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Abstract

This study addresses the critical knowledge gap in nutrient dynamics within high-altitude fragile
ecosystems by investigating the Niyang River, a primary tributary of the Yarlung Zangbo River. A multi-
dimensional diagnostic framework was developed by coupling the Comprehensive Pollution Index (CPI)
with a refined Output Coefficient Model (OCM) and stoichiometric correlation analysis, bridging the
gap between ambient concentration-based risk profiling and land-use-driven pollution flux calculation.
Through systematic monitoring of nine representative sections during contrasting hydrological seasons,
the spatio-temporal evolution of Chemical Oxygen Demand (COD), Total Phosphorus (TP), Total
Nitrogen (TN), and Ammonia Nitrogen (NHs-N) was quantified. The integrated modeling approach
reveals a distinct spatial purification gradient from the headwaters to the downstream confluence,
with the dry season identified as the critical window for pollution management due to reduced dilution
capacity. By synthesizing the CPI-based risk ranking with OCM-derived load estimation, this study
identifies a synchronous transport-source mechanism: specifically, the strong stoichiometric coupling
between organic matter and nutrients (COD-TP and TN-NHs-N) validates that large-scale pastoral
waste and agricultural runoff are not merely parallel but functionally integrated pollution drivers. COD
was prioritized as the primary risk indicator within this coupled framework. These findings demonstrate
that the synergistic application of concentration-load modeling offers a more robust precision-targeting
tool for water quality management in the Third Pole region than traditional single-model assessments,
providing a scientific template for ecological preservation in similar alpine basins.
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Introduction

Water is a unique natural resource, an indispensable
component of both nature and human existence [1]. It
serves as the core of ecosystems, the source of all life,
and a fundamental element for the development of human
society and the economy [2-4]. Amid rapid regional
economic and climatic shifts, complex interrelated
challenges — including regional water scarcity, water
pollution, ecological degradation, frequent water-
related disasters, and lagging water management —
have intensified, escalating the conflict between human
activities and sustainable water resource development
[5-7]. Pollutants from watershed contamination
continuously enter rivers and lakes via surface runoff,
exacerbating water pollution in these water bodies [8,
9]. In high-altitude regions, the hydrological cycle is
particularly sensitive to climate change, which alters the
transport pathways and residence times of pollutants,
making traditional water quality management strategies
less effective [10]. Comprehensively understanding river
water quality and basin pollution loads is crucial for
formulating ecological protection measures and water
resource management policies to ensure basin ecological
stability and sustainable water resource development.

With the socioeconomic development and human
activities on the Qinghai-Tibet Plateau (QTP),
pollutant emissions have increased significantly,
and river water quality indicators frequently exceed
standards [11, 12], severely impacting the plateau’s
riverine environment. The QTP, known as the Third
Pole, possesses a fragile self-purification capacity
due to its low temperatures and unique microbial
communities, which limits the degradation rate of
organic matter and nutrients [13]. Recent literature
suggests that the expansion of intensive grazing and
tourism in the Yarlung Zangbo River tributaries has
shifted the pollution profile from natural background
weathering to anthropogenic nutrient enrichment [14].
The Niyang River Basin, situated within the ecological
security barrier zone of southeastern Tibet, is the
second-largest tributary of the Yarlung Zangbo River.
Spanning the administrative regions of Nyingchi City’s
Gongbujiangda County and Bayi District, it serves as
a vital water source for both domestic consumption and
agricultural production along its banks. Consequently,
its water quality directly impacts the drinking water
safety of riverside communities.

The development of agriculture, animal husbandry,
and tourism within the basin has led to a continuous rise
in total water consumption. Simultaneously, non-point
source pollutant discharges from both banks have also
increased [15, 16], posing threats to the safety of river
water quality and exacerbating water environmental
issues in the Niyang River. However, existing studies
often treat water quality monitoring (concentration) and
pollution source estimation (load) as isolated processes,
failing to reveal the internal synchronous transport
mechanisms of multiple pollutants in alpine terrains

[17]. There is an urgent need for a coupled modeling
approach that bridges the gap between ambient risk
profiling and land-use-driven flux calculation to achieve
precision targeting of pollution hotspots [18].

This study develops a multi-dimensional diagnostic
framework by coupling the Comprehensive Pollution
Index (CPI), a refined Output Coefficient Model (OCM),
and stoichiometric correlation analysis, the systematic
execution of which is illustrated in the technical roadmap
(Fig. 1). By integrating high-resolution water quality
monitoring data from nine representative sections across
contrasting hydrological seasons with basin-scale land-
use and socioeconomic datasets, the framework first
performs risk profiling to quantify the spatio-temporal
dynamics of COD, TP, TN, and NHs-N. A critical
innovation of this approach lies in bridging the gap
between ambient concentration-based assessments and
source-driven flux calculations: specifically, the refined
OCM is utilized to quantify the pollution contribution
from livestock, agriculture, and domestic sectors, while
stoichiometric correlation analysis is subsequently
employed to validate the synchronous transport-source
mechanism. This coupled diagnosis elucidates the
functional integration of organic matter and nutrient
loads, allowing for the identification of priority control
pollutants and their critical management windows.
Ultimately, this integrated methodology facilitates
a management synthesis for formulating precision-
targeted protection measures, such as pastoral waste
mitigation and agricultural runoff control, providing
a scientific template for the ecological preservation of
the Niyang River and similar high-altitude Third Pole
aquatic ecosystems.

