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ABSTRACT: Wastewater discharge from wastewater treatment
plants continuously pumps microplastics into rivers, yet their
transport distances within these waterways remain unknown. Herein,
we developed a conceptual framework by synthesizing the micro-
plastic data from the Yangtze River Basin to evaluate its transport
distances, quantifying a significant spatial dependence between large-
scale wastewater discharge and riverine microplastics (p < 0.05). The
presence of microplastics at a specific sampling site could be
attributed to wastewater discharge within a large-scale range
spanning >1000 km upstream, encompassing a substantial portion
equivalent to one-third of the Yangtze River Basin. The dominance
analysis indicated that the contribution of wastewater discharge in
rivers with higher discharge (>100 m3/s) to riverine microplastic
pollution exceeded 65% within the Yangtze River Basin. The spatial dependence framework of riverine microplastics on wastewater
discharge advances our prior understanding of the prevention and control of riverine microplastics by demonstrating that such
pollution is not limited to nearby environmental factors.
KEYWORDS: microplastics, wastewater discharge, upstream boundary, spatial dependence, basin scale, the Yangtze River Basin

1. INTRODUCTION
Research on riverine microplastics (MPs) holds paramount
significance for the fields of environmental conservation,
ecology, public health, and policy formulation.1−3 Rivers are
regarded as dominant pathways or reservoirs for MP
transmission and retention from freshwater to marine
ecosystems.4−6 As direct receivers of treated and untreated
urban, industrial, and agricultural waste,1,7 rivers with high MP
pollution show a strong correlation with population density
and wastewater treatment plant’s (WWTP) effectiveness.8−10

Although existing wastewater processes employed by WWTPs
remove most MPs (98.7−99.99%),11 wastewater discharge
remains a suspected important point source of MPs in the
environment.5,12−16 A comprehensive understanding of the
relationship between wastewater discharge and riverine MPs
provides a scientific foundation for environmental conserva-
tion, human health, and sustainable water resource manage-
ment.
Wastewater discharge, as a primary source, lacks certain

traceability measures for assessing its role in riverine MP
pollution. The relationship between wastewater discharge and
riverine MPs is usually based on proximity to the distance from

the point of wastewater discharge, with sampling sites
strategically positioned both upstream and downstream to
evaluate the potential impact of the discharge on MP
pollution.17−19 Due to downstream transportation of runoff
with wastewater discharge, it may be necessary to trace back to
more distant upstream pollution sources and consider broader
MP input pathways, especially in large rivers.20,21 Relatively
little is known about how MPs move in rivers,22,23 as their
distribution in watersheds exhibits complex spatial patterns due
to the location of aforementioned MP sources and transport
characteristics that influence their dispersion.5,20,24,25 MP
transportation in river systems varies widely, encompassing
mechanisms like bed load, settling suspended load, and wash
load, all influenced significantly by the MP shape, density, and
chemical composition.26 To assess the MPs at a river sampling
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site influenced by upstream WWTP discharges, several key
factors must be considered. These include the location and
discharge volume of the WWTPs, as well as the hydrological
and hydraulic characteristics of the river (such as flow rate,
volume, and channel morphology), and environmental
conditions (like biochemical activity and the geological
composition of the riverbed).5,15,26−28 Additionally, the
regional land use patterns and other potential sources of
pollution should be taken into account.28,29 These factors
collectively determine the movement and distribution of MPs
in water systems, making the modeling of MP transport in
rivers highly complex.27,28 Therefore, in the absence of large-
scale MP flux surveys within the watershed, estimating the
relationship between key variables, such as wastewater
discharge from upstream WWTPs and riverine MP flux, is a
feasible approach to assess the potential impact of wastewater
discharge on a broader scale.
Analyzing the spatial dependence can improve our under-

standing of the relationship between wastewater discharge and
riverine MPs. Herein, we conducted a spatial dependence

framework for riverine MPs driven by wastewater discharge
from upstream WWTPs, especially for a large river basin. The
Yangtze River Basin in China was studied as a representative
case. By systematically collecting MP data from 70 sampling
sites and analyzing the MP flux in relation to wastewater
discharge from upstream WWTPs, this framework offers
comprehensive insights into the influence of wastewater
discharge on MP pollution in major rivers. The use of
regression parameters to delineate this relationship further
enhances our ability to quantify and predict MP movement
and abundance, providing a valuable tool for environmental
researchers and policymakers. This approach not only deepens
our understanding of MP pollution dynamics but also aids in
developing targeted strategies for mitigating the impact of
wastewater discharge on riverine ecosystems, thereby con-
tributing to the broader goal of environmental conservation
and sustainability.

