefficient (L2 T−1), θ is the volumetric 
water content, ρ is the soil bulk density (M L−3), q is the flow rate (L 
T−1); x is the spatial coordinates (L); S is the solid-phase concentrations 
associated with adsorption site (M M−1); μs and μw is the die-off rate of 
bacteria (T−1) in solid and liquid phase. L, M, and T represent the di-
mensions of length, mass, and time. It is worth noting that we cannot 
distinguish whether the bacterial die-off occurred in the liquid or solid 
phase. Therefore, we only used one parameter μ to represent die-off in 
both liquid and solid phases. 

The die-off of E. coli is obtained either from field experiments or 
indoor incubation experiments, and it is approximately described using 
first-order kinetic model (Crane and Moore, 1986): 

C1 =C0e−μt (2) 

where C0 is the initial E. coli concentration (M L−3), C1 is the E. coli 
concentration (M L−3) after a period, t is time (T−1), and μ is a die-off 
rate (T−1). 

The attachment/detachment model was used to describe mass 
transfer between the aqueous and solid phase as: 

ρb
∂S
∂t

= θψ tkaC − kdρbS (3) 

where ka is the first-order attachment coefficient (T−1); kd is the first- 
order detachment coefficient (T−1). Previous studies showed that the 
detachment of bacteria in soil was much smaller than attachment of 
bacteria (Firouzi et al., 2015; Gharabaghi et al., 2015; Balkhair, 2017). 
Therefore, the first-order detachment coefficient in this study was 
assumed as 0, equivalent to filtration theory. ka can be obtained from 
literatures according to the method in Chen et al. (2023). 

For a given site, the parameter C, t, x, q in Equation (1) (bacterial 
concentration (C), time (t), spatial coordinate (x), and flow rate (q)) can 
be set according to the manure application amount and precipitation 
conditions; the parameters of soil property (i.e., bulk density (BD), Van 
Genuchten model parameters (VG), saturated hydraulic conductivity 
(Ks)) can be set according to soil survey data of Chinese agricultural 
soils; the dispersion coefficient or dispersivity in Chinese agricultural 
soil was obtained from Chen et al. (2024). If Ka and μ can be predicted by 
machine learning algorithms, the residual and transport of E. coli can be 
simulated. 

2.2. Data collection and analysis 

A comprehensive literature review was conducted using the Web of 
Science database to gather relevant data on the survival (die-off, 111 
datasets) and attachment characteristics (58 datasets) of E. coli in soil. 
This collected data was then utilized to develop machine learning 
models. For modeling E. coli die-off, seven key factors were identified 
and used as input variables based on their importance and frequency in 
previous studies. These factors include pH, soil organic matter (SOM) 
content, temperature, soil water content, and the proportions of sand, 
silt, and clay in the soil. In terms of E. coli attachment, five principal 
factors were selected as input variables, guided by their prevalence in 
existing studies. These factors were transport scale, pore water velocity, 
SOM content, saturated hydraulic conductivity (Ks), and ionic strength 
of pore water (IS). The collected publications are listed in Table S1. The 
process and methodology of integrating these models to simulate the 
transport and survival of E. coli in Chinese agricultural soils are depicted 
in Fig. 1. 

2.3. Machine learning algorithms 

We employed the H2O AutoML, an automated machine learning 
framework developed by LeDell and Poirier (2020), which consolidates 
a range of prevalent machine learning algorithms including Deep 
Learning, Distributed Random Forest (DRF), Generalized Linear Model 
(GLM), Gradient Boosting Machine (GBM), Extremely Randomized 
Trees (XRT), and Extreme Gradient Boosting (XGBoost). GBM and 
XGBoost are categorized as gradient boosting algorithms, while DRF and 
XRT are based on random forest methodologies. Deep Learning utilizes 
artificial neural networks, and GLM represents a flexible generalization 
of ordinary linear regression (Mahesh, 2020). H2O AutoML automates 
the process of training these various algorithms (LeDell and Poirier, 
2020). 

To ascertain the robustness and reliability of our model’s 



3

performance, we executed a 5-fold cross-validation. The data was 
randomly divided into five distinct subsets. In each cross-validation 
cycle, the models were trained on four subsets (80% of the data) and 
evaluated on the remaining one (20% of the data). This process was 
repeated until each subset had been used once as the test set. The effi
cacy of the models was determined using metrics like root mean squared 
error (RMSE), mean squared error (MSE), mean absolute error (MAE), 
root mean squared logarithmic error (RMLSE), mean residual deviance 
(MRD), the slope of linear regression, and the coefficient of determi
nation (R2) in linear regression, as detailed in Table S2 and Table S3. 

