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H I G H L I G H T S G R A P H I C A L  A B S T R A C T

• CO2 variability of aquaculture-affected 
lakes was investigated at a decadal 
scale.

• Aquaculture-affected lakes acted as sig
nificant CO2 sources.

• Nutrient enrichment contributed to sig
nificant CO2 emissions.

• Sustained CO2 emissions persisted 
following aquaculture retreat.

• Random Forest model identified 
nutrient loading and aquaculture area as 
key predictors.
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A B S T R A C T

Aquaculture has emerged as one of the dominant anthropogenic drivers altering the carbon dioxide (CO2) bal
ance of lake ecosystems. Although aquaculture retreat (pen removal) has been widely implemented in lakes, its 
long-term effects on CO2 variability remain poorly constrained due to insufficient field measurements, thereby 
hindering our understanding of anthropogenic carbon cycling. To address this knowledge gap, we investigated 
the partial pressure of carbon dioxide (pCO2) and CO2 flux in two typical aquaculture-affected lakes in eastern 
China (Lake Yangcheng, LYC; Dongtaihu Bay of Lake Taihu, DTH) based on long-term (2000–2015) field mea
surements. Results revealed that both systems were net CO2 sources, yet LYC with high nutrient loadings 
exhibited significantly higher emissions (108 ± 56 g C m-2 yr-1; pCO2: 1180 ± 390 μatm) than DTH (37 ± 24 g C 
m-2 yr-1; pCO2: 716 ± 185 μatm). Crucially, CO2 emissions in LYC exhibited a counter-intuitive “V-shaped” 
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trajectory in response to management interventions: declining by 54 % during the active removal phase, but 
rebounding by 56 % in the post-restoration phase. This unexpected rebound was driven not merely by nutrient 
legacy, but fundamentally by the loss of submerged vegetation, thereby severely compromising the ecosystem’s 
CO2 uptake capacity. In contrast, DTH maintained stable emissions under a moderate retreat strategy mostly due 
to the stabilizing effect of macrophyte retention. The Random Forest (RF) model further showed that aquaculture 
area functions as a non-linear regulator of emission intensity, challenging linear scaling assumptions. Our 
findings demonstrate that successful carbon mitigation in aquaculture systems relies not merely on nutrient load 
reduction but fundamentally on the structural recovery and functional integrity of the autotrophic carbon sink.

1. Introduction

Lakes account for only 2.2 % of the Earth’s land surface but play a 
pivotal role in the global carbon dioxide (CO2) budget (Raymond et al., 
2013; Holgerson and Raymond, 2016; Pi et al., 2022). Lakes are 
generally supersaturated with CO2 and are widely recognized as sources 
of CO2 emissions (Borges et al., 2022; Duan et al., 2023; Lauerwald et al., 
2023). Over the past decade, substantial effort has been made to refine 
emission estimates at both regional and global scales (e.g., Finlay et al., 
2015; Li et al., 2018; Song et al., 2024; Grasset et al., 2025; Zhang et al., 
2026b). However, current CO₂ emission estimates for global lakes 
remain highly uncertain, spanning over one order of magnitude from 
0.07 to 0.81 Pg C yr-1 (Cole et al., 2007; Raymond et al., 2013; DelSontro 
et al., 2018; Lauerwald et al., 2023). This large uncertainty arises not 
only from observational limitations but also from the profound yet 
poorly quantified influence of human activities, which alter lake 
biogeochemistry and consequently dramatically impact CO₂ emissions 
(Liu et al., 2025b; Zhang et al., 2026b). Considering that human activity 
can reshape lake CO2 emissions, there is an urgent need for more 
comprehensive field-based measurements to quantify these anthropo
genic impacts on CO2 dynamics.

Pen aquaculture has become a dominant anthropogenic influence on 
lake ecosystems since the late 1980s, driven by rising global demand for 
aquatic protein (FAO, 2024). This intensive practice significantly alters 
lake carbon dynamics through complex and opposing biogeochemical 
pathways (Kosten et al., 2020; Chen et al., 2023; Zhang et al., 2026a). 
On one hand, the intentional introduction of submerged macrophytes 
for habitat enhancement promotes photosynthetic CO2 uptake, with 
well-vegetated zones reducing emissions by up to 43 % compared to 
barren areas (Zhang et al., 2022b). On the other hand, substantial feed 
inputs (1500 to 6000 kg C ha⁻¹ yr⁻¹) stimulate microbial respiration and 
thus enhance CO2 efflux (Chen et al., 2016; Yuan et al., 2019; Waldemer 
and Koschorreck, 2023; Yang et al., 2024; Liu et al., 2025a). While 
existing research has extensively debated this “source-sink” balance 
during the active phase of aquaculture, a critical yet overlooked 
dimension is the ecological transition triggered by the cessation of these 
activities. The implementation of “aquaculture retreat” policies, which 
are designed to restore water quality, essentially acts as a massive 
environmental disturbance, leading to the dismantling of over 83 % of 
enclosures in subtropical lakes (Luo et al., 2020; Yin et al., 2024). While 
such interventions initially mitigate external nutrient loading, they also 
abruptly terminate long-standing human-managed carbon sinks (Pu 
et al., 2022). It remains poorly understood how this sudden shift from 
intensive interference to natural recovery disrupts the established 
biogeochemical balance, and whether the subsequent variations in 
nutrient and macrophyte dynamics trigger potential regime shifts or 
non-linear trajectories in CO2 dynamics.

