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MACHINE LEARNING ANALYSISOF COASTAL WATER
POLLUTION IN CHINA: DRIVERSAND COMPLEX
RELATIONSHIPS

Abstract: This study investigates the nonlinear effects afi@conomic, pollution control, and technological
innovation factors on seawater pollution using ané3alised Additive Model (GAM) and panel data from
11 Chinese coastal provinces (2018-2023). Key fiigsliindicate: (1) Chemical Oxygen Demand Emissions
(CODE) from direct marine discharge sources shaavimporal pattern of “initial increase, subsequectease,
and gradual stabilisation”, with significant sphtiaterogeneity - Zhejiang recorded the highesssioins, Tianjin
the lowest; (2) GAM revealed significant nonlineeglationships between most variables and CODE;
(3) Factor impacts exhibited distinct range-depehdbaracteristics. These findings provide a sifiertiasis for
identifying key pollution sources and formulatingfetentiated control strategies, leading to taegepolicy
recommendations.

Keywords: seawater pollution, sustainable development, machdarning, generalised additive model (GAM),
nonlinear effects

I ntroduction

Marine pollution presents a severe threat to glabakine ecosystems and poses
a critical challenge to achieving the United NasiofyN) Development Goals (SDGSs).
As a key indicator of coastal environmental heatbawater pollution directly reflects
ecosystem status and is intrinsically linked tot&usble Development Goal 14 (SDG 14),
which aims to "conserve and sustainably use thergeseas and marine resources”.
This goal explicitly commits to preventing and sfgrantly reducing all forms of marine
pollution by 2025, with a specific focus on landsbd activities, marine debris, and nutrient
pollution. It further encompasses systematic gomece tasks such as mitigating
eutrophication and addressing ocean acidificatidlimately, these objectives seek to
implement integrated land-sea coordination in cahpnsive governance. This approach
reduces pollutant damage to marine biodiversity awdsystem functions, safeguards
marine ecosystem integrity and services, and essthie sustainable use of marine
resources for human well-being and global ecoldgieaurity.

As a complex and systemic environmental issue, atawpollution arises from the
interplay of multidimensional and multifactorial idgrs. Traditional studies, often
approaching the problem from a single perspectivehsas industrial emissions or
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agricultural non-point source pollution, have bderited in their ability to fully elucidate
its comprehensive driving mechanisms. In realibgi@economic factors - including coastal
economic growth patterns, industrial pollution cohtefforts, agricultural fertiliser
application, technological innovation levels, amtbanisation processes-collectively form
a complex network influencing coastal environmengalality. Therefore, unravelling
the complex causal pathways between these multigiioeal drivers and seawater
pollution-particularly their potential nonlinear mymics-holds critical significance for
developing nuanced coastal environmental managermefities and represents the
fundamental rationale for this investigation.

Compared to existing research, this paper demdastianovation in the following
three aspects. First, it breaks new ground in rekeeontent. Previous studies have often
focused on single-dimensional variables, lackingraegrated analytical framework. This
paper systematically investigates the combinedceff@f economic, pollution control,
pollution source, technological, and urbanisatiactdrs on seawater pollution, aiming to
reveal the comprehensive mechanisms of multi-fagttaractions. Second, it introduces
methodological innovation. Existing studies on ithifuencing factors of seawater pollution
predominantly rely on traditional econometric magelvhich typically assume simple
linear relationships among variables, despite thenpiex interconnections in reality.
To address this, the paper employs a Generaliseitivel Model (GAM) from the field of
machine learning to identify and analyse potentiahlinear effects of variables on
seawater pollution. Compared to conventional regoasmethods, machine learning offers
superior fitting accuracy, providing a more relabind efficient analytical tool for studying
influencing factors in the marine environment. BEmplication of machine learning in this
domain also represents a valuable extension oéxlsting methodological toolkit. Finally,
it offers advantages in the practical value of aesle conclusions. By using the GAM
model, the dynamic evolution paths of differenti@ales affecting seawater pollution can
be delineated in detail. This analysis not onlypd#s the understanding of the complex
mechanisms between various factors and seawatkttipolbut also provides a scientific
basis and precise decision-making support for #sgth and implementation of relevant
policies. Based on the nonlinear patterns and dimaharacteristics revealed by the GAM,
critical insights can be offered for developing edrand categorised coastal environmental
management strategies, thereby enhancing the iteggend effectiveness of marine
pollution governance.