Within H2O AutoML, twenty different machine learning algorithms 
were simultaneously examined, and their performances were ranked on 
a leaderboard. For clarity, we presented only the results from the top- 
performing model, which was also employed for predicting the target 
variables. Variable importance scores range from 0 to 100%, indicating 
the relative impact of each input variable on the target variable. 

2.4. Modeling with the mechanism-based model 

In this study, we employed Phydrus (Collenteur et al., 2020), a Py
thon adaptation of the Hydrus-1D (Simunek et al., 2005) to simulate the 
transport and survival of E. coli in soil environments. To effectively ac
count for the soil layer heterogeneity, we divided the soil profile, 
extending from the surface down to 200 cm, into six distinct layers. 
These layers are delineated as follows: surface to 5 cm, 5–15 cm, 15–30 
cm, 30–60 cm, 60–100 cm, and 100–200 cm. The maps used in this 
study, which detailed various Chinese geographical features including 
soil properties, precipitation, and temperature, offered a fine spatial 
resolution, approximately 20 km by 20 km (totally 23692 subregions). 
Detailed information on the data sources (Nachtergaele et al., 2009; Liu 
et al., 2020; Meng et al., 2021; Lembrechts et al., 2022; Liu et al., 2022; 
Chen et al., 2024) and the parameters used for the modeling process are 
outlined in Table 1. 

In simulating water flow using Phydrus, the initial and boundary 
conditions were set as follows: 1) Upper boundary condition-established 
as an atmospheric boundary, allowing for the exchange of moisture 
through precipitation input; rainfall occurred weekly, with each event 
lasting for 24 h; This periodic rainfall simulation mimics the natural 
occurrence of weekly precipitation. 2) Lower boundary condition-fee 

drainage. 3) Initial Condition-at the start of the simulation, the initial 
moisture state of the soil was specified based on an assumed saturated 
state. Through these settings, the Phydrus model can simulate the dy
namics of moisture in soil, taking into account the effects of rainfall. 
Rainfall occurs weekly, with each event lasting 24 h. The volume of 
precipitation for each event is determined based on China’s monthly 
precipitation data (Peng et al., 2019). The lower boundary condition 
was defined as free drainage. The initial condition of E. coli concentra
tion in soil was set to zero. The upper boundary condition of E. coli 
concentration was specified as a flux concentration, whereas the lower 
boundary was characterized by a zero gradient. 

We assumed that the concentration of E. coli in manure at 105 Colony 
Forming Units (CFU) per gram of dry manure according to literature 
data (Blaustein et al., 2015). It was hypothesized that the release of 

Fig. 1. The flowchart of the integrated modeling for transport and survive of E. coli in Chinese agricultural soils (ML: machine learning; ADE: Advection- 
dispersion equation). 

Table 1 
The data sources for the modeling in machine leaning models and Phydrus. 

Data Description Source 

IS Ionic strength of pore 
water 

Dolling and Ritchie (1985); 
Nachtergaele et al. (2009) 

Clay, Silt, Sand, 
SOM, pH, BD 

Soil properties Liu et al. (2020); 
Liu et al. (2022) 

Ks, VGMP Calculation from soil 
properties 

Schaap et al. (2001) 

Precipitation Monthly precipitation Peng et al. (2019) 
SWC Soil volumetric water 

content 
Meng et al. (2021) 

λ Dispersivity 
Chen et al. (2024) 

Temperature Soil temperature Lembrechts et al. (2022) 
Velocity Equivalent to Ks under 

saturated condition 
Time Summer: April to 

September 
Winter: October to March 

Scale 5, 10, 15, 30, 60, 100 cm 
Ka Prediction by machine 

learning models 
μ in Summer Prediction by machine 

learning models 
μ in Winter Prediction by machine 

learning models 
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E. coli from the manure coincided with the first instance of rainfall 
following the manure’s application. Manure application was scheduled 
for two distinct seasons: in spring, before sowing at the end of March, 
and in autumn, post-harvest at the end of September. We defined the 
period from April to September as the Summer season and from October 
to March as the Winter season. The rate of manure application was 
standardized at 30 tons per hectare (Araji et al., 2001; Moshatati et al., 
2019). 