Figure 1. Conceptual framework illustrating the spatial dependence of riverine MPs driven by wastewater discharge within different upstream
boundaries. (a) For each sampling site in a watershed, the total wastewater discharge is calculated within varying upstream boundaries set by
different buffer distances. This ensures that upstream impacts are isolated from downstream discharges, even if they are near. Red dots represent
wastewater discharge from WWTPs. Larger dots indicate higher discharge volumes, while smaller dots indicate lower discharge volumes. (S1, S2, ...,
Sn: hypothetical sampling site locations). (b) Analysis on the spatial dependence of riverine MP flux on wastewater discharge within different
upstream boundaries. This involves constructing linear relationships, determining the distance at which the relationship stabilizes through slope and
intercept analysis, and assessing the contribution of wastewater discharge to riverine MPs based on rivers with different discharge.
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Figure 2. Spatial dependence of riverine MPs on wastewater discharge applied in the Yangtze River Basin. (a) Data mining and grouping on MPs in
the Yangtze River Basin; (b) MP sampling sites in the pure data set; (c) MP sampling sites in the hybrid data set; (d) delineation of watershed and
subwatershed boundaries to identify respective watershed boundaries for each sampling site; (e) wastewater discharge in the Yangtze River Basin;
and (f) taking sampling site S19 as an example, the identification of watershed boundaries, along with 50 km interval buffer distance (i.e., upstream
boundaries) to ascertain wastewater discharge quantities associated with different upstream boundaries. This schematic procedure was iteratively
applied to all other sampling sites.
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2. MATERIALS AND METHODS
We proposed a framework for quantifying the spatial
dependence of riverine MP flux on wastewater discharge
from upstream WWTPs (Figure 1). This framework, divided
into two main modules�watershed-scale identification and
spatial dependence quantification�primarily focuses on
wastewater discharge as a key correlating variable, considering
its location, discharge volumes, and river discharge.
2.1. Data Mining and Grouping. 2.1.1. Literature

Mining. Starting from the perspective that wastewater
discharge from WWTPs is the primary source of riverine
MPs, we sought to explore the spatial extent and distribution of
wastewater discharge and how it affects MP abundance in
rivers. The Yangtze River, with a length of 6300 km, is the
longest river in China and Asia and the third longest river in
the world, with a highly mismanaged plastic waste
generation.4,30 We compiled research for the Yangtze River
Basin (the most studied region on MPs in the world31) with
high data integrity and availability by searching literature in the
Web of Science and Scopus in June 2022. Our query included
“Yangtze” and “microplastic*” and was limited to literature-type
“Article”, yielding 60 articles. After systematically reviewing
each article and discerning its relevance, we identified 45
articles with data related to MPs in the Yangtze River. The
relevant articles were further classified into five categories,
including surface water (25 articles), sediment (14 articles),
soil (2 articles), biota (5 articles), and others (7 articles). The
subset focusing on surface water was further subdivided into
five categories based on sampling site location, including
mainstream (7 articles), tributary (5 articles), estuary or ocean
(9 articles), reservoir or lake (9 articles), and others (4
articles). We utilized data reported for surface water from the
mainstream of the Yangtze River (7 articles) in our primary
analysis to contextualize the findings (Figure 2a). We
exclusively selected these data for the following reasons: first,
river surface water directly receives wastewater discharge;
second, the scientific literature on surface water MPs in the
Yangtze River was comparatively more extensive than that of
other research subjects; and third, conducting MP analysis in
the mainstream of the Yangtze River provides a more
representative assessment than in other locations, as the
overall impact on MPs can be effectively captured across the
entire watershed, including the influence of wastewater
discharge from tributaries.

2.1.2. Data Grouping. Data harmonization in MP research
is challenging due to the use of nonstandardized methods
across studies.32 From the retrieved articles, we selected the
study by Yuan et al. (2022)21 as our benchmark (thereafter,
named the “pure dataset”) since it covered the entire basin,
utilized a bulk sampling method for surface water, and
collected data during the dry season. Sampling during the
dry season helps to reduce the effects of water flow scouring on
MPs, enhances sampling precision, and eliminates precipitation
interference,14,33 thus providing an accurate reflection of the
relationship between wastewater discharge and riverine MPs.
Other studies were integrated, owing to their investigations of
the Yangtze River Basin being concentrated only on specific
river sections and having relatively fewer sampling sites. This
integration yielded a data set comprising multiple studies,
thereby facilitating assessment of the framework’s applicability.
Due to the lack of uniformity in sampling methods, compiling
and analyzing studies on riverine MPs can be challenging,

especially since different methods and mesh sizes can
significantly impact results.34,35 To address this, we metic-
ulously reviewed all sampling information from the seven
selected articles, including the sampling method, water sample
volume, sampling depth, sampling time, and mesh size (Table
S1). To minimize variation caused by different sampling
techniques, we focused on three studies that used water
filtering as their sampling method: Feng et al. (2021), Xiong et
al. (2019), and He et al. (2021), with mesh sizes of 20, 64, and
48 μm, respectively. We refer to the data from these studies as
a “hybrid dataset” (Figure 2a).
2.2. Watershed-Scale Identification. 2.2.1. Hydrologic