This paper comprises five distinct sections. Thesequent section offers a review of
existing scholarship concerning marine environmeptdlution and the roles played by
different variables in the marine ecosystem. Failhgwthat, the following section outlines
the research design, detailing the methodologippt@ach, criteria for indicator selection,
and data sources employed. The penultimate sectioalyses the spatiotemporal
distribution characteristics of seawater pollutievith a particular focus on the specific
impacts exerted by various influencing factors. Tihal section synthesises the principal
findings and advances targeted policy recommenastidhese suggestions focus on
critical areas including economic development, orkation, and the management of
industrial and agricultural pollution, offering eiantific basis for reconciling coastal region
development with the conservation of the maringérenment.
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Literaturereview

Marine environmental pollution

Marine environmental pollution, as a global challenwith diverse sources and
far-reaching impacts, has become one of the majpediments to achieving SDG 14 [1].
Existing studies have extensively documented terde categories of marine pollutants
and their associated ecological risks. Among thdaad-based pollution is widely
recognised as the primary source of marine pohufi®]. Among various pollutants,
eutrophication caused by nutrient salts and orgaoitutants is particularly prominent.
For instance, Zhang et al. [3] found in their studyTieshan Bay that indicators such as
chemical oxygen demand were significantly influehdsy land-based inputs [3]. Further
research by Nan et al. [4] in the Pearl River Bstuavealed that the synergistic effect
between nutrient inputs and reduced suspended sgatlinis a key factor driving the
expansion of hypoxic zones in the region, highiigitthe complex environmental effects
of pollutants after they enter the sea [4]. Meatsyhiemerging contaminants pose
an increasingly prominent threat. Numerous stubd@s reported the widespread presence
of microplastics in coastal waters [5, 6]. Throulgtike 21 modelling of microplastic
transport in the Zhoushan Archipelago, Li et al. 6t only confirmed their ecological
risks but also demonstrated the complex influenfcbydrodynamic forces and seasonal
variations on pollutant dispersion, suggesting ptdé nonlinear dynamic processes
between driving factors and pollution outcomes til@nmore, issues such as heavy metals
and antibiotic resistance genes mediated througiropiastic transmission collectively
constitute multiple environmental pressures ontedasosystems [7, 8].

Influencing factor s of seawater pollution

Seawater pollution results from the combined effaxft natural processes and human
activities, with intricately intertwined driversxisting literature has primarily explored the
following dimensions: Firstly, socioeconomic fag@erve as fundamental drivers. Sun et
al. [9] demonstrated that tourism concentration &intkch development were found to
exacerbate coastal carbon footprints and waterufpatl, indirectly reflecting the
environmental impacts of economic development patte~an et al. [10] identified coastal
aquaculture expansion as a key driver of mangrauaevability, further illustrating the
direct environmental effects of economic activiti€bese findings collectively suggest that
the relationships between economic factors andremwiental pressure may not follow
simple linear patterns. Secondly, pollution contnelestment serves as a crucial regulatory
mechanism. Industrial pollution control investmeapresents an important indicator of
societal commitment to addressing environmentaleiss However, the effectiveness of
such investments may not be immediately realisegrmational experience demonstrates
that effective pollution control requires not orfipancial input but also a sound legal
regulatory framework and public awareness, suggggtiat the efficiency of governance
investment may exhibit diminishing marginal retuorsan optimal range [11, 12]. Thirdly,
agricultural production constitutes a major nonap@ource. The application of agricultural
fertilisers is closely associated with non-pointuee pollution. A meta-analysis by
Adebanjo-Aina and Oludoye [13] confirmed the sigr@ft impact of nitrogen fertiliser use
on water quality. Further research by Hu et alaikarst basin identified cultivated land,
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particularly sloping farmland, as "critical souraeeas" for nitrogen and phosphorus loss
[14].