Materials and Methods
Study Area Description

The Niyang River Basin (NRB), situated within the
ecological security barrier zone of southeastern Tibet, is
the second-largest tributary of the Yarlung Zangbo River
[19]. It drains an area of approximately 17,500 km? and
serves as a vital water source for domestic consumption
and agricultural production across the administrative
regions of Nyingchi City’s Gongbujiangda County
and Bayi District. Characterized by a high-altitude
alpine environment, the basin is a quintessential
part of the Third Pole, where the hydrological cycle
is highly sensitive to climate change. The region’s
fragile ecosystem possesses a limited self-purification
capacity due to low temperatures and unique microbial
structures, making it vulnerable to anthropogenic
nutrient enrichment from expanding intensive grazing,
agriculture, and tourism (Fig. 2).

To implement the multi-dimensional diagnostic
framework, this study delineated the basin based
on county-level administrative boundaries and sub-
basin topography. Nine representative water quality
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Fig. 1. Technical roadmap of the multi-dimensional diagnostic framework for water quality assessment and pollution load quantification
in the Niyang River Basin. This figure depicts an integrated research roadmap that couples water quality risk profiling (CPI) with source-
driven load quantification (OCM) and stoichiometric validation to facilitate precision-targeted management for high-altitude aquatic

ecosystems.

monitoring stations were selected along the mainstream
to capture the spatio-temporal dynamics of pollutants
(Fig. 3). These sections cover the transition from
natural headwaters to areas impacted by human
activities. Field sampling was conducted during the
dry season (December 2022) and the wet season (July
2023) to reflect contrasting hydrological conditions. In
accordance with the objective of identifying priority
control pollutants, four key indicators were analyzed:
COD, TP, TN, and NHs-N. To support the refined OCM,
socioeconomic and livestock data were sourced from
the Nyingchi City Statistical Yearbook, while land-use

datasets were utilized to bridge the gap between ambient
risk profiling and land-use-driven flux calculation [20].

Research Methods

Water Quality Risk Profiling: Comprehensive
Pollution Index (CPI)

To quantify the spatio-temporal dynamics of
river water quality, the CPI was employed to assess
the pollution status of the Niyang River mainstream.
This method transforms multiple water quality
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Fig. 2. Layout of the Niyang River water system and hydrological monitoring stations.
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Fig. 3. Location of water quality monitoring stations and spatial distribution of the Niyang River Basin.

parameters into a single comparable value, facilitating C
the identification of priority control pollutants. The Pz:?
calculation of the single pollution index (P), the ! (1

comprehensive index (P), and the pollution contribution

rate (K)) is as follows:
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Where, C, is the measured concentration of pollutant
i (COD, TP, TN, or NHs-N); S is the background value
or threshold from the Environmental Quality Standards
for Surface Water (GB 3838-2002) (Class III is used
as the baseline for the Niyang River); P represents the
overall pollution level, categorized as follows: Excellent
(P<0.15), Good (0.15<P<0.40), Fair (0.40<P<0.50), Poor
(0.50<P<0.99), and Severe (P>1.0) [21].

Source-Driven Flux Calculation: Refined
Output Coefficient Model (OCM)

To bridge the gap between ambient concentrations
and land-use impacts, a refined OCM was utilized to
quantify non-point source (NPS) pollution loads. This
model specifically accounts for the unique hydrological
characteristics of the Third Pole by incorporating
a rainfall-runoff influence factor [22]:

L= Z(a xEx 4,)
= “

Where, L is the total loss of nutrient j (kg/year); a
is the rainfall influence factor, which adjusts the output
based on the contrasting hydrological conditions of the
wet and dry seasons; E is the output coefficient for
pollutant j from source i (livestock/poultry, domestic
life, or agricultural land-use); 4, represents the activity
intensity (e.g., number of livestock, population size,
or area of farmland). Data were integrated from high-
resolution land-use maps and Nyingchi socioeconomic
datasets.

Mechanism Validation: Stoichiometric
and Spatial Autocorrelation Analysis

A critical innovation of this study is the application
of stoichiometric correlation analysis to validate the
synchronous transport-source mechanism. By analyzing
the ratios and correlations between C, N, and P, we
elucidated the functional integration of organic matter
and nutrient loads.

Furthermore, to explore the spatial clustering and
hotspots of pollutants, the Global Moran’s / index was
calculated [23]:

_ ”Z;ZZ:I WZ/ (X, _})(X/ _})

22 L (K =X

(6))

Where, [ ranges from -1 to 1. />0 indicates spatial
clustering; /<0 indicates dispersion; / = 0 indicates
randomness; w, is the spatial weight matrix; X, and X
are water quality values at different monitoring sections.

Statistical processing was performed using Excel
2025 and SPSS 23.0, while spatial mapping and
autocorrelation were conducted in ArcGIS 10.8.

The three models are intrinsically linked through a
synergistic source-process-response logical chain, where
the parameters of one model serve as the validation
or contextual baseline for the others. Specifically, the
CPI provides the ambient concentration response (C),
which represents the environmental manifestation of the
pollution loads (Lj) quantified by the refined OCM. The
rainfall influence factor (a) in the OCM acts as a critical
temporal bridge, linking the hydrological seasonality
to the spatio-temporal fluctuations observed in the
CPI results. Furthermore, stoichiometric correlation
analysis functions as a mechanistic validator, bridging
the gap between land-use-driven fluxes and in-stream
concentrations by ensuring that the elemental ratios
(C, N, P) derived from monitoring data align with
the specific output coefficients (E) of the identified
sources. Finally, spatial autocorrelation (Moran’s [)
provides the geographical alignment, ensuring that
the spatial clustering of risk hotspots identified by the
CPI corresponds with the high-intensity loading zones
predicted by the OCM, thereby creating a cohesive and
multi-dimensional diagnostic framework.

Data Sources

The multi-dimensional diagnostic  framework
developed in this study relies on three primary
categories of data: field-monitored water quality
data, socioeconomic statistical data, and geospatial
environmental datasets.