Data. Identifying the sampling site locations, the extent of the
watershed to which they corresponded, and the amount of
wastewater discharge within the watershed was essential. Thus,
we developed a watershed-scale process for identifying riverine
MPs and the corresponding wastewater discharges within the
watershed boundaries. First, we identified MP sampling site
locations in the river. Second, based on the position of each
sampling site, we used available hydrological connectivity data
such as elevation, flow direction, and river network
morphology36 to identify the corresponding watershed area.
Finally, we spatially overlaid the data of the wastewater
discharge outlet points within the watershed boundaries.
We applied the above-mentioned process in the Yangtze

River Basin, as shown in Figure 2. The sampling site locations
of surface water MPs were vectorized using ArcGIS 10.5
software (Environmental Systems Research Institute, Inc.,
Redlands, CA, USA), utilizing data obtained through literature
data mining. The vectorized data comprised the pure (Figure
2b and Table S2) and hybrid (Figure 2c and Table S3) data
sets. The river system and watershed boundaries were used for
determining the spatial extents of riverine MPs and wastewater
discharge. The hydrologic features (river system and watershed
boundaries) were derived from the HydroRIVERS and
HydroBASINS databases (https://www.hydrosheds.org/, ac-
cessed on August 15, 2022). The river system was divided into
very large (>10,000 m3/s), large (1000−10,000 m3/s), and
medium (100−1000 m3/s) rivers according to the amount of
discharge.37 Different watershed and subwatershed boundaries
were selected according to the MP sampling site locations
(Figure 2d). After identifying the riverine MPs at the sampling
sites in the mainstream of the Yangtze River Basin and the
corresponding watershed boundaries, we proceeded to
calculate the wastewater discharge from WWTPs within the
watershed area. The wastewater discharge data from WWTPs
were derived from the HydroWASTE database, which is a
spatially explicit global database of 58,502 WWTPs and their
characteristics (https://www.hydrosheds.org/, accessed on
September 3, 2022). To estimate wastewater discharge
amounts, we employed the “WASTE_DIS” field, which refers
to the amount of treated wastewater discharged by the
WWTPs in m3/day (m3/d).38 A total of 808 WWTP outfalls
were reported in the Yangtze River Basin with a total discharge
of 2.94 × 107 m3/d (Figure 2e).

2.2.2. Upstream Boundaries. Upstream boundaries in
geography refer to the upstream extent of a watershed,
specifically the area along the river in the region through which
it flows in the upstream direction. Herein, we utilized the
buffer function in ArcGIS 10.5 software to establish the
upstream boundaries corresponding to each sampling site at
different buffer distances. The buffer distance was centered on
the sampling site, extending a specified spatial distance
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outward to generate a new region,39 enabling the spatial
dependence of riverine MPs on wastewater discharge to be
assessed within varying upstream boundaries, with a buffer
distance interval at 50 km. Notably, some sampling sites lacked
an upstream watershed beyond a certain distance, resulting in
identical wastewater discharge characteristics for all analyses
conducted beyond that point. The identification of upstream
boundaries applied in the Yangtze River Basin is illustrated in
Figure 2f.
2.3. Spatial Dependence Quantification. We con-

structed an approach to elucidate the spatial dependence of
riverine MPs on wastewater discharge within various upstream
boundaries. This spatial dependence was mainly characterized
by spatial relationship, distance, and contribution. First, we
established the spatial relationship between the MP flux and
wastewater discharge within different upstream boundaries.
Second, we calculated the spatial distance by considering the
trends in the slope and intercept. Finally, we estimated the
spatial contribution of wastewater discharge in rivers with
different discharges to riverine MP pollution.