Methodologically, conventional studies on the driyifactors of seawater pollution
have predominantly employed correlation analysdsear regression models which fail to
capture the sophisticated nonlinear dynamics amar@gbles [15]. Although emerging
research has begun adopting numerical models diakpgonometric approaches to
elucidate complex mechanisms, the systematic afgic of the GAM from machine
learning to analyse pollution drivers in China’sastal waters remains scarce in the
literature. GAM, as a powerful nonlinear modellitogl, has demonstrated its applicability
and effectiveness across numerous environmentakeolbgical studies. For instance, in
the public health domain, Li et al. [16] succedsgfultiised GAM to reveal nonlinear
relationships between hospital environmental hygiemd infection rates; in species
distribution prediction, the ensemble model by Melet al. [17] demonstrated GAM as
one of the reliable algorithms for predicting clie@nduced nonlinear impacts on species
habitats; in ecological restoration research, Xiele [18] applied GAM to disentangle
complex nonlinear relationships between post-firegatation recovery and multiple
environmental drivers; moreover, in fisheries reseu management and studies
on the impact of land use on disease transmisdi®f2]], GAM has consistently proven
effective in capturing nonlinear effects among &hiés while maintaining excellent
explanatory power. These collective findings demmas GAM’s unique advantages in
handling  multifactorial nonlinear interaction menfsans within  complex
"social-economic-environmental" systems. With isnmbnstrated exceptional nonlinear
fitting capability and interpretability in envirorental fields [22], these cross-disciplinary
successful applications provide crucial methodaabi references and innovative
opportunities for this study’s adoption of GAM tavestigate pollution drivers in China’s
coastal waters.

Recent advancements in 2024-2025 underscore a dadtiyical shift towards
data-driven approaches in environmental researcchivie learning (ML) demonstrates
broad utility, from quantifying urbanisation impaain forest carbon [23] and identifying
key drivers of emissions [24], to disentangling gbem atmospheric processes like ozone
transport [25] and constructing high-resolution &sion inventories [26]. These
applications highlight ML’'s strength in handling mimear, high-dimensional, and
spatiotemporal data. This trend is exemplified igyigicant concurrent advances in GAMSs,
a powerful and interpretable class of ML modelscét® GAM research showcases their
refined capabilities across diverse domains. Irlaggcal studies, Li et al. [27] employed
GAM to reveal nonlinear and seasonal relationsHygéween species resources and
environmental factors in the Yangtze River Estu&igr. air quality analysis under complex
anthropogenic influences, Ji et al. [28] demonsttahe enhanced predictive capability of
GAM combined with transfer learning. To addresstigbeheterogeneity and improve
interpretability, Cheng et al. [29] developed theoGraphical Gaussian Process GAM
(GGP-GAM) for high-precision soil mapping, while @ber et al. [30] systematically
elaborated on using GAMs to construct spatiallyway coefficient models. Furthermore,
addressing model interpretation needs, Lai et3l] introduced the gam.hp R package for
evaluating predictor importance within GAMs. Thdeeused developments indicate that
GAMs continue to be refined in handling nonlinegritspatial complexity, and
interpretability challenges. The demonstrated sfitesn of ML, coupled with the specific
and ongoing advancements in GAM frameworks, stponginforce the rationale for
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adopting GAM in this study to uncover the nuancedp-linear relationships between
anthropogenic drivers and environmental pressur€hina’s coastal waters.

Research design

Resear ch methodologies

GAM is an important class of interpretable modelsmachine learning, effectively
capturing nonlinear relationships between variabled demonstrating strong applicability
in handling complex nonlinear relationships witleinvironmental systems. Compared to
‘black-box’ machine learning models such as Rand@mrest or XGBoost, GAM offers
a superior balance between fitting flexibility arebult interpretability. This characteristic
makes it particularly suitable for the primary dffjee of this study: to not only achieve
accurate predictions but, more importantly, to ust@d and visually interpret the
marginal effects and complex nonlinear dynamicseath driver on seawater pollution
through its smooth function terms. This model ha&erb successfully applied across
multiple environmental research domains: in watgpsy system studies, GAM has been
used to analyse the nonlinear effects of pipe naseand environmental factors on pipe
failure, visually representing variable relatioqshthrough partial dependence plots [32]; in
air quality research, GAM has effectively quantifithe contributions of meteorological
factors and precursors to PM2.5 and ozone cond&misa revealing their nonlinear
response mechanisms [33, 34].