3. Results and discussion 

3.1. Die-off of E. coli 

Fig. 2(a) presents a box plot illustrating the distribution of the 
collected dataset for the die-off of E. coli. This dataset encompasses a 
wide range of input variables. Specifically, the content of clay, silt, and 
sand varied from 0.7 to 60%, 0.2–76.4%, and 3.7–99.1%, respectively. 
Temperature measurements spanned from 4 to 37 ◦C, while pH levels 
were observed between 3.92 and 8.74. Soil organic matter (SOM) 
showed variation from 0.99 to 110 g kg−1, and soil volumetric water 
content (SWC) ranged from 0.0255 to 0.46. The target variable, which is 
the die-off rate (μ) of E. coli, was found to vary from 0.018 to 6.908 
day−1. This comprehensive dataset effectively represents the diverse 
conditions encountered in various field experiments concerning the die- 
off of E. coli. 

Pearson correlation coefficient (r) measured the extend of a linear 
correlation between pairwise variables (Fig. 2(b)). The correlation co
efficient between the die-off rate (μ) and pH was 0.49, signifying a 
moderate negative correlation. For μ and the other six input variables, 
the r values fluctuated between −0.17 and 0.17, indicating weak cor
relations. The Pearson correlations were medium to weak, indicating 
that none of the seven input variables independently offer a strong 
prediction of the die-off rate. 

The correlation between the predicted and observed values for the 
test datasets based on the best-performing model - deep learning 

algorithm is shown in Fig. 2(c). The linear fitting of this correlation 
yielded a slope of 0.85, and the coefficient of determination (R2) for the 
linear regression was 0.68. These values indicate a strong agreement 
between the model’s predictions and the actual data. 

Additionally, the importance of various variables used in the ma
chine learning model indicates how “important” the variable is to the 
model (Fig. 2(d)). Among these variables, pH showed the highest 
importance in the predictions of μ. Numerous studies have investigated 
the impact of pH on the survival of E. coli in soil (Zhang et al., 2013; 
Liang et al., 2019; Xing et al., 2019). Consistent with the negative cor
relation in Fig. 2(b), it has been demonstrated that lower pH levels are 
associated with increased die-off rates of E. coli. SOM was second most 
important variable. However, research on the influence of SOM on E. coli 
survival has yielded varied findings. Although some studies suggest that 
higher levels of SOM tend to favor the survival of E. coli (Ma et al., 2011; 
Zhang et al., 2013), other research indicates that SOM levels do not 
significantly affect E. coli’s survival (Unc and Goss, 2003; Williams et al., 
2015). A possible explanation could be that the survival of E. coli is 
influenced not only by the overall quantity of SOM but also by its im
mediate availability (Franz et al., 2008a,b). Temperature ranks as the 
third most significant variable in predicting the die-off rate of E. coli. 
Previous literature has consistently indicated that cooler temperatures 
are more conducive to the persistence of E. coli in environmental settings 
(Park et al., 2016; Underthun et al., 2018). In addition, E. coli survival 
rates were found to be greater in environments with a higher concen
tration of sand and lower levels of silt and clay (Guy and Visser, 1979; 
Cools et al., 2001). This trend could be attributed to the relatively 
greater availability of oxygen and reduced competition from indigenous 
microorganisms. Furthermore, elevated SWC has been linked to higher 
E. coli die-off rates, potentially due to the lower oxygen availability and 
intensified competition from native microorganisms (Lang and Smith, 
2007; Rothrock et al., 2012). 

Fig. 2. (a) Collected datasets: clay, sand, and silt content (%),pH, soil organic matter (SOM, g kg−1) content, soil water content (SWC, cm3 cm−3), temperature (◦C) 
and die-off rate of E. coli (μ, day−1); (b) Pearson correlation coefficient (r) between pairwise variables; (c) The correlation between predicted values and observed 
values for the test datasets; (d) The importance of variables. 
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3.2. Attachment of E. coli 

Fig. 3(a) shows the box plot of the collected dataset for the attach-
ment of E. coli. For the input variables, IS ranged from 0.0055 to 30 mM; 
the pore water velocity ranged from 2.26 to 936 cm day−1; the transport 
scale ranged from 5 to 50 cm; the saturated hydraulic conductivity (Ks) 
varied from 1.81 to 413 cm day−1; the SOM ranged from 1.03 to 60.9 g 
kg−1. Regarding the target variable, the first-order attachment coeffi-
cient (Ka) ranged from 0.32 to 102 day−1. Overall, the collected datasets 
covered a variety of soil types and water flow conditions. 