First, water quality monitoring data were
obtained through systematic field sampling and
laboratory analysis. Samples were collected from nine
representative monitoring sections along the Niyang
River mainstream during the dry season (December
2022) and the wet season (July 2023). To ensure high
precision in the CPI and stoichiometric analysis, four
key parameters — COD, TP, TN, and NHs-N — were
measured following the standard analytical methods
prescribed by the Environmental Quality Standards for
Surface Water (GB 3838-2002). These data provide the
empirical response baseline (C) for the risk profiling
phase.

Second, socioeconomic and anthropogenic activity
data used to drive the refined OCM were primarily
sourced from the Nyingchi City Statistical Yearbook
(2022-2023). This included detailed statistics for
Gongbujiangda County and Bayi District, specifically
focusing on population size, livestock and poultry
inventory (e.g., Tibetan pigs, cattle, and sheep), and
agricultural inputs. These statistical records provided
the activity intensity (4) required to calculate the non-
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point source pollution loads across the domestic and
pastoral sectors.

Third, geospatial and environmental datasets were
integrated to facilitate spatial analysis and model
refinement. High-resolution land-use/land-cover data
(30 m resolution) were obtained from the Resource
and Environment Science and Data Center of the
Chinese Academy of Sciences. These data were used
to delineate the sub-basin boundaries and assign
specific output coefficients (E,.j) for different land-use
types. Additionally, Digital Elevation Model (DEM)
data (SRTM 90 m) were utilized for topographical
analysis and sub-basin delineation in ArcGIS 10.8.
Meteorological data, including seasonal precipitation
records used to determine the rainfall influence factor
(o), were retrieved from the China Meteorological Data
Service Centre for the corresponding sampling periods.
In this study, seasonal precipitation was utilized as the
primary environmental driver for the refined OCM
instead of direct hydrological discharge data. This choice
was made because hydrological gauging stations are
sparsely distributed in this high-altitude, fragile region
(Fig. 2), making it challenging to obtain synchronized
flow data for all specific sub-basins. Furthermore, a is
a widely accepted proxy in output coefficient modeling
to reflect the seasonal transport capacity of non-point
source pollutants, which aligns with the data availability
and the spatial scale of the Niyang River basin.

Results and Discussion

Spatio-Temporal Dynamics of Water Quality Risk

Based on the CPI model, the water quality risk
profiling of the Niyang River mainstream reveals

distinct spatio-temporal heterogeneities (Table 1).
During the wet season, the overall compliance rate
for Class III water quality reached 89%. However,
the upstream section K1 (confluence of Niyang and
Nyangqu Rivers) exhibited a CPI of 0.52, exceeding
the threshold for Class IV water quality, primarily due
to the flushing effect of summer rainfall on pastoral
and agricultural soils [24]. In contrast, the downstream
section S7 maintained excellent quality (P = 0.15,
Class 1), benefiting from the river’s self-purification
capacity and increased baseflow dilution.

During the dry season, the compliance rate remained
at 89%, but the pollution hotspot shifted to S3 (Baiba
Town), where the CPI reached 0.61 (Class IV). This
deterioration is attributed to the river’s reduced dilution
capacity during low-flow periods, coupled with localized
domestic discharges from township settlements [25].
Spatially, the water quality showed a deterioration-
then-improvement trend along the river course. On
an administrative scale, the Gongbujiangda section
generally exhibited higher risk levels (P, = 0.41-0.45)
compared to the Bayi District section (P, = 0.23-0.30),
indicating that upstream pastoral activities and natural
background weathering contribute significantly to the
basin’s pollution baseline.

To further identify priority control pollutants,
the pollution contribution rate (K) was calculated
(Fig. 4). The results demonstrate that COD and TN are
the dominant pollutants across all sections and seasons,
collectively contributing over 60% of the total pollution
load. COD contribution rates ranged from 50% to 73%
in the wet season and 34% to 70% in the dry season,
identifying it as a high-risk indicator for the Niyang
River. The high contribution of TN, particularly at
section K2 (up to 46%), underscores the impact of
anthropogenic nutrient enrichment from livestock

Table 1. Spatio-temporal distribution of CPI (P) across monitoring sections.

Fig. 4. Percentage of pollutant contribution (%) in sampling sections of the Niyang River.

Season K1 K2 S1 S2 S3 S4 S5 S6 S7 Gongbujiangda Bayi District
Wet (P) 0.52 0.48 0.36 0.46 0.33 0.3 0.19 0.16 0.15 0.45 0.23
Dry (P) 0.41 0.4 0.38 0.46 0.61 0.23 0.25 0.23 0.18 0.41 0.3
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grazing and agricultural runoff in the upper reaches
[26].

Stoichiometric Mechanisms
and Source Homogeneity

The stoichiometric correlation analysis was
employed to validate the synchronous transport-source
mechanism of pollutants (Table 2). During the wet
season, a significant positive correlation was observed
between COD and TP (»r = 0.789, p<0.05), while
NH:-N and TN exhibited a highly significant correlation
(r = 0.826, p<0.01). This synchronicity suggests that
organic matter and phosphorus are likely co-transported
via surface runoff from agricultural lands. In contrast,
nitrogenous compounds originate from a shared source,
likely pastoral waste and livestock emissions [27].

In the dry season, the correlation pattern shifted,
with TP showing strong associations with both TN

(r = 0.918, p<0.01) and NHs-N (r = 0.677, p<0.05). This
indicates a transition toward source homogeneity during
low-flow periods, where point-source-like discharges
(c.g., domestic sewage and concentrated livestock
residues) become the primary drivers of nutrient
stoichiometry [28]. These variations highlight that the
priority management window for runoff-driven pollution
(COD-TP) should focus on the wet season, while
domestic and livestock waste control (TN-TP) is critical
during the dry season.