In terms of model structure, the GAM extends thditace framework of traditional
linear models by replacing linear terms with smoatimlinear functions, thereby more
accurately describing the actual relationships betwvariables. The standard multiple
linear regression form is as follows:

Y:B0+B1X1+ﬂ2X2+"'+Bpo+E (1)

whereY is the dependent variablg, is the intercept termg; (i = 1,2,...,p) are the
regression coefficientsy; is thei-th independent variable, ardis the error term.
The GAM replaces each terfpX; in the linear predictor with a smooth nonlineandtion
fi(X;). The model expression is:

Y =00+ fi(X1) + (X)) + -+ f,(X,) + € (2)

This study fits the model using the gam functioonir the mgcv (Mixed GAM
Computation Vehicle) package in the R environmdiiiis method employs an iterative
process to gradually optimise the smooth functioheach variable, effectively capturing
the independent influence of variables while alsintaining the overall interpretability of
the model. By constructing nonlinear smooth terorsefach predictor variable, GAM can
uncover complex data patterns overlooked by traddti linear specifications.
Consequently, while improving prediction accuratlge model clearly delineates the
marginal effects of various drivers on seawater filbal Oxygen Demand Emissions
(CODE), thereby yielding more insightful analytidabls for formulating precise coastal
environmental management strategies.

Definition of variables

The study area of this research comprises China&stal provinces (autonomous
regions and municipalities directly under the caingjovernment). Data were obtained from
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the China Statistical Yearbook and the China MaHgelogical and Environmental Status
Bulletin published by the National Bureau of Stitis of China, covering the period from
2018 to 2023 across 11 provinces (autonomous regiad municipalities) in China, with
the data type being panel data.

Chemical oxygen demand serves as a key compreleeimglicator for measuring the
total amount of organic pollutants in water bodiEiserefore, to directly assess the marine
environmental pressure from land-based activitibis study adopts CODE from direct
marine discharge sources as the dependent varabiag to directly capture the terminal
pressure exerted by land-based socioeconomic tétivin the coastal marine environment.
Focusing on the linkage between coastal developnamt the environment, the
independent variables are specified as follows:s&m@omestic Product (GDP), Industrial
Pollution Control Completed Investment (IPCCI), putt of Agricultural Nitrogen,
Phosphorus and Potassium Chemical Fertilisers (&NB, Number of Domestic Patent
Applications Accepted (NDPAA), and Urbanisation ®@UR). Definitions of all variables
are presented in Table 1, and their descriptiviéstts are provided in Table 2. The data
show that the value of CODE ranges widely from $&anes (tonne = £0y = Mg; [t])
to 61,204 t, with a mean value of 13,327 t.

Table 1
Variables and definitions
Variables Unit Definition
CODE [1] Chemical oxygen demand emissions
GDP [100 million CNY] Gross domestic product
IPCCI [10,000 CNY] Industrial Pollution Control Cauteted Investment
OANPKCE 10,000 ] Output of agricultural ni;rogen, 'p'hosphorus andapsium
chemical fertilisers
NDPAA [item] Number of domestic patent applicati@tzepted
UR [%] Urbanisation rate
Table 2
Variables description statistics
Variables Min Q1 Median Mean Q3 M ax
CODE 552 2,047 7,453 13,327 18,758 61,204
GDP 5,004 25,400 42,839 53,562 79,769 137,905
IPCCI 476 72,682 128,491 212,067 280,529 987,589
OANPKCF 0.84 24.31 49.29 99.49 166.48 472.69
NDPAA 6,451 87,021 161,868 286,305 450,668 993,480
UR 51.83 61.71 71.21 70.33 74.37 89.47

Results and discussion
Spatiotemporal distribution of seawater pollution

Temporal evolution of seawater pollution

Based on data from the 2018-2023 China Marine HEpcdd Environment Status
Bulletin, Figure 1 illustrates the temporal change<CODE for direct marine pollution
sources during the same period. Each year is reped as an independent sector
uniformly distributed around the circumference,hwis radial scale corresponding to the
emission volume value. Specifically, emissions heac 147,625 t in 2018, rose



Machine learning analysis of coastal water polluiio China: Drivers and complex relationships 53

significantly to a peak of 161,493 t in 2019, thsclined to 148,902 t in 2020 and further
dropped to 141,843 t in 2021. Subsequently, emiss@eclined further to a new low of
136,291 tin 2022, before rebounding slightly t@404 t in 2023.

Analysis of the CODE trajectory reveals a cleare¢hphase evolutionary pattern:
initial surge, consecutive decline, and eventuabiisation. The 2019 peak was primarily
driven by expansion of high-pollution industrieggulatory delays, and insufficient
treatment facilities. The 2020-2021 decline carathebuted to strengthened environmental
policies coupled with industrial production redoct$ during pandemic restrictions.
The 2022-2023 stabilisation phase reflects the d¢atinme effects of pollution control
technology advancements and industrial restruguomward greener development.