2.3.1. Spatial Relationship. We performed least-squares
linear fitting to analyze the relationship between wastewater
discharge and riverine MP flux within different upstream
boundaries. Additionally, we conducted normality, hetero-
scedasticity, and autocorrelation tests on the residuals of the
fitted linear models using the Shapiro−Wilk, Breusch−Pagan,
and Durbin−Watson tests, respectively. In Python, these tests
were performed using the “scipy.stats.shapiro” function for the
Shapiro−Wilk test, “statsmodels.stats.diagnostic.het_breusch-
pagan” for the Breusch−Pagan test, and “statsmodels.stats.-
stattools.durbin_watson” for the Durbin−Watson test. These
tests aimed to verify the appropriateness of the model
assumptions, thereby ensuring accuracy and reliability of the
model predictions. Lastly, we plotted the change in Pearson’s
correlation coefficient (r) between wastewater discharge and
riverine MPs within different upstream boundaries to observe
their variations. A significantly high and strong r value (r > 0.6,
p < 0.05) suggested a significant and correlated impact of the
independent variable (wastewater discharge) on the dependent
variable (riverine MP flux). By contrast, a nonsignificant r
value indicated that the MPs at the sampling site were strongly
influenced by factors other than wastewater discharge, leading
us to reject the hypothesis that wastewater discharge was the
primary source of riverine MPs for that site.
To further discuss the differences between the pure and

hybrid data sets, we examined the spatial autocorrelation
degree of riverine MP abundance at sampling sites and their
proximity to cities. Spatial autocorrelation, which refers to the
correlation between observations at different locations in
geographical space,40 was analyzed because we speculated a
cumulative effect on riverine MP abundance from upstream to
downstream in a large basin.41 We utilized GeoDa software
(https://geodacenter.github.io/index-cn.html) to compute the
spatial autocorrelation, employing Global and Local Moran’s I
indices as measurement metrics. The Global Moran’s I index
provides insights into the overall spatial autocorrelation across
the entire geographical space, with a numerical value ranging
from −1 to 1. Positive values indicate clustered spatial patterns,
implying the aggregation of similar values; negative values
suggest dispersed spatial patterns, indicative of dissimilar
values, while values close to zero imply a lack of discernible
spatial autocorrelation, indicating a relatively random spatial
distribution. Furthermore, the Local Moran’s I index facilitates

finer-grained analysis than the Global Moran’s I index, allowing
for the identification of specific local patterns. High values
spatially clustered together signify a high−high cluster, whereas
low values exhibiting clustering indicate a low−low cluster.
This nuanced approach provides a detailed understanding of
localized spatial patterns, contributing to a comprehensive
analysis of the spatial distribution of MP abundance. The
distance calculation for the sampling site to the nearest city was
implemented with ArcGIS 10.5 software. Meanwhile, urban
levels were classified based on administrative hierarchy from
high to low, including provincial capitals, prefecture-level cities,
and county-level cities, generally corresponding to their
respective population size.

2.3.2. Spatial Distance. The deposition of riverine MPs due
to wastewater discharge is influenced by various factors,
limiting their impact downstream. Thus, the MPs at a given
river sampling site are likely closely related to wastewater
discharge within a certain upstream boundary, and the
relationship between wastewater discharge and riverine MPs
becomes relatively stable. In this state, the increase in
wastewater discharge no longer substantially influences the
MP abundance, and the slope and intercept of the linear
equation should exhibit minimal changes and remain at
relatively small values.42 Actually, if wastewater discharge
within a certain range provides sufficient predictive informa-
tion, additional wastewater discharge beyond a specific
upstream boundary may be less important. For this study,
we performed a stability analysis of the independent variable
(i.e., wastewater discharge) and the dependent variable (i.e.,
riverine MP flux) based on the equation parameters (slope and
intercept) of the linear fit. To determine stability, we plotted a
line graph of slope and intercept trends for different upstream
boundaries. We considered the data in the upstream boundary
series as tending toward stationarity when the variance of ten
consecutive data points after a specific point was <5% or
10%.43 To further verify the stability of the series data, we
conducted the augmented Dickey−Fuller (ADF) test to
determine the presence of a unit root in both series around
a specific point.44 Based on the determination of stability and
results of the ADF test, we identified the upstream boundary
wherein the variance was minimal, and the series was
stationary. This boundary represented the spatial distance at
which riverine MP abundance depended on wastewater
discharge.

