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1. Study Background
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e Misconceptions regarding N and P leaching

» The Intergovernmental Panel on Climate Change Sixth ﬁ
Assessment Report (IPCC ARG6) estimates that mountains

High priority ek

cover about 23.5% of Earth's surface. These regions have g 0 b

little human activity or unique features, like protected g j::

areas and headwaters (the source of rivers). They remain j 0

understudied, limiting the soundness of water policy : z:z; A% , /
decisions (Messager et al., Nature., 2021), b Fig. 4 Global hydrological monitoring discrepancies -

(Corey et al., Nat. Nature Sustainability., 2022)



1. Study Background

‘ Qinghai-Tibet Plateau (QTP), known as Earth’'s “Third Pole” and the “Asian water tower”
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O QTP has experienced climate warming, cryosphere thawing, and

intensified human activities.
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O The unique habitats of high-altitude, cold regions accelerate increases in Fig.6 Changes in the Qinghai-Tibet Plateau
(Chen et al., Nature Reviews Earth & Environment, 2022)

runoff and sediment flux, as well as nutrient release. e
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1. Study Background

TP&TN

. watersheds with comprehensive data, yet it has
* =~ Future

X A
* trends

overlooked many watersheds without

1990 2016 ] hydrological monitoring stations—particularly

smaII watersheds surroundlng Iakes

e () (=
r\/._tuﬁ\ 7‘%

) Qinghai-Tibetan lakes Climatu Change By
Discharges 7 /

//
J/Er&ﬂ

§m

D CN i

g,ue—
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» Lakes form closed or semi-closed systems with

Negative

prolonged water exchange, primarily relying on
For two decades, Predictions in Ungauged

Basins (PUB) has challenged hydrology

evaporation and melting.

because of limited in situ (on-site) data
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1. Study Background

physical models
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1. Study Background

To develop a hybrid framework by integrating field surveys, process
models, and interpretable machine learning, enabling assessment of N and
P fluxes throughout entire river basins, particularly in ungauged basins

To precisely track flux linked to human activities, using field survey
emissions data in combination with a Markov chain-based transport

process

To identify key drivers of these fluxes via interpretable machine learning,
thereby supporting basin management strategies



2. Methods
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2. Methods
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Fig. 11 calibration and validation of SWAT
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Fig. 11 machine learning models in predicting

N and P fluxes
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3. Results and discussion
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Fig. 12 Proportions of TN (left) and TP (right) entering the lake, and
their temporal trends

O Notably, N and P fluxes from ungauged
basins are 494.62 + 63.77 t and 26.80 *
3.42 t, representing 21.64% and 34.25%
of the total.

O Temporal changes in N and P fluxes
within the Qinghai Lake watershed can be
with an

divided into two phases,

inflection point around 2016.

O The spatial characteristics of N and P flux

show higher intensities in the middle and

lower reaches than in the upper reaches.

Additionally, areas along the main river

channels exhibit higher N and P flux.




Results and discussion
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3. Results and discussion
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Overall, runoff emerges as the most
important variable associated with both TN

and TP fluxes predictions.

Beyond runoff, the grassland area also

exhibits a notable positive association with

both TN and TP fluxes.

For TN flux, air temperature and

precipitation are also important variables,

16.10% and 12.57%,

explaining

respectively.

In contrast, TP flux is more strongly

associated with topography and erosion

Processes.




3. Results and discussion

O The research methodology employed herein constitutes a viable solution under conditions of sparse data; however, the upper

bound of its predictive accuracy remains contingent on the simulation performance of the underlying mechanistic model.

O Furthermore, whilst the SWAT demonstrated satisfactory calibration and validation in the Qinghai Lake watershed, it does not
account for freeze-thaw processes. Frequent freeze-thaw cycles deepen soil pores and induce structural damage, altering
hydrological processes while intensifying soil N and P transformation and release, thereby increasing nutrient loss risks. This
omission may introduce uncertainty in simulated nutrient fluxes, particularly during seasonal transition periods (e.g., spring

thaw), when nutrient mobilization is intensified, potentially leading to biased estimates of nutrient export.

O Regarding processes, while this study identified key drivers of N and P fluxes through IML, the transmission pathways of
these variables remain unclear, especially the interaction between climate change and human activities. For instance, human-
induced climate change may indirectly influence nutrient outputs by altering runoff processes, limiting the attribution of causal

mechanisms. Similarly, leaching-driven subsurface transport may contribute to river loads, creating uncertainty in the

mechanistic attribution of discharge pathways.




4. Conclusion

O The coupling of SWAT modeling with machine learning demonstrated satisfactory performance in simulating N and P fluxes
across the watershed. This integrated approach, which combines mechanistic models with machine learning, may also be

applicable to monitoring networks in other mountainous or data-scarce areas to address similar water-quality issues.

O Notably, UB constitutes merely 17% of the basin's total area yet contribute 21.64% of the basin's TN flux and 34.25% of its TP
flux. Furthermore, runoff, climatic conditions, and geographical factors emerge as the primary drivers of N and P flux

variations, rather than direct human factors.

O This study deepens our understanding of N and P transformation processes in plateau watersheds, demonstrates the application
value of coupled models in watershed flux simulation, and provides new perspectives for comprehensively quantifying N and P

fluxes and identifying multi-factor driving mechanisms.

O Future research should focus on deciphering the pathways of N and P flux variations, expanding monitoring networks to guide

watershed management, and deepening our understanding of biogeochemical processes on the Tibetan Plateau.
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