2018

CODE [t]

2021
Time [year]

Fig. 1. Temporal evolution of CODE (2018-2023). feu authors’ calculations based on data from the
2018-2023 China Marine Ecological Environment Sta&ulletin



54 Dehong Sun, Senwei Zheng and Yinhui Yu

Soatial distribution of seawater pollution

Seawater pollution demonstrates significant spdtetkerogeneity. Figure 2 presents
CODE from direct marine discharge sources acrdésreint coastal regions of China from
2018 to 2023. As shown in Figure 2, substantiglaigies in CODE emissions exist among
regions. Zhejiang Province recorded the highestsgioms, approaching 350,000 t and
significantly exceeding all other regions. This whdlowed by Shandong Province
(approximately 150,000 t) and Guangdong Provinceufad 120,000 t). Subsequent
regions including Fujian and Hainan provinces, sitwequentially decreasing emissions,
with Tianjin Municipality registering the lowestaerded levels. The substantial disparities
in CODE from direct marine discharge sources acflisia’s coastal regions primarily
stem from spatially heterogeneous distributionsnolustrial structure, pollution control
capacity, and demographic-geographic conditions.

Zhejiang Province leads in CODE due to concentratggh-pollution industries
(chemical and textile printing/dyeing), significamtbanisation pressure, and partial direct
wastewater discharge. As major industrial and africal bases, Shandong and
Guangdong provinces follow in emission volumes{ibrener characterised by substantial
industrial wastewater volumes and numerous rivedigcharges, the latter by dense
manufacturing in the Pearl River Delta region amédequate pollution control in
small-to-medium enterprises. Regions like Fujiad &minan demonstrate progressively
declining emissions, attributable to their econoifidicus on light industry and tourism,
coupled with substantial pollution control investite and stringent regulatory
enforcement. Tianjin maintains the lowest emis¢exels, achieved through coastal buffer
zones for high-pollution industries, high wastewaglection-treatment rates, and rigorous
environmental supervision. These spatial diffeadittns necessitate tailored approaches:
high-emission regions require industrial upgradieghanced treatment standards, and
strengthened oversight, while low-emission regioffer transferable governance models
for pollution mitigation.

350000
300000
250000

200000

CODE [t]

150000
100000
50000 I I
0 l - —

Region [-]

Fig. 2. Comparison of CODE in coastal provincesl@@023). Source: Authors’ calculations based on
data from the 2018-2023 China Marine EcologicaliEmment Status Bulletin
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GAM evaluation

Correlation analysis

To examine the statistical relationships betweenwriables and CODE from direct
marine discharge sources, this study first conduateorrelation analysis. Figure 3 presents
a heatmap of the correlation coefficient matrix agsohe variables, where colour intensity
intuitively reflects the strength of correlatiod$e results indicate the following correlation
strengths with CODE, in descending order: NDPAA3®), GDP (0.34), IPCCI (0.25),
OANPKCEF (0.04), and UR (-0.03).

Although correlation coefficients can measure thength of linear associations
between variables, they are inherently descripibdads offering only preliminary insights.
A fundamental limitation of this metric lies in itsability to establish causal links between
variables or to capture the complex nonlinear dyinanthat may underlie their
relationships. Therefore, to gain deeper insights the influence mechanisms of various
variables on CODE and the intrinsic nature of thelationships, this study further employs
regression analysis and specifically selects theMiGa the primary analytical tool. This
model not only enables a more reliable quantiftzatof variable relationships but also
overcomes the constraints of linear models by #ffely uncovering potential nonlinear
associations among variables. Consequently, itofkem more scientifically grounded and
effective decision support for formulating optimdsseawater pollution control strategies.
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Fig. 3. Heat map of variable correlation
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GAM results

The results of the GAM are presented in Table 3gaRding p-values, with the
exception of OANPKCF, which hasmvalue of 0.056629 (approaching 0.05), all other
variables exhibitp-values below 0.05. This indicates that the smdatictions for all
variables except OANPKCF passed the test for statissignificance, confirming that the
selected variables significantly influence the COfdn direct marine discharge sources.
The Effective Degrees of Freedom (EDF) provides ey knetric for evaluating the
contribution of individual variables within the meld Statistically significant smooth terms
with EDF values exceeding 1 generally suggest ttesegmce of nonlinear relationships
between predictors and the response variable. Ateeeed in Table 3, all fitted smooth
terms demonstrate EDF values substantially aboveohfirming pervasive nonlinear
effects across the examined variables. Based osptbeific numerical values, the ranking
of variable contributions to the model is as followR (8.837), GDP (8.200), IPCCI
(7.590), OANPKCEF (4.180), and NDPAA (3.979).