Quantitative Apportionment
of NPS Loads

To trace the anthropogenic drivers behind the water
quality patterns, the Improved OCM was utilized to
quantify the annual pollutant loads from four primary
NPS categories. The total annual discharges of COD,
TN, TP, and NHs-N in the Niyang River basin were

Table 2. Pearson correlation matrix of water quality indicators across hydrological seasons.

Indicators Season COD TP N NHs-N
COD Wet / Dry 1/1 0.789%*/0.395 0.606/0.289 0.553/-0.183
TP Wet / Dry 1/1 0.322/0.918** 0.499/0.677*
TN Wet / Dry 1/1 0.826**/0.643
NH;-N Wet / Dry 1/1
* Correlation is significant at the 0.05 level; ** Correlation is significant at the 0.01 level.
CcoD NH:-N TN TP CcoD NH5-N TN TP
Bayi District Gongbu Jiangda
= Domestic Sewage  350.83 51.59 64.66 4.99 396.62 58.33 73.1 5.64
Large Livestock  19,452.74 14.36 653.58 106.71 26,498.36 19.56 $90.3 145.36
Pigs 971.36 10.5 40.81 12.47 996.5 10.77 41.87 12.79
# Poultry 107.58 3.8 5.97 1.19 30.22 1.07 1.68 0.33
= Total 20,882.51 80.25 765.02 125.35 27,921.70 89.72 1,006.95 164.12

B Dontestic Sewage © Large Livestock © Pigs W Poultry m Total

Fig. 5. Estimated annual NPS pollutant loads by source and administrative region (t/a).
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estimated at 48,804.21 t, 1,771.97 t, 289.47 t, and 169.97 t,
respectively (Fig. 5).

Structural Composition of Pollutant Sources

The structural analysis reveals a high degree of
source concentration. As illustrated in Fig. 4, large
livestock farming (yaks, cows, etc.) is the absolute
dominant contributor to the basin’s pollution matrix,
accounting for 94.15% of COD, 87.08% of TP, and
87.13% of TN total loads. This reflects the typical
pastoral-driven pollution characteristic of the Tibetan
Plateau, where livestock manure is often deposited in
riparian zones and flushed into the river system during
rainfall events.

Conversely, the source profile for NHs-N exhibits
a distinct pattern. Unlike other pollutants, rural
domestic sewage is the primary driver for NHs-N,
contributing significantly to the total load — particularly
in Gongbujiangda County, where it accounts for 64.29%
of the local NHs-N discharge. This disparity suggests
that while organic and nutrient enrichment (COD, TN,
TP) is primarily a byproduct of the livestock industry,
nitrogenous toxicity (NHs-N) is more closely linked
to the lack of decentralized wastewater treatment
infrastructure in rural settlements [29].

Spatial Loading Heterogeneities

Spatially, the upstream Gongbujiangda County
exhibits significantly higher pollution loads across
all four indicators compared to the downstream Bayi
District. Specifically, the COD load in Gongbu Jiangda
is 33.7% higher than in Bayi. This spatial gradient aligns
with the water quality identification results, where
the upstream K1 and K2 sections showed higher risk
indices. The higher loading in the upstream is primarily
attributed to the larger grazing area and higher density
of traditional pastoral activities in the Gongbu Jiangda
highlands.

In conclusion, the priority control strategy for the
Niyang River must be differentiated: livestock waste
management should be the focus for reducing COD
and TN/TP basin-wide, while rural sewage treatment
upgrading is critical for mitigating NHs-N pollution,
especially in the upstream townships.

Response of River Water Quality
to NPS Loading Patterns

The water quality of the Niyang River is intrinsically
linked to the basin’s socio-economic structure, which
is dominated by tourism and alpine agriculture/animal
husbandry. With minimal industrial activity, the river’s
hydro-chemical characteristics are primarily governed
by agricultural NPS pollution, particularly during
the wet season when high-intensity precipitation
facilitates the transport of pollutants from valley-based
pastoral and agricultural lands into the mainstream [30].

Spatial Coupling of Loads and Concentrations

To explore the source-sink relationship, a nested
analysis was conducted comparing the in-stream
pollutant concentrations with the watershed unit area
loads (Table 3). The results reveal a strong spatial
synchronicity between upland loading and downstream
water quality.

COD and Organic Enrichment: The highest COD
concentration (26.35 mg/L) was recorded at the
administrative boundary between Gongbujiangda and
Bayi, followed by a gradual downstream dilution. The
average concentration in the Gongbujiangda section
(18.48 mg/L) significantly exceeded that of the Bayi
section (14.04 mg/L). This trend is highly consistent
with the NPS intensity: Gongbujiangda’s unit COD load
(2166.82 kg/km?) is 127.11 kg/km? higher than Bayi’s
(2039.71 kg/km?), confirming that higher upstream
grazing intensity directly drives organic pollution
levels.

Nutrient (TN & TP) Dynamics: TN concentrations
peaked at the river source (0.74 mg/L) and showed
a clear attenuation trend downstream. The upstream
TN concentration (0.59 mg/L) was nearly 2.7 times
higher than the downstream (0.22 mg/L), echoing the
higher unit area load in Gongbu Jiangda (78.14 kg/km?)
compared to Bayi (74.72 kg/km?). Similarly, TP
concentrations and loads were both higher in the
upstream reaches, although the absolute differences
were smaller (Table 3).