2.3.3. Spatial Contribution. Riverine MP abundance was
related to the amount of wastewater discharged from WWTPs
and the type of river in which the wastewater was discharged.
For example, wastewater discharged into a slow-flowing river
may result in relatively fewer MPs being carried downstream
and a great proportion of MPs being deposited.14 Conversely,
MPs are more likely to be transported downstream when
wastewater is discharged into a fast-flowing river, potentially
leading to MPs being carried over longer distances.28 To
address this phenomenon, we categorized the wastewater
discharge in rivers into five groups based on the “RIVER_DIS”
field: X1, very low discharge (0−10 m3/s); X2, low discharge
(10−100 m3/s); X3, medium discharge (100−1000 m3/s); X4,
high discharge (1000−10,000 m3/s); and X5, very high
discharge (>10,000 m3/s)37 (Table S7). This classification
allowed us to examine the contribution of wastewater
discharge to riverine MPs under different river discharge
conditions.
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For this purpose, the primary boundary range affecting MPs
in the Yangtze River was identified based on spatial distance,
and further assessments were conducted within this upstream
boundary range to examine the correlation between wastewater
discharge in rivers with different amounts of discharge and
riverine MPs. Significant correlations provided preliminary
evidence of the relationship. Subsequently, we performed
dominance analysis (DA)45 by constructing multiple linear
regression equations to analyze the relative contributions of
wastewater discharge in rivers with different discharge amounts
to the MP flux. DA, a method for assessing the relative
importance of independent variables in multiple regression,
reveals the contribution of each variable by comparing the
reduction in explanatory power when excluding individual
variables, providing insights into their relative contributions to
the overall model. The multiple linear regression equation
could be expressed as shown in eq 1. The contributions of
independent variables should be equivalent to their marginal
utility in the goodness of fit (R2). The marginal utility of the
independent variable xk to R2 could be expressed as shown in
eq 2. Herein, the analysis was mainly implemented using the
“domin” command in Stata MP17 software (StataCorp LLC,
College Station, TX, USA). Five independent variables were
introduced for wastewater discharge in rivers with X1, X2, X3,
X4, and X5. A multiple linear regression equation was obtained
by substituting these variables into eq 1, which was then
applied to eq 2 to obtain the contributions of the five
independent variables to riverine MPs

= + + + + + +y a b x b x x b x x eb b1 2 2 2 3 3 4 4 5 5X X X X X X X X X X
(1)

= [ = + + + ]

[ = + + + *]

M R y a b x b x e

R y a b x b x e

j s
j j k k

j s
j j k k

K
2

2

(2)

where s is another independent variable that does not contain
the variable k. This equation was employed to essentially
calculate the difference between the R2 values of complete
regression and the regression excluding the variable k. Since
the coefficient of regression usually changes after removal of an
independent variable, the coefficient of regression that did not
include the variable k was expressed as *.

3. RESULTS
3.1. Riverine MP Flux Is Correlated with Upstream

Wastewater Discharge.Wastewater discharge from WWTPs
and riverine MP flux was significantly correlated (r > 0.6, p <
0.05), especially within the pure data set. In this data set, the
correlation between wastewater discharge and riverine MP flux
showed a linear fit at upstream boundaries of 50 km (R2 =
0.13; p < 0.05), 100 km (R2 = 0.29; p < 0.01), and 1550 km
(R2 = 0.94; p < 0.001). As the upstream boundary increased at
50 km intervals, reaching the maximum upper boundary of
2450 km (i.e., the distance from the sampling site at the
Yangtze River estuary to the farthest wastewater discharge
outlet in the upper reaches), the R2 value of the linear fit
reached 0.98 (p < 0.001) (Figure 3a). Meanwhile, the

Figure 3. Spatial relationship between wastewater discharge and riverine MP flux within different upstream boundaries in the pure data set. The
Shapiro−Wilk test, with p-values < 0.05 indicating non-normal residuals, the Breusch−Pagan test where significant values (p-values < 0.05) suggest
heteroscedasticity, and the Durbin−Watson test where values near 2 imply no autocorrelation, values closer to 0 indicate positive autocorrelation,
and values closer to 4 indicate negative autocorrelation.
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Pearson’s correlation coefficient (r) value gradually increased
from 0.36 at 50 km to 0.94 at 750 km, followed by a less
pronounced change in the trend, reaching its peak of 0.98 at
1900 km (Figure 3b and Table S2). In the hybrid data set, the
correlation showed a linear fit at the upstream boundaries of 50
km (R2 = 0.10, p = 0.08, not significant) and 100 km (R2 =
0.22, p < 0.01). The R2 value of the linear fit progressively
increased in 50 km increments, reaching 0.48 (p < 0.01) at the
maximum upper boundary of 2450 km (Figure S1a).
Concurrently, the r value demonstrated a gradual increase
from 0.31 at 50 km to a peak value of 0.75 at 1050 km, with
notably elevated values observed within the range of 900−
1200 km (Figure S1b and Table S3).
A linear regression model with a strong r and satisfied