The Pearson correlation coefficient (r) of Ka with other five input 
variables ranged from −0.16 to 0.71 (Fig. 3(b)). The Pearson correla-
tions imply that pore water velocity had a strong positive correlation 
with Ka; Ks had a moderate positive correlation with Ka; the other three 
input variables had weak correlation with Ka. 

The correlation between predicted values and observed values for 
the test datasets was plotted in Fig. 3(c), which is based on the best- 
performing model - GBM algorithm. The slope of linear fitting was 
0.91, and the R2 of linear regression was 0.81, indicating the model’s 
predictions are very close to the actual data. 

Regarding the importance of variables, pore water velocity showed 
the highest importance in the predictions of Ka (Fig. 3(d)), consistent 
with our previous study (Chen et al., 2023). The Pearson correlation 
coefficient indicates a positive correlation between pore water velocity 
and the Ka, suggesting that as pore water velocity increases, so does Ka. 
IS showed the second importance. It is widely accepted that the influ-
ence of IS on bacterial attachment aligns with the DLVO theory (Verwey, 
1947; Derjaguin and Landau, 1993). According to this theory, an in-
crease in IS compresses the electric double layer, potentially leading to 
enhanced bacterial adsorption. Nonetheless, higher IS might also have 
limited or negatively impact when coupling with factors such as SOM, 
soil pH and the presence of microbial extracellular polymers (Kim et al., 
2009; Jimenez-Sanchez et al., 2015; Jin et al., 2021). Consequently, 
while IS is a significant input variable, its impact on bacterial adsorption 
is not unequivocal. This notion is further corroborated by the weak 

Pearson correlation coefficient between IS and Ka, as illustrated in Fig. 3 
(b). SOM was the third most significant variable, and the effect of SOM 
on Ka was consistent with previous studies (Johnson and Logan, 1996; 
Jimenez-Sanchez et al., 2015). Saturated hydraulic conductivity (Ks), as 
a comprehensive indicator of soil texture, was the fourth important 
variable. Fig. 3(b) demonstrates that in natural soil, there is typically a 
strong positive correlation between Ks and pore water velocity. Conse-
quently, the influence of Ks on Ka appears to be similar to the effect of 
pore water velocity. Transport scale was the fifth important variable and 
showed week negative correlation with Ka, consistent with the result of a 
recent study (Oudega et al., 2021). 

3.3. Die-off rate and attachment coefficient of E coli in Chinese soil 

The die-off rate of E. coli across various soil depths during different 
seasons shows obvious difference (Fig. 4(a)-(d)). In addition to the data 
presented in Fig. 4, additional data at other soil depth can be found in 
the supplementary materials. Notably, the die-off rate in the south-
eastern region and subtropical areas of Yunnan exceeds that in other 
parts of China. This pattern is likely influenced predominantly by soil pH 
(Chen et al., 2019; Wang et al., 2019). The impact of soil depth on E. coli 
die-off rate, as shown in Fig. 4(a) and (b) compared to Fig. 4(c) and (d), 
appears negligible. Seasonal variations, however, do affect die-off rate: 
Fig. 4(a) and (c) suggest lower die-off rate in winter compared to in 
summer, as seen in Fig. 4(b) and (d), aligning with previously noted 
temperature influences on die-off rate (Park et al., 2016; Underthun 
et al., 2018). 

The first-order attachment coefficient of E. coli at varying soil depths 
shows obvious difference as well (Fig. 4(e) and (f)). The eastern section 
of Northeast China, the Tarim and Junggar Basins in Xinjiang, and the 
eastern Tibetan Plateau exhibit higher attachment coefficient. These 
higher attachment coefficients are likely due to a combination of factors 
including pore water velocity, ionic strength, soil organic matter, soil 
texture, and other factors. When comparing different soil depths, the 
attachment coefficient diminishes in deeper soil, indicating easier 

Fig. 3. (a) Collected datasets: ionic strength (IS, mM), saturated hydraulic conductivity (Ks, cm day−1), transport scale (cm), soil organic matter (SOM, g kg−1) 
content, pore water velocity (cm day−1) and first-order attachment coefficient of E. coli (Ka, day−1); (b) Pearson correlation coefficient (r) between pairwise variables; 
(c) The correlation between predicted values and observed values for the test datasets; (d) The importance of variables. 
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bacterial transport, consistent with a recent study (Chen et al., 2021). 