The NHs-N Anomaly: Notably, while NHs-N
concentrations were higher in the Gongbu Jiangda
section (0.13 mg/L vs. 0.07 mg/L), the calculated unit
area load was slightly lower than in Bayi (6.96 vs.
7.84 kg/km?). This discrepancy suggests that NHs-N
levels in the upper reaches may be influenced by
point-source-like discharges from concentrated rural
settlements or specific headwater ecological factors
rather than purely area-based runoff.

Mechanism of Responsive Relationship

The synergy between the pollution (contribution
rates) validates a responsive relationship. The dominance
of large livestock as the primary source of COD, TN,
and TP (Fig. 6) explains why the Gongbujiangda section
— characterized by extensive pastoralism — exhibits
poorer water quality. The strong homogeneity between
COD-TP and TN-NH:-N during the wet season further
confirms that rainfall-induced runoff is the primary
vehicle for transporting these agricultural NPS loads
into the Niyang River mainstream [31].

Spatial Autocorrelation and Clustering
Patterns of Water Quality

To further elucidate the spatial dependency and
aggregation characteristics of pollutants in the Niyang
River, the Global Moran’s / index was calculated using
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Table 3. Correlation between NPS unit area loads and average in-stream concentrations.

Pollutant Region Unit Area Load (kg/km?) Avg. Concentration (mg/L) Correlation Trend
Gongbu Jiangda 2166.82 18.48
COD Positive Coupling
Bayi District 2039.71 14.04
Gongbu Jiangda 78.14 0.59
TN Positive Coupling
Bayi District 74.72 0.22
Gongbu Jiangda 12.74 0.02
TP Positive Coupling
Bayi District 12.24 0.01
Gongbu Jiangda 6.96 0.13
NHs-N Spatial Lag/Anomaly
Bayi District 7.84 0.07

a GIS-based spatial analysis platform. The Moran’s
I values for COD, TN, TP, and NHs-N were 0.9486,
0.8592, 0.1406, and -0.3745, respectively (Table 4).

High-Efficiency Clustering of COD and TN

The results indicate that COD (I = 0.9486) and TN
(I = 0.8592) exhibit extremely strong positive spatial
autocorrelation. This suggests that the concentrations
of these two pollutants are not randomly distributed but
show significant spatial dependency.

High-High Clustering: Observed in the upstream
Gongbu Jiangda section, where high-intensity pastoral
activities create a continuous high-pollution zone.

Low-Low Clustering: Observed in the downstream
Bayi section, where the river’s self-purification
capacity and increased baseflow result in a stable low-

concentration zone [32]. This continuity in spatial
distribution validates that COD and TN are driven by
broad-scale land-use patterns (e.g., extensive grazing)
rather than isolated point sources.

Spatial Fragmentation of TP and NHs-N

In contrast, TP (/ = 0.1406) showed a weak spatial
correlation, indicating that its distribution is more
localized and influenced by specific geochemical factors
or intermittent agricultural runoff.

Most notably, NHs-N exhibited a negative Moran’s
I value (-0.3745), suggesting a spatially dispersed or
checkerboard pattern. This negative autocorrelation
implies that high-concentration segments are often
adjacent to low-concentration segments, with no
significant clustering. These findings align with

Bayi District

__ad
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2635 2 w7 1050 10 20 30 4
7 - e = T
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o > oW N
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002 @ 1224 1050 10 20 30 40
L]

0ol - 1M km

g

Gongbu Jiangda County

Mainstream NH-N Unir Area Load

018 1 696 1050 10 20 30 40
006 - T8 el i E )

Bayi District
oy //" il h)

Mainsteam TN Unil Arca Load

e = Mum 105 010 20 30 40
015 = s A=

Fig. 6. Spatial distribution of in-stream water quality vs. NPS unit area loads.
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Table 4. Global Moran’s / index and spatial distribution characteristics.

Indicator Moran’s / Value Z-Score P-Value Spatial Pattern
COD 0.9486 >2.58 <0.01 Strong Positive Correlation (Clustered)
N 0.8592 >2.58 <0.01 Strong Positive Correlation (Clustered)
TP 0.1406 1.65 >0.10 Weak Correlation (Random)
NH;-N -0.3745 <-1.96 <0.05 Negative Correlation (Dispersed)

the analysis, confirming that NHs-N is primarily driven
by localized rural domestic sewage discharges from
scattered settlements, which lack the spatial continuity
seen in livestock-driven pollution [33].

Synthesis of Spatial Differentiation

Overall, the Niyang River mainstream demonstrates
distinct spatial differentiation. The strong homogeneity
and clustering of COD and TN reflect the dominant
impact of the upstream livestock industry. The spatial
fragmentation of NHs-N highlights the impact of
decentralized anthropogenic activities. These spatial
insights suggest that water environment management
should transition from uniform basin-wide control
to zone-specific targeted intervention, focusing on
upstream pastoral clusters for COD/TN and township-
level infrastructure for NHs-N [34].

Integrated Management Strategies and Mitigation
Pathways for Watershed Sustainability

The spatial-temporal analysis of the Niyang River
basin reveals a complex interplay between traditional
pastoralism and aquatic ecosystem sensitivity. The high
organic loading (COD) and nutrient enrichment (TN, TP)
primarily originate from the upstream grazing clusters,
while NHs-N exhibits a fragmented, settlement-driven
pattern. Addressing these challenges requires a shift
from conventional end-of-pipe treatment to a holistic
Source-Process-Sink management paradigm tailored to
the plateau environment.

Riparian Buffer Optimization
for Source-Sink Interception

The strong spatial autocorrelation of COD and TN
(>0.85) suggests that the river’s water quality is highly
sensitive to terrestrial runoff from adjacent pastoral
lands. Establishing Ecological Riparian Buffer Zones
(ERBZs) serves as a critical Sink to intercept pollutants.