assumptions ensures reliable predictions and valid insights at
long upstream boundary distances in the pure data set.
Applying the Shapiro−Wilk normality tests in the pure data
set, it was evident that MP flux significantly deviated from
normality in the upstream boundaries between 50 and 200 km,
with p-values all below 0.05 (Figure 3c and Table S4).
However, from 500 km onward, the distributions approached
normality, particularly between 1350 and 1450 km, where p-
values neared 0.9, indicating a closer adherence to a normal
distribution. The Breusch−Pagan test results generally showed
p-values greater than 0.05 across most distances, indicating a
lack of strong evidence of heteroscedasticity in the residuals of
our linear models. However, notable exceptions included a
significant result at 500 km (p = 0.037) and a trend toward
lower p-values in distances beyond 2000 km, suggesting
potential issues in uniform variance as distance increase. The
Durbin−Watson statistic demonstrated a decrease in positive
autocorrelation as upstream boundaries increased, with values
steadily rising from 0.366 at 50 km to 1.891 at 2000 km. This
pattern suggests that autocorrelation concerns were substan-
tially reduced at greater distances, enhancing the reliability of
the regression models applied. Additionally, the hybrid data
set, comprising different upstream boundaries for wastewater
discharge and MP flux, underwent linear regression fitting as
well as tests for basic assumptions of linear models. The fit was
inferior compared to the pure data set, and the results of the
assumption tests were not satisfactory (Figure S1 and Table
S5). This implied that the hybrid data set might have had
significant heterogeneity or complexity, making it difficult for
traditional linear regression models to effectively explain or

predict the relationship between the wastewater discharge and
riverine MP flux.
3.2. Riverine MPs Are Subject to Long-Distance

Wastewater Discharge. Wastewater discharge within an
upstream boundary of >1000 km significantly influenced the
presence of riverine MPs in the Yangtze River (p < 0.01). The
linearly fitted equations for wastewater discharge and riverine
MP flux within different upstream boundaries indicated that
the slope and intercept gradually reached a steady state after a
certain buffer distance. This implied that wastewater discharge
less influenced MPs beyond a specific upstream boundary. The
slope in the pure data set continued to decrease from 0.019 at
50 km to 0.0044 at 1050 km, with a maximum variation of over
−25.00% (Figure 4a and Table S6). The slope then decreased
from 0.0042 at 1100 km to 0.0028 at 2450 km, but the
variation was <5% at ten consecutive points, with a maximum
variation of −4.06% (Figure 4a). The ADF test results
indicated that the test statistic (t) for series with an upstream
boundary <1050 km was 1.78 (p > 0.1), indicating non-
stationarity. The test statistic (t) for series with an upstream
boundary >1100 km was −3.31 (p < 0.05), suggesting
stationarity (Figure 4a). The intercept in the pure data set
decreased from 22, 075.45 at 50 km to −5109.47 at 800 km,
with a maximum variation of over −40.00% (Figure 4b and
Table S6). From 850 to 2450 km, the intercept fluctuated from
−5016.24 at 850 km to −1535.57 at 2450 km. Although not all
ten consecutive points had a variation of <10%, but 97.00% of
points had variation of <10%, with a maximum variation of
14.24% (Figure 4b). The ADF test results also showed that the
test statistic (t) for the series with an upstream boundary <900
km was 1.91 (p > 0.1), indicating nonstationarity. By contrast,
the test statistic (t) was −2.87 (p < 0.05) for the series with an
upstream boundary >1000 km, indicating stationarity.
3.3. Variable Contribution of Wastewater Discharge

from Different Locations. The contribution between
wastewater discharge and riverine MP flux within the Yangtze
River Basin was more pronounced in rivers with a discharge
exceeding 100 m3/s compared to those with lower discharge
levels. The contribution of wastewater discharge in these
higher discharge rivers to MP pollution in the mainstream of
the Yangtze River exceeded 65%. All wastewater discharges in
rivers with different discharge amounts exhibited a significant
correlation with riverine MP flux. The R2 values for X1 (rivers
with very low discharge), X2 (rivers with low discharge), X3
(rivers with medium discharge), X4 (rivers with high

Figure 4. Trends in the slope and intercept used to determine the spatial distance between wastewater discharge and riverine MP flux in the pure
data set. The t-value represents the test statistic of the ADF test. A p-value < 0.1 rejects the original hypothesis, indicating stationarity, whereas a p-
value > 0.1 fails to reject the original hypothesis, suggesting nonstationarity. The gray areas depict ±5% or ±10% variation intervals.
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discharge), and X5 (rivers with very high discharge) were 0.70
(p < 0.01), 0.71 (p < 0.01), 0.71 (p < 0.01), 0.92 (p < 0.01),
and 0.83 (p < 0.01), respectively (Figure 5a). The relative
contributions of wastewater discharge to MP pollution
indicated that the highest contribution occurred in rivers
with high discharge (X4), reaching 29.1%, followed closely by
those with very high discharge (X5), with a contribution of
20.9%, while rivers with low discharge contributed to 17.8% of
MP pollution (with the highest amount of wastewater
discharge under this condition). Rivers with medium discharge
contributed to 16.2% of MP pollution, and those with low
discharge had the lowest contribution at 16.0% (Figure 5b).
The analysis revealed that wastewater discharge in rivers with
low and very low discharge collectively contributed to >50% of
total basin discharge, although their contribution to MP
pollution in the mainstream of the Yangtze River was only
32%. The results indicated that MPs in the mainstream of the
Yangtze River Basin primarily originated from wastewater
discharge in rivers with a higher discharge. Nevertheless, the
contribution from rivers with a low discharge could not be
overlooked.