A critical challenge in quantifying the impact of human activities on 
lake CO2 dynamics is the lack of long-term observational data, partic
ularly for specific management interventions. While the decadal-scale 
ecological responses to restoration in general eutrophic lakes have 
been increasingly reported, these studies have predominantly focused 
on water quality improvements or vegetation recovery (e.g., Lin et al., 
2021; Duan et al., 2022; Poikane et al., 2024), with comparatively 
limited attention paid to the temporal evolution of carbon dynamics (e. 

g., Xiao et al., 2020, 2023). This knowledge gap is particularly acute for 
restored aquaculture systems, where the biogeochemical consequences 
remain poorly constrained (Kosten et al., 2020; Chen et al., 2023; Zhang 
et al., 2026a). Furthermore, given that aquaculture zones differ funda
mentally from typical lake ecosystems in ecological structure and 
function, characterized by semi-enclosed physical barriers and sub
stantial allochthonous nutrient subsidies (Pu et al., 2022; Zhao et al., 
2025), it remains uncertain whether the conclusions derived from gen
eral lake restoration are directly applicable to these unique systems. This 
uncertainty is critically compounded by the prevalence of short-term 
observations (< 2 years) in existing literature, which are prone to mis
interpreting transient states as stable trends and failing to capture 
complex lag effects (e.g., hysteresis) as the system transitions toward a 
new equilibrium (Jeppesen et al., 2007; Kosten et al., 2020). Therefore, 
long-term datasets are imperative to distinguish between temporary 
fluctuations and genuine regime shifts following the retreat of intensive 
aquaculture.

As the world’s leading producer of freshwater aquaculture, China 
accounts for over 60 % of global output (FAO, 2024). The Yangtze River 
Delta (YRD) is a key region in China, contributing 26 % of China's 
aquaculture area (China Fishery Statistical Yearbook, 2023). Within this 
region, Lake Yangcheng (LYC) and Dongtaihu Bay of Lake Taihu (DTH) 
represent two prominent systems with long histories of aquaculture. Pen 
farming was initiated in both lakes in the 1980s, followed by rapid 
expansion. However, their developmental trajectories diverged signifi
cantly after 2008: LYC was subjected to drastic aquaculture removal 
initiatives, whereas DTH underwent a slower, phased retreat process 
(Luo et al., 2020; Xiao et al., 2024b). This contrast enables a systematic 
examination of how varying intensities of anthropogenic intervention 
influence carbon fluxes. By comparing the rapid policy-driven restora
tion in LYC with the gradual reduction in DTH, this study elucidates how 
different management strategies regulate lake carbon budgets. These 
findings provide a mechanistic understanding of carbon source-sink 
transitions across varying ecological recovery pathways.

To address the aforementioned gaps, this study presents a 16-year 
(2000–2015) dataset of partial pressure of carbon dioxide (pCO2) mea
surements and CO2 exchange flux estimates at the LYC and DTH sites. 
While freshwater aquaculture expansion is known to increase CO2 
emissions (Liu et al., 2025a;Yuan et al., 2019, 2025; Zhang et al., 
2026a), we hypothesize that aquaculture retreat would trigger a 
continuous decline in CO2 emissions. Therefore, the specific objectives 
of this study are: (1) to quantify the long-term CO2 exchange fluxes and 
assess the carbon source/sink status of LYC and DTH over a 16-year 
period, (2) to characterize the interannual trajectories of CO2 dy
namics and determine whether “aquaculture retreat” triggers linear 
declines or non-linear regime shifts in carbon emissions, and (3) to 
identify the key environmental drivers and biological mechanisms that 
regulate CO2 variability and develop predictive models. By integrating 
long-term observations and mechanistic analysis, this work aims to 
advance our understanding of carbon cycling in managed aquatic eco
systems and elucidate the complex biogeochemical feedbacks following 
anthropogenic disturbances.
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2. Materials and methods