In the high-altitude context of the Niyang River,
the efficacy of ERBZs is governed by the Source-
Sink theory [35]. For the High-High clustering zones
identified in Gongbu Jiangda, a multi-layered buffer
strip is essential. This involves:

Mechanical Interception: Utilizing native grasses and
shrubs to reduce the kinetic energy of surface runoff,

thereby promoting the sedimentation of phosphorus-rich
particles [36].

Biogeochemical Transformation: Given the low
microbial activity in cold plateau soils, the selection of
cold-tolerant rhizospheric species is vital to enhance
the denitrification process and organic matter
decomposition before nutrients reach the mainstream
[37].

Hotspot Targeted Design: In sections with peak
concentrations (e.g., K1 and S3), the buffer width should
be scientifically extended based on slope and soil
permeability to maximize the filtration effect during the
intensive wet season.

Circular Nutrient Loops for Livestock-Dominant
Pollution Control

The fact that large livestock farming contributes
over 87% of the total COD, TN, and TP loads indicates
that the basin’s carrying capacity is being challenged by
traditional extensive grazing. To mitigate this, a circular
agricultural system must be implemented to decouple
livestock growth from environmental degradation.

As conceptualized in Table 5, this strategy
transforms the Linear Waste Model into a Nutrient
Recycling Loop.

Manure-to-Fertilizer Conversion: By establishing
decentralized manure collection points and centralized
organic fertilizer processing plants, the high organic
load can be diverted from the river to the agricultural
valleys of Bayi District. This effectively reduces the
Export Coefficient of the pastoral sector [38].

Land-based Assimilation: Promoting the use
of organic fertilizers in crop cultivation not only
reduces chemical fertilizer runoff but also improves
soil structure and water retention on the plateau. This
Synergistic Control addresses the NPS issue at its
economic root, ensuring that the nutrient output of the
upstream pastoral zone stays within the assimilative
capacity of the downstream agricultural zone [39].

Multi-Level Governance and Behavioral
Intervention for Decentralized Pollution

The dispersed spatial pattern of NHs-N (negative
Moran’s [) and its correlation with rural domestic
sewage highlight a governance gap. Unlike the land-use-
driven livestock pollution, NHs-N is a social-ecological
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Table 5. Multi-level socio-ecological governance framework.

Level Governance Focus Theoretical Basis Implementation Pathway
Institutional Regulatory Oversight Top-down Control Strict enforcement of .Red Lines for grazing; funding for
decentralized sewage treatment.
Operational Technical Support Process Optimization Implementing River Chief systems; providing green

farming skills training to herders.

Community Behavioral Norms

Polycentric Governance

Localizing environmental laws into Village Covenants to
foster collective action.

problem rooted in decentralized human behavior and
inadequate infrastructure.

To ensure long-term sustainability, management
must move beyond technical fixes. As NHs-N pollution
is highly localized, the River Chief system should
be integrated with community-based monitoring. By
transforming abstract legal principles into tangible
behavioral guidelines — such as proper waste disposal
and restricted grazing zones — the basin can transition
toward a co-governance model. This approach empowers
local herders and residents as the primary stewards of
the Water Tower of Tibet, ensuring the resilience of the
Niyang River’s water environment [40].

Conclusions

This study systematically investigated the spatio-
temporal dynamics and source apportionment of
nutrient loading in the Niyang River by developing
a multi-dimensional  diagnostic framework that
couples the CPI, a refined OCM, and stoichiometric
correlation analysis. By monitoring nine representative
sections across contrasting hydrological seasons,
the research successfully bridged the gap between
ambient concentration-based risk profiling and land-
use-driven pollution flux calculation, identifying a
distinct spatial purification gradient and pinpointing
the dry season as the critical window for management
due to reduced dilution capacity. A key innovation of
this work is the validation of a synchronous transport-
source mechanism through strong stoichiometric
coupling (COD-TP and TN-NHs-N), which confirms
that pastoral waste and agricultural runoff are
functionally integrated pollution drivers rather than
independent factors, ultimately establishing COD as
the primary risk indicator in this high-altitude fragile
ecosystem.

The findings demonstrate that the synergistic
application of concentration-load modeling provides
a robust precision-targeting tool for water quality
management in the Third Pole region, offering a
scientific template for ecological preservation in similar
alpine basins. However, future research must address the
evolving challenges posed by climate-driven shifts, such
as accelerated glacier melt and permafrost degradation,
which significantly alter pollutant transport pathways
and residence times. Furthermore, investigating the

micro-scale kinetics of nutrient degradation by unique
microbial communities under extreme low-temperature
conditions and integrating higher-resolution remote
sensing data will be essential to refining the Output
Coefficient Model, ensuring more dynamic and adaptive
water resource management strategies in response to the
rapid socioeconomic development of the Qinghai-Tibet
Plateau.

Acknowledgments

The Key Research and Development Program
of Xizang Autonomous Region Department, China
(XZ2025027ZY0021);  Non-equilibrium  Regulation
of Tibet River-Lake Water-Sand-Energy and Key
Technologies of Water Conservancy Project Safety
and Promotion Demonstration (XZ202501ZY0004);
Open Research Subject of Key Laboratory of Fluid
Machinery and Engineering (LTDL-2025003); China
Institute of Water Sciences Research Special Project
Five Major Talent Plan (MKO0145B012021) “Integrated
Water Heat Regulation of Artificial Grassland in Tibet
High Cold Area and Multi-scale Water Use Efficiency
Improvement”.

Al Usage Disclosure Statement

During the preparation of this manuscript, the
authors used Al-assisted language tools solely for
linguistic refinement, translation assistance, grammar
checking, and academic phrasing optimization. These
tools were not involved in any aspect of scientific
conception, experimental design, data collection,
statistical or spatial analysis, model development,
or interpretation of results. All intellectual content,
methodological frameworks, empirical findings, and
conclusions are entirely the work of the human authors.
The authors take full responsibility for the accuracy,
integrity, and scientific validity of the manuscript.