The adjustedR-squared statistic for the generalised additive ehadas 0.96, with
deviance explained of 98 %. These metrics demdsstthe model's exceptional
explanatory power for the variation in CODE fromedit marine discharge sources, further
validating the superior performance of the congedicnonlinear regression model in
reliably capturing the relationships between thealdes and CODE.

Table 3
GAM results

Variables EDF F p-value
S(GDP) 8.200 6.921 1.71e-05
S(IPCCI) 7.590 2.956 0.013022
S(OANPKCF) 4.180 2.440 0.056629
S(NDPAA) 3.979 6.287 0.000409
S(UR) 8.837 4.332 0.000951

I mpacts of various variableson CODE

The impact of GDP on CODE

As shown in Figure 4a, the impact of GDP on CODHilgis complex nonlinear
characteristics. Overall, it demonstrates a treridinitial fluctuation, followed by
an increase, and eventually a significant decliwen GDP values are below 60,000
(100 million CNY), their impact on CODE emissiomsmains relatively weak and unstable.
However, as GDP values fall within the range 0f060;80,000 (100 million CNY), their
positive driving effect on CODE emissions becomigaificantly enhanced. Notably, when
GDP exceeds 80,000 (100 million CNY), the ratelarge in CODE rapidly decreases and
shifts to a negative direction, indicating that GBM@wth beyond this threshold transitions
from promoting to inhibiting CODE emissions, theyetevealing a distinct nonlinear
threshold effect.

As a core indicator of regional economic developmevels, the scale and structure of
GDP play a decisive role in pollutant emissionse Tattern displayed in Figure 4a
suggests that economic growth exerts the most awtiet pressure on CODE when GDP
ranges between 60,000 and 80,000 (100 million CNiKgly corresponding to the
accelerated industrialisation phase. When GDP sagsathe critical threshold of 80,000
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(100 million CNY), its impact shifts from positiveo negative. This finding provides
empirical support for the Environmental Kuznets V@u(EKC) hypothesis, indicating that
advanced economic development can achieve decgufitbm environmental pollution.
The conclusion highlights a clear phased thresledfiect between economic growth and
marine pollution. Therefore, in future environmérgavernance practices, differentiated
emission reduction strategies should be implemelnéseéd on the specific stage of regional
economic development to achieve synergistic deveéop of economic growth and marine
environmental protection in coastal areas.
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Fig. 4. Impact of variables on CODE: a) GDP, b) @®Cc) OANPKCF, d) NDPAA, e) UR.
The estimated degrees of freedom for the smoothtifums are: s (GDP, 8.2), s (IPCCI, 7.6),
s (OANPKCF, 4.2), s (NDPAA, 4.0), and s (UR, 8.9)

The impact of IPCCI on CODE

As shown in Figure 4b, IPCCI demonstrates a sigaifi nonlinear impact on CODE.
Specifically, when IPCCI is below 4-1010,000 CNY), its suppressive effect on CODE
emissions remains relatively limited. As IPCCI igases to the range of 4°108-10
(10,000 CNY), the emission reduction effect becomdsstantially enhanced, reaching its
optimum near 8-10(10,000 CNY). However, when the investment scaleeeds this
critical value, diminishing marginal abatement Héseare observed.

Industrial pollution control investment, serving aslirect reflection of environmental
regulatory stringency, represents a crucial apgrofe controlling the discharge of
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industrial pollutants into the sea. Figure 4b révélaat when IPCCI falls within the range
of 4-10 - 8-10 (10,000 CNY), the environmental benefits generdigdhe investment
reach their maximum. However, beyond & 110,000 CNY), emission reduction
efficiency not only fails to improve but actuallyedines, potentially indicating the
technological efficiency ceiling of existing treagnt methods or suggesting that further
substantial emission reductions require systemansformations such as industrial
restructuring and source control. This patternrbfjedemonstrates a diminishing marginal
returns relationship between pollution control istveent and environmental benefits.
Consequently, in environmental management praciicas essential to scientifically
determine differentiated optimal investment leadsording to regional pollution loads and
techno-economic conditions, avoiding indiscriminatecessive expenditure to achieve
synergistic optimisation of environmental and eguitbenefits.