2.1. Site description

Lake Yangcheng (LYC) and Dongtaihu Bay of Lake Taihu (DTH) are 
two representative shallow eutrophic lakes located in the Yangtze River 
Delta, China (Fig. 1). LYC (31◦21′ N, 120◦39′ E) is the third-largest 
waterbody in the Taihu Basin, covering an area of 108 km² with a 
mean depth of 2.1 m. The lake exhibits a unique tripartite structure 
comprising the western (area: 33 km2), central (area: 33 km2), and 
eastern (area: 42 km2) sectors. Water quality exhibits a spatial gradient, 
improving from west to east driven by the distribution of nutrient-rich 
inflows. In contrast, DTH (31◦03′ N, 120◦28′ E), located in the south
east corner of Lake Taihu, is shallower (mean depth: 1.3 m) and has 
served as an extensive aquaculture zone (106 km2) since 1984. Both 

ecosystems experienced comparable climatic conditions during the 
study period. Mean air temperature and annual precipitation were 17.1 
◦C and 1125 mm in LYC, and 17.5 ◦C and 1112 mm in DTH, respectively.

Both LYC and DTH are prominent crab farming sites in the YRD re
gion. LYC primarily practices monoculture of Chinese mitten crabs 
(CMC), whereas DTH employs a polyculture model, rearing CMC 
alongside shrimp and fish. Both systems follow similar management 
protocols, including pre-season lime application (500–1000 kg ha-1) for 
water quality regulation and the transplantation of submerged macro
phytes to provide shelter and food for the crabs. Feed inputs, comprising 
artificial pellets, corn, and animal-based feed (e.g., small fish and snails), 
were applied from February to November. Annual feed application rates 
were approximately 4800 and 6400 kg C ha-1 yr-1 at the LYC and DTH 
sites, respectively. Detailed descriptions of the farming methodologies 
can be found in Liu et al. (2019) for LYC and Pu et al. (2022) for DTH.

Fig. 1. (a) Distribution of LYC and DTH in China; (b and c) Distribution of sampling sites at the LYC site (Sites 1–7) and at the DTH site (Sites 8–10), respectively. (d) 
Interannual variation in the percentage of pen aquaculture area from 2000 to 2015 at the LYC (Blue circles) and DTH (pink triangles) sites.
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2.2. Data acquisition and water sampling

Field sampling at the Lake Yangcheng (LYC) site was carried out at 
seven long-term monitoring sites. These sites were distributed across 
three lake sectors based on the spatial variability of water quality: three 
in the western sector (Sites 1–3), two in the central sector (Sites 4–5), 
and two in the eastern sector (Sites 6–7, Fig. 1). Sampling in LYC was 
conducted seasonally (March, August, and October) in 2000, 2003, and 
2005. The sampling frequency was increased to six times annually 
(January, March, May, July, September, and November) from 2006 to 
2011, and further intensified to monthly intervals from 2012 to 2015. 
Data were not available for 2001, 2002, and 2004 due to sampling gaps. 
To evaluate the impact of these varying sampling frequencies, a Monte 
Carlo-based sensitivity test was performed, which confirmed that the 
shifts in frequency did not compromise the robustness of the detected 
interannual trends (see Supplementary Text S1 and Fig. S1). In Dong
taihu Bay (DTH), three sampling sites were established (Sites 8–10; 
Fig. 1). Water samples were collected seasonally in February (winter), 
May (spring), August (summer), and November (autumn) from 2000 to 
2015 at Site 8, and from 2005 to 2015 at Sites 9 and 10.

Physicochemical parameters, including water temperature (Tw), 
alkalinity (Alk), pH, dissolved oxygen (DO), ammonium nitrogen (NH+

4 - 
N), total nitrogen (TN), total phosphorus (TP), and chlorophyll a (Chl-a), 
were measured following standard protocols. In brief, Tw, DO, and pH 
were measured in situ using multiparameter probes. Subsurface water 
samples (0.5 m depth) were collected and stored in coolers for labora
tory analysis. Alk was determined via Gran titration with a precision of 
± 0.5 %. TN and TP analyses followed national standards (GB11894–89 
and GB11893–89, respectively) using persulfate digestion and spectro
photometry. NH+

4 -N concentration was determined by the indophenol 
blue method, and Chl-a concentrations were determined spectrophoto
metrically after hot ethanol extraction. For the LYC dataset, missing Alk 
values were interpolated or imputed from mean and measured envi
ronmental variables (see Supplementary Text S2). At the DTH site, long- 
term water sampling and laboratory analyses were conducted by the 
Taihu Laboratory for Lake Ecosystem Research (TLLER).

At the LYC site, the pen aquaculture area was extracted from Landsat 
imagery using the automated classification method developed by Luo 
et al. (2020), which achieved an overall accuracy exceeding 92 %. For 
DTH, aquaculture spatial data were obtained from the analysis by Li 
et al. (2023), who employed a similar remote sensing-based classifica
tion framework. To evaluate the dynamics of aquatic vegetation and its 
potential for carbon sequestration, the Normalized Difference Vegeta
tion Index (NDVI) and Gross