Conflict of Interest

The authors declare no conflict of interests.



12

Lu Wen-bin, et al.

10.

11.

12.

13.

14.

15.

References

VOROSMARTY C.J., MCINTYRE P.B., GESSNER M.O.,
DUDGEON D., PRUSEVICH A., GREEN P., GLIDDEN
S., BUNN S.E., SULLIVAN C.A., LIERMANN C.R,,
DAVIES P.M. Global threats to human water security and
river biodiversity. Nature, 467, 555, 2010.

KRISHNAN S.R., NALLAKARUPPAN MK,
CHENGODEN R., KOPPU S., IYAPPARAJA M.,
SADHASIVAM J, SETHURAMAN S. Smart Water
Resource Management Using Artificial Intelligence-A
Review. Sustainability, 14 (20), 13384, 2022.

EJIOHUO O., ONYEAKA H., AKINSEMOLU A,
NWABOR O.F.,, SIYANBOLA K.F., TAMASIGA P,
AL-SHARIFY Z.T. Ensuring water purity: Mitigating
environmental risks and safeguarding human health.
Water Biology and Security, 4 (2), 100341, 2025.
POINTET T. The United Nations World Water
Development Report 2022 on groundwater, a synthesis.
LHB-Hydroscience Journal, 108 (1), 2090867, 2022.
ZHENG Z.Q., DING H., WENG Z., WANG L.X. Research
on a multiparameter water quality prediction method based
on a hybrid model. Ecological Informatics, 76, 102125,
2023.

MOHAPATRA S.S., ARORA M., WU WY., TIWARI
M.K. A Review of IUWM Approach to Address Urban
Water Challenges Faced by a Developing Country. Water
Resources Management, 39 (6), 2443, 2025.

SHEN D.J. Climate change and water resources: evidence
and estimate in China. Current Science, 98 (8), 1063,
2010.

YANG Y.H.,, YAN B.X., SHEN W.B. Assessment of Point
and Nonpoint Sources Pollution in Songhua River Basin,
Northeast China by Using Revised Water Quality Model.
Chinese Geographical Science, 20 (1), 30, 2010.

CHEN S.J, WANG JY. An integrative analytical
framework and evaluation system of water environment
security in the context of agricultural non-point source
perspective. Environmental Research Communications, 5
(1), 015009, 2023.

KIM M.G., BARTOS M. A digital twin model for
contaminant fate and transport in urban and natural
drainage networks with online state estimation.
Environmental Modelling & Software, 171, 105868, 2024.
LIU J.J., GUO H.C. Hydrochemical Characteristics and
Ion Source Analysis of the Yarlung Tsangpo River Basin.
Water, 15 (3), 537, 2023.

QU B.,ZHANG Y.L., KANG S.C., SILLANPAA M. Water
chemistry of the southern Tibetan Plateau: an assessment
of the Yarlung Tsangpo river basin. Environmental Earth
Sciences, 76 (2), 74, 2017.

LI H.A., TIAN S.M., SHANG F.D., SHI X.Y., ZHANG Y.,
CAO Y.T. Impacts of oxbow lake evolution on sediment
microbial community structure in the Yellow River source
region. Environmental Research, 252 (3), 119042, 2024.
LIAO N., JIANG L., LI J,, ZHANG L.L., ZHANG 1J.,
ZHANG Z.Y. Effects of freeze-thaw cycles on phosphorus
from sediments in the middle reaches of the Yarlung
Zangbo River. International Journal of Environmental
Research and Public Health, 16 (19), 3783, 2019.

WU J.,, ZHAO Z.Q., MENG JL., ZHOU T. Analysis
on water quality of the tibetan plateau based on the
major ions and trace elements in the Niyang River Basin.
Applied Ecology and Environmental Research, 18 (2),
3729, 2020.

16.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

ADYARIB,, LIAO X., YAN X.H., QIU Y.X., GROSSART
HP,LILY, YU T, MAO G.N, LIU K.S,, SU J,, LIU
Y., HU A. Anthropogenic gene dissemination in Tibetan
Plateau rivers: sewage-driven spread, environmental
selection, and microeukaryotic inter-trophic driving
factors. Water Research, 284, 123887, 2025.

. WANG J1.X., CAI Y.H., GAO X.D., ZHOU Y.Q., WU PT.,

ZHAO X.N. Modeling the dynamics of evapotranspiration
of wolfberry (Lycium barbarum L. under different
cultivation methods on the Tibetan Plateau. Journal of
Hydrology, 639, 131537, 2024.

ZHAO YM., DONG N.P, MA C., WANG H. Runoff
simulation based on granular computing by introducing
terrain factors to construct climate characteristic index.
Journal of Hydrology, 661, 133614, 2025.

WANG P.X., ZHOU ZH., LIU J.J, XU CY., WANG K.,
LIU Y.L, L1J, LI Y.Q., JTA Y.W., WANG H. Application
of an improved distributed hydrological model based on the
soil-gravel structure in the Niyang River basin, Qinghai-
Tibet Plateau. Hydrology and Earth System Sciences, 27
(14), 2681, 2023.