The impact of OANPKCF on CODE

As illustrated in Figure 4c, OANPKCF exhibits a qumsite nonlinear relationship
with CODE. Specifically, when OANPKCF exceeds 200,000 t), its promoting effect on
CODE demonstrates an increasingly enhanced pattéincontinued dosage increases.
Notably, within the range of 300 - 400 (10,000 @ANPKCF manifests the most
substantial positive driving effect on CODE emissio

Agricultural non-point source pollution represergsmajor contributor to marine
pollutants, with OANPKCF directly influencing thdux of nitrogen and phosphorus
elements into marine systems. Figure 4c reveat#ieat environmental safety threshold in
agricultural production (approximately 200 (10,090 below this threshold, the impact on
the marine environment remains manageable; howeweg this critical point is exceeded,
the driving effect on coastal CODE becomes sigaiftty amplified. This underscores the
importance of balancing food security and environtak protection in agricultural
management practices. We recommend implementingspre fertiliser technologies to
maintain fertiliser application rates within ecaios safety thresholds, while
simultaneously optimising cropping structures adopding complementary measures to
achieve coordinated development of agriculturaldpation and coastal environmental
protection.

The impact of NDPAA on CODE

As shown in Figure 4d, NDPAA exhibits a positiventioear relationship with CODE.
Specifically, when NDPAA remains below 200,000 iggrthe curve remains relatively flat;
as NDPAA enters the range of 200,000 - 800,000stdh® curve shows a marked upward
trajectory; when NDPAA exceeds 800,000 items, thwwe levels off and stabilises.

This finding suggests that during the developmesstalge, the growth in patent
numbers has not led to a reduction in CODE buteamstshows a significant positive
correlation. This phenomenon may reflect severdicat aspects: First, a structural
imbalance exists wherein both technological inniovat and patent growth are
predominantly concentrated in non-environmentata@segthe industrial expansion in these
sectors consequently leads to increased pollutangéseéons. Second, the translation and
application of green technologies remain inadequateenvironmentally-focused patents
likely constitute a relatively small share of tlwal, coupled with an extended transition
period from patent application to practical impleration. Furthermore, at this specific
phase of economic development, technological intioraprimarily serves economic
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growth objectives, while its potential environmdnkenefits have not yet been fully
realised.

This finding carries significant policy implicatisnwhen promoting the innovation-
driven development strategy, it is imperative tdimjse the patent structure, enhance
support for green technology innovation, establiapid transformation mechanisms for
green patents, and ensure that technological inimovaenuinely contributes to green
development goals.

The impact of UR on CODE

As shown in Figure 4e, the impact of UR on CODE destrates a complex
multistage nonlinear dynamic. Specifically, where thrbanisation rate remains below
65 %, its impact exhibits an overall fluctuatingwgrd trend, indicating the progressive
accumulation of environmental pressure during tial stages of urbanisation, driven by
infrastructure expansion and industrialisation. #s urbanisation rate enters the
65 % - 75 % range, its influence displays a V-skapattern - characterised by an initial
decline followed by a rebound - reflecting the dyia interplay between short-term
achievements in environmental governance and pensispressures stemming from
long-term economic growth. When UR falls within the % - 85 % range, the relationship
transitions into a consistent downward trajectdiiely driven by the emission reduction
effects of technological advancements beginningystematically surpass the pollution
effects of scale expansion. Once UR exceeds 85h&b relationship reverses again to
an upward trend.

This non-monotonic trajectory indicates that thgiemmental effects of urbanisation
result from the dynamic interplay of scale, struatuand technological effects. Policy
formulation must be precisely tailored to specifibanisation stages: in highly urbanised
regions (UR > 85 %), efforts should prioritise deyeng circular economies and
enhancing resource efficiency to counter risingaarenvironmental pressures; whereas in
the upper-middle development phase (UR 75 % - 85mdépsures should consolidate and
reinforce the emission reduction achievements drbsetechnological progress.