3.4. Residual of E. coli concentrations in topsoil 

The concentration variations of E. coli in the topsoil layer (0–5 cm) in 
April and October demonstrates the Residual of E. coli (Fig. 5). In gen
eral, the highest concentrations are found in the Northeast, Eastern 
Qinghai-Tibet Plateau, followed by North China, with the Southeast 
region exhibiting the lowest concentrations. One week after manure 
application, E. coli concentrations exceeded 1000 CFU g−1 in most areas, 
excluding the Southeast. After two weeks, concentrations fell below 
1000 CFU g−1 in most regions nationwide, except for some parts of the 
Northeast. By the four-week mark, concentrations in most areas declined 

to below 100 CFU g−1. The concentration 100 CFU g−1 was usually as 
detection limit of E.coli in soil (Franz et al., 2008a,b; Zhang et al., 2013). 
Previous studies have confirmed a rapid decrease in E. coli concentra
tions in soil from Eastern China (Zhang et al., 2013; Wang et al., 2014). 
When comparing the concentrations of E. coli in summer and winter, it is 
observed that winter concentrations are marginally higher than those in 
summer. This difference can be attributed to two main reasons: higher 
die-off rates of E. coli during summer and the increased rainfall in 
summer compared to winter (Williams et al., 2005; Sharma et al., 2019). 
The most pronounced seasonal difference is observed at the junction 
between the Qinghai-Tibet Plateau and the Tarim Basin, where the risk 
of E. coli residue in winter significantly surpasses that in summer. This 
phenomenon could be due to the lower die-off rate of E. coli in this area 

Fig. 4. Predicted die-off rate of E. coli (μ, day−1) in summer (April to September) at soil depth of (a) 0–5 cm, (b) 100–200 cm; predicted die-off rate of E. coli (μ, 
day−1) in winter (October to March) at soil depth of (c) 0–5 cm, (d) 100–200 cm; predicted first-order attachment coefficient of E. coli (Ka, day−1) at soil depth of (e) 
0–5 cm, (f) 100–200 cm (maps for other depths are in the Supplementary Material Figs. S1, S2, and S3). 

Fig. 5. E. coli concentrations (cell g−1) of topsoil (0–5 cm) (a) one week, (c) two weeks, and (e) four weeks after manure application in summer (April); E. coli 
concentrations (cell g−1) of topsoil (0–5 cm) (b) one week, (d) two weeks, and (f) four weeks after manure application in winter (October). 
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during winter, coupled with minimal precipitation, which results in a 
lack of the diluting effect brought about normally by rainfall (Kraay 
et al., 2020). 

3.5. Transport risk of E. coli 

In this study, the transport depth of E. coli is defined as the maximum 
depth where its concentration exceeds 10 CFU g−1, representing a 
99.99% reduction from the initial concentration of 105 CFU g−1. Fig. 6 
illustrates the transport depth of E. coli at various intervals following 
manure application in both summer and winter. Overall, the transport 
risk of E. coli is higher in summer compared to winter. Obviously, this 
phenomenon is related to more rainfall in summer (Brennan et al., 
2010). In summer, the highest transport risks are observed at the fringe 
of the Sichuan Basin, Eastern Qinghai-Tibet Plateau, the Loess Plateau, 
the Shigatse Basin, and the Shangri-La region. In winter, the transport 
risks are most pronounced in the Loess Plateau, the fringe of the Sichuan 
Basin, the North China Plain, the Northeast Plain, the Shigatse Basin, 
and the Shangri-La region. The southeast shows minimal transport risk. 
A comparison of Figs. 5 and 6 reveals that most regions with greater 
E. coli transport risks often coincide with those having higher residual 
concentrations of E. coli in the topsoil. Despite the Southeast experi-
encing higher rainfall than other regions, the transport depth there re-
mains limited due to the lower E. coli concentrations in the topsoil. 
Furthermore, some areas like the North China Plain exhibit a moderate 
residual concentration of E. coli in the topsoil. However, due to the low 
attachment coefficient, the transport risk in these regions is also 
heightened. McLeod et al. (2019) performed both laboratory-based 
column experiments and extended leaching experiments under field 
conditions. Their work focused on assessing the risk of E. coli leaching 
through soil in flat to rolling terrains in New Zealand. This assessment 
was based on various characteristics of bacterial transport, such as 
bacterial removal rates and microbial breakthrough curves. Our study 
not only considered bacterial attachment characteristics but also 
demonstrated that the survival of E. coli significantly influences the 
transport risk. 