FU SY., MENG FL., FENG S.J, YAO CX., LIU IJ,
LIU X.J., XU W. Hotspots of nitrogen losses from
anthropogenic sources in the Huang-Huai-Hai Basin,
China. Environmental Pollution, 367, 125597, 2025.
DONDU M., OZDEMIR N., DEMIRAK A., DOGAN
H.M., DINCER N.G., KESKIN F. Seasonal assessment of
the impact of fresh waters feeding the Bay of Gokova with
water quality index (WQI) and comprehensive pollution
index (CPI). Environmental Forensics, 25 (1-2), 68, 2024.
DU H.Q., WANG T., XUE X., LI S. Estimation of soil
organic carbon, nitrogen, and phosphorus losses induced
by wind erosion in Northern China. Land Degradation &
Development, 30 (8), 1006, 2019.

DUAN Y.H., SHAN X., FEI L., TANG J.L., GONG LY.,
LIU X.Y., WEN T.X., WANG H.R. GIS-based assessment
of spatial and temporal disparities of urban health index in
Shenzhen, China. Frontiers in Public Health, 12, 1429143,
2024.

LI N.,, WANG D. Quantifying Time-Lag and Time-
Accumulation Effects of Climate Change and Human
Activities on Vegetation Dynamics in the Yarlung Zangbo
River Basin of the Tibetan Plateau. Remote Sensing, 17 (1),
160, 2025.

XU LY., JIANG J., LU M.Y., DU J.G. Spatial-Temporal
Evolution Characteristics of Agricultural Intensive
Management and Its Influence on Agricultural Non-Point
Source Pollution in China. Sustainability, 15 (1), 371, 2023.
WU L.F., GUO X.R., CHEN Y. Grey Relational Entropy
Calculation and Fractional Prediction of Water and
Economy in the Beijing-Tianjin-Hebei Region. Journal of
Mathematics, 2021, 4418260, 2021.

ZHANG Y.D., YANG W.S., PENG L., FU H., CHEN M.J.
Natural and anthropogenically driven change of organic
carbon burial rate in two alpine lakes from the southeastern
margin of the Tibetan Plateau. Catena, 247, 108490, 2024.
YANG SY., TAYLOR D., YANG D., HE M.J., LIU X.M,,
XU JM. A synthesis framework using machine learning
and spatial bivariate analysis to identify drivers and
hotspots of heavy metal pollution of agricultural soils.
Environmental Pollution, 287, 117611, 2021.

ZHANG J., JIANG Y.E., ZHANG H.Y., FENG D., BU
H.L., LI L.L, LU SY. A critical review of characteristics
of domestic wastewater and key treatment techniques in
Chinese villages. Science of the Total Environment, 927,
172155, 2024.



Spatio-Temporal Dynamics and Source...

13

30.

31.

32.

33.

34.

3s.

DENG Y., OU Y., PANG S.J, YAN B.X., ZHU H,,
YAN L.M., CUI Q. Multi-objective optimization of best
management practices at watershed scale: A case study of
drinking water source watersheds in northeast black soil
region of China. Agricultural Water Management, 318,
109736, 2025.

WU W.C., ZHAO L., PEI Y.D., DING W.H.,, YANG H.,
XU Y.P. Variability of tetraether lipids in Yellow River-
dominated continental margin during the past eight
decades: Implications for organic matter sources and river
channel shifts. Organic Geochemistry, 60, 33, 2013.

YU JN., ZHANG H.C., WANG P.X., WANG J.Z., LU F.
Sequence analysis of local indicators of spatio-temporal
association for evolutionary pattern discovery. GlScience
& Remote Sensing, 62 (1), 2487292, 2025.

LI D.S., CUI B.L., ZHAO Y.D. Effects of the hydrologic
process and geochemistry on dissolved carbon in shallow
groundwater surrounding Qinghai Lake. Journal of Great
Lakes Research, 50 (3), 102349, 2024.

WANG X.Y., YANG Y.Q., WAN J, CHEN Z., WANG
N., GUO Y.Q., WANG Y.G. Water quality variation and
driving factors quantitatively evaluation of urban lakes
during quick socioeconomic development. Journal of
Environmental Management, 344, 118615, 2023.

XU T, WENG B.S., YAN D.H., WANG K., LI XN,
BI W.X., LI M., CHENG X.J., LIU Y.X. Wetlands of
International Importance: Status, Threats, and Future
Protection. International Journal of Environmental
Research and Public Health, 16 (10), 1818, 2019.

36.

37.

38.

39.

40.

LI H.D., SHEN W.S., ZOU CX.,, JIANG J, FU LN,
SHE G.H. Spatio-temporal variability of soil moisture
and its effect on vegetation in a desertified aeolian
riparian ecotone on the Tibetan Plateau, China. Journal of
Hydrology, 479, 215, 2013.

BO Y., WEN W. Treatment and technology of domestic
sewage for improvement of rural environment in China.
Journal of King Saud University Science, 34 (7), 102181,
2022.

XU CY., LIU D.,, WANG X.Y., WANG T. Shifting from
a thermal-constrained to water-constrained ecosystem
over the Tibetan Plateau. Frontiers in Plant Science, 14,
1125288, 2023.

DEVKOTA K.P, PASUQUIN E., ELMIDO-
MABILANGAN A., DIKITANAN R., SINGLETON G.R.,
STUART A.M., VITHOONIJIT D., VIDIYANGKURA
L., PUSTIKA A.B., AFRIANI R., LISTYOWATI C.L.,
KEERTHISENA R.S.K., KIEU N.T., MALABAYABAS
A.J., HU R., PAN J., BEEBOUT S.E.J. Economic and
environmental indicators of sustainable rice cultivation:
A comparison across intensive irrigated rice cropping
systems in six Asian countries. Ecological Indicators, 105,
199, 2019.

DE MELLO N.G.R., GULINCK H., VAN DEN BROECK
P, PARRA C. Social-ecological sustainability of
non-timber forest products: A review and theoretical
considerations for future research. Forest Policy and
Economics, 112, 102109, 2020.