Conclusion

This study analysed the effects of various vargbtem CODE using data from
11 coastal provinces (autonomous regions and npalites) in China from 2018 to 2023.
The main conclusions are as follows: (1) CODE eimiss demonstrate distinct
spatiotemporal heterogeneity. Temporally, they leixld three-phase evolutionary trend of
"rapid surge - consecutive decline - gradual Stdiibn”, with the peak observed in 2019
and a transition to a lower plateau phase afterl2@patially, a north-south gradient
distribution is evident, where Zhejiang Provinceowh significantly higher emission
intensity than other regions, while Tianjin recorli® lowest emissions. This pattern
reflects systematic differences in industrial stmoe, environmental governance, and
geographical conditions across coastal areas. l{2) GAM effectively captured complex
nonlinear mechanisms among variables. The modééwaeth an adjuste® of 0.96, with
smooth terms for most variables being statisticaijnificant p < 0.05). All EDF values
exceeded 1, confirming nonlinear influences ofvaltiables on CODE. Specifically, UR
(EDF = 8.837) and GDP (EDF = 8.200) demonstratedibst complex nonlinear patterns.
(3) The impact patterns and threshold effects @&f variables exhibit distinct interval



6C Dehong Sun, Senwei Zheng and Yinhui Yu

characteristics: GDP shows minimal influence bel®®,000 (100 million CNY),
demonstrates the strongest promoting effect withénrange of 60,000-80,000 (100 million
CNY), and transitions to inhibitory impact when egding 80,000 (100 million CNY),
displaying typical Environmental Kuznets Curve (EK€haracteristics. IPCCI achieves
optimal emission reduction benefits within the rmangf 4-16 - 8-1G (10,000 CNY),
beyond which diminishing marginal benefits occuANIPKCF exhibits a continuously
strengthening promoting effect on CODE after exaapd®00 (10,000 t), with the most
substantial effect observed in the range of 3004400000 t). NDPAA maintains a positive
driving effect throughout the entire observed rangfR demonstrates a "complex
multi-stage nonlinear fluctuation”, with pressurgcadation phases at 65 % - 75 % and
above 85 %, while showing mitigation within the %5 85 % interval.

Based on the findings, the following actionable oramendations are proposed.
(1) Implement differentiated management stratedi@sed on developmental stages.
Regions with higher economic levels (e.g., GDP 3080 (100 million CNY)) should
further strengthen environmental standards and pt®rgreen technologies, while areas
still in the accelerated industrialisation phaseudth strictly control the addition of
high-pollution production capacity and facilitatket transition to a lighter and greener
industrial structure. (2) Optimise the structure &fficiency of industrial pollution control
investment. When allocating funds, priority shouté given to projects within the
empirically identified “cost-effective investmenmtérval" (IPCCl: 4-10 - 8-16
(10,000 CNY)). The investment focus within thiseintal should be strategically shifted
from end-of-pipe treatment towards clean productiechnological transformation and
circulating water system upgrades to achieve poltiuteduction at source. Furthermore,
a robust post-evaluation mechanism for the operatiefficiency of treatment facilities
must be established and institutionalised. Thishaeism should link continued funding
support to performance outcomes, ensuring the teféeatilisation of funds and preventing
diminishing marginal returns from excessive or na@ispd investment. (3) Establish and
enforce an agricultural ecological safety thresholdinagement system. In coastal
agricultural areas, variable-rate fertilisation leclogy based on soil testing and crop
demand should be actively promoted, and demorstratbnes for the "ecological safety
fertilisation threshold" should be established. Anitoring system integrating satellite
remote sensing, drone patrolling, and sensor né&svshould be developed to achieve
grid-based precision management of fertiliser ajagilbn. Furthermore, it is recommended
to incorporate fertiliser application intensity antlocal environmental protection
performance evaluation indicators, ensuring thatattput of agricultural non-point source
pollution is controlled within the 200 (10,000 twronmental safety threshold. (4) Guide
technological innovation toward green transfornmati@g/hile encouraging patent growth,
implement mechanisms such as tax incentives andngpatent fast-track channels to
increase the proportion of green technologies dmarten the transition period from
research and development to practical applicatidn eovironmental technologies.
(5) Develop urbanisation stage-adapted environrheydeernance pathways. For highly
urbanised areas (UR > 85 %), focus on developirauleir economy and venous industries
to enhance resource metabolic efficiency; for rmegiavith UR between 75 % - 85 %,
consolidate and promote the emission reductioncesffachieved through technological
progress to prevent the resurgence of environmengskure.

In summary, by establishing a targeted governagsee characterised by zoning,
categorisation, staging, a shift can be achievednfrisingle end-of-pipe treatment to
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systematic governance that integrates the "stredtohnology-institution" triad. This
approach provides a scientific pathway for impletimgn UN Sustainable Development
Goal 14 and advancing land-sea coordination.
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