A week after manure application, the transport depth in high-risk 
areas generally ranged between 10 and 20 cm, whereas in the 

southeastern region, it remained below 5 cm. After two weeks, the 
transport risk diminishes across all areas, with only some regions 
exhibiting a transport depth exceeding 10 cm. By the four-week mark, 
most areas show a transport depth of less than 5 cm. The decline in E. coli 
concentrations in topsoil over time (Fig. 5) corresponds with a reduced 
risk of its transport (Fig. 6). This phenomenon further reinforces the 
significant impact of E. coli residual concentration on the risk of 
transport. 

Research from the United States emphasized the significant roles of 
livestock density and waterfowl transport in influencing E. coli con-
centrations in water systems, which resonates with the biotic factors 
influencing our observed transport risks (Hansen et al., 2020). Addi-
tionally, the use of advanced predictive models like ANFIS in another 
study to enhance the accuracy of E. coli predictions highlights the po-
tential of integrating similar methodologies in our research (Abimbola 
et al., 2020). These comparisons suggest that effective livestock man-
agement and predictive modeling are crucial for developing strategies to 
mitigate E. coli risks in both agricultural and environmental settings. 

3.6. Suggestions, limitations, and future studies 

Based on the residual concentration and transport depth of E. coli in 
Chinese soil, the following recommendations are proposed: 1) develop a 
manure fertilization strategy: specifically, it is advisable to apply 
manure during periods of low rainfall, ensuring a minimum interval of 
one month between the application of manure and the onset of the rainy 
season; 2) adopt region-specific manure residue standards: implement 
stricter microbial residue regulations in high-risk areas to better control 
microbial contamination. 

Additionally, the conclusions drawn from this study on E. coli can 
inform the management of other soil-borne pathogens. The methodol-
ogies and findings, especially regarding the influence of soil properties, 
environmental conditions, and temporal factors on pathogen behavior, 
can guide targeted strategies to mitigate the risks associated with other 
pathogens. For instance, understanding the effects of soil texture and 
moisture on E. coli survival can help predict similar risks for pathogens 
like Salmonella or Listeria, which may behave differently under the same 
environmental conditions but still follow similar mechanistic pathways 

Fig. 6. E. coli transport depth (cm) (a) one week, (c) two weeks, and (e) four weeks after manure application in summer (April); E. coli transport depth (cm) (b) one 
week, (d) two weeks, and (f) four weeks after manure application in winter (October). 
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(Strawn et al., 2013). 
This study is primarily limited by two aspects. One is that the 

omission of preferential flow and large pores in our modeling. Prior 
research indicates that large pores substantially influence pathogen 
migration in field soils (Wang et al., 2013; Chen et al., 2021). Future 
studies could address this limitation by multiplying a soil 
type-dependent coefficient to describe preferential flow (Gerke, 2006; 
Allaire et al., 2009; Luo and Schmidt, 2010). The second aspect is the 
lack of consideration for the detachment process of E. coli. This was 
mainly due to the challenge of extracting detachment parameters from 
existing literature. To overcome this, future research should focus on 
conducting experiments to gather large number of parameters related to 
E. coli detachment in various soil types. 

4. Conclusions 

By integrating the strengths of machine learning algorithms and 
mechanism-based models, we have developed a comprehensive frame-
work that enhances the predictability and understanding of E. coli re-
sidual and transport in soil environments. 

Our integrated approach highlighted how different soil properties, 
soil depths, seasonal variations, and regional differences can influence 
the residual and transport of E. coli in Chinese soil. Spatial analysis 
revealed that regions such as the Northeast China and Eastern Qinghai- 
Tibet Plateau exhibited higher E. coli residual risk. The fringe of the 
Sichuan Basin, Loess Plateau, the North China Plain, the Northeast Plain, 
the Shigatse Basin, and the Shangri-La region showed relative high 
transport risk. One month after applying organic fertilizer, both residual 
and transport risk were significantly reduced. Overall, this study offers 
practical guidelines for managing the risks associated with manure 
application in farmland, contributing to the sustainability and safety of 
agricultural practices. 
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