4. DISCUSSION
4.1. Data Set with Positive Spatial Autocorrelation

Better Explains the Relationship with Basin-Scale
Wastewater Discharge. The strong correlation between
long-distance upstream wastewater discharge and riverine MP
flux was confirmed through hypothesis testing, but the spatial

dependence framework proved ineffective for the hybrid data
set. Since the wastewater discharge at each sampling site was
known and constant across different upstream boundaries, the
variations in discharge were solely due to differing buffer
distances. However, the abundance of MPs in the river was
influenced not only by wastewater discharge but can also be
affected by surrounding environmental factors.14,15,18,20 Several
reasons may account for why the pure data set fits the spatial
dependence framework, while the hybrid data set did not. The
Moran’s I index of the pure data set was up to 0.90, indicating
a strong spatial autocorrelation of riverine MPs and a cluster
distribution (Figure 6a). By contrast, the Moran’s I index of
the hybrid data set was 0.53, indicating a weaker spatial
autocorrelation than in the pure data set (Figure 6b). The MP
abundance demonstrated a significant high−high cluster (p <
0.05) in the lower reaches of the basin, while the upper and
middle reaches showed a significant low−low cluster (p <
0.05), with a good clustering effect. The high−high and low−
low cluster distribution of riverine MPs became more evident
as the value of Moran’s I index increased, suggesting that
neighboring sampling sites had similar values, and that MP
abundance at downstream sites was significantly influenced by
upstream sites with similar abundance values. Therefore, we
could infer that the primary driver for the riverine MP data set
with strong spatial autocorrelation was long-distance waste-
water discharge, while the data set with weak spatial
autocorrelation was influenced not only by wastewater
discharge but also significantly by other factors.

Figure 5. Spatial contribution of wastewater discharge to riverine MP flux under different river discharge conditions. X1: very low (0−10 m3/s);
X2: low (10−100 m3/s); X3: medium (100−1000 m3/s); X4: high (1000−10,000 m3/s); and X5: very high (>10,000 m3/s).
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The pure data set, sourced from a single article,21 exhibited a
high Moran’s index of 0.90, indicating extremely high spatial
autocorrelation between sampling points (Figure S2a). Despite
efforts to ensure the selection of studies utilizing a consistent
sampling method, the Moran’s index of the hybrid data set,
derived from three different articles, was 0.53, indicative of a
reduced spatial autocorrelation. Therefore, we formulated
various hypotheses to elucidate the reasons underlying the
spatial heterogeneity observed in the hybrid data set. Notably,
in the hybrid data set, there were significant variations in MP
abundance at two sampling sites near each of Yueyang, Wuhan,
and Nanjing, with up to a fourfold difference across seasons
(Figure S2b). The variability in MP abundance at the same
location was a notable characteristic, primarily influenced by
factors such as seasonal changes, human activities, climatic
conditions, and urban emissions.33,34 Furthermore, the
obstructive effect of the Three Gorges Dam located in the
upper reaches of the Yangtze River caused in the deposition of
MP in the river, resulting in significantly higher MP abundance
upstream of the dam.46,47 In addition, the lack of standardized
and completely consistent sampling methods may have
contributed to differences in MP abundance, thus affecting
the spatial autocorrelation between sampling sites.34,48

In the hybrid data set, the median distance of sampling sites
from cities was 9.8 km, positioning them closer to urban areas
compared to those in the pure data set, in which the median
distance was 16.8 km (Figure S2c). Additionally, nearly 50% of

cities proximate to the hybrid data set’s sampling sites were
populous prefecture-level cities, whereas 37% of adjacent cities
were more populated prefecture-level cities in the pure data
set, with the majority (47%) being less populated county-level
cities (Figure S2d). This arrangement indicated that the
selection of sampling sites in the hybrid data set was designed
to focus on studying the spatial variability of MPs specifically in
urban rivers. We hypothesize that the reduced spatial
autocorrelation among sampling sites situated in urban rivers
was attributable to the variability in MP abundance, influenced
by discharges from nearby and upstream WWTPs. Addition-
ally, the substantial influx of MP entering the river through
road discharge and sewer sediment scouring, often exacerbated
by inadequate municipal waste management practices, likely
contributed to this variability.49−51 In summary, the spatial
dependence framework of riverine MPs on wastewater
discharge is suitable for the pure data set. However, this
correlation may not be applicable to sampling sites near urban
areas, which may provide a data set with spatial variations that
are strongly influenced by the surrounding environment. These
data sets exhibited nonspatial gradient characteristics from
upstream to downstream.
4.2. Basin-Wide Dependence of Riverine MP Flux on

Wastewater Discharge. We proposed a new strategy for
quantifying the source of MPs and describing their spatial
pattern. The size of the river channel and amount of discharge
affects the flux and transport distance of pollutants in

Figure 6. Spatial autocorrelation of MP abundance in the (a) pure and (b) hybrid data sets in the Yangtze River Basin. The Global Moran’s I index
measures spatial autocorrelation: positive values indicate clustering, negative values suggest dispersion, and values near zero imply randomness. The
Local Moran’s I highlights a specific pattern with a high−high cluster of high values and a low−low cluster of low values.
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rivers.27,52,53 Herein, we highlighted that MPs in the Yangtze
River could be traced back from wastewater discharge over a
distance of almost 1000 km. With the increase in the upstream
boundary, the dependence of riverine MPs on wastewater
discharge tended to be stable, indicating that the relationship
between MP flux and wastewater discharge seemingly reached
a state of equilibrium and no longer exhibited a significant
increase, as initially occurred with the increasing amount of
wastewater discharge. This conclusion was supported by
riverine MP transport27 in which MP loss per kilometer from
the source (river discharge: 0.01 m3/s) to the mainstream
(river discharge: 70 m3/s) was reportedly 5%. Hence, it was
estimated that MPs discharged at a certain point could be
transported up to 50−100 km. Based on the study findings, we
can further infer that the transport of MPs in the Yangtze River
can reach >1000 km.
The primary contribution to MP pollution in the Yangtze

River originated from wastewater discharge near the main
channel. On the one hand, this was because low-discharge
rivers were often located in the watershed’s tributaries,37

leading to long distances between sampling sites for MPs in the
mainstream. On the other hand, low-discharge rivers have
limited capacity for MP transport, which may result in
deposition before reaching the mainstream.27 The results of
the DA indicated that, despite very small and small rivers
contributing only to 32% of the wastewater discharge in the
mainstream of the Yangtze River, the wastewater discharge into
such water bodies exceeded 50% of the total basin discharge.
Therefore, in studying pollutants at a large basin scale, we
should not only pay attention to mainstream wastewater
discharge but also recognize the contribution of tributary
wastewater discharge.
4.3. Outlook. Our study established a strong linear

correlation between wastewater discharge (key correlating
variable) and riverine MP flux within long upstream
boundaries, which passed the hypothesis tests. The approach
proposed in our study effectively simplified the complex
transport processes of riverine MPs by focusing on calculating
the correlation between wastewater discharge and river MP
flux, efficiently utilizing existing data, and avoiding the
challenges of mechanistic modeling.27,28 By establishing a
strong linear relationship between these variables over long
distances, this study inferred the influence of long-distance
wastewater discharge on the river MP flux. However, our
spatial dependence framework primarily considered the
riverine MP flux, wastewater discharge from WWTPs, spatial
location of the wastewater discharge, and impact of different
runoff volumes entering the river. These were the main
external factors affecting the transport distance of riverine MPs.
Our model did not directly explore the differences between
MPs with different characteristics, such as density, shape, and
chemical composition, nor did it include the impact of biofilms
produced by wastewater discharge on the transport of MPs in
rivers.15,16,28 Despite these limitations, we believe that it is
feasible to use our spatial dependence framework to establish
the spatial dependence relationship between MPs with
different characteristics and the amount of wastewater
discharge.
A comprehensive mass balance approach to MPs is needed

to quantify the spatial dependence of riverine MP abundance
on wastewater discharge from WWTPs in aquatic ecosystems.
While it is feasible to address how much the upstream
boundary range influences the significance of the correlation

between wastewater discharge and MP abundance, we
recommend employing a mass balance approach to obtain a
thorough understanding.30,54,55 In future mass balance
calculations of riverine MPs, the aquatic system boundaries
of interest need to be specified according to numerical
simulation or emerging technologies56 in order to determine
which boundaries are relevant to samples and to monitor or
assess the MP flux at each boundary. For a river MP boundary,
at a minimum, this should include the MP flux in upstream
water, the effluent from WWTPs,16,54 and when exiting the
river. This further validation will help to confirm the accuracy
of our framework in identifying the spatial dependence of
riverine MPs on wastewater discharge. Certainly, other
boundaries that could potentially serve as sources or sinks
should also be taken into consideration, including riverbeds
and riverbanks, other surface water media, and atmospheric
media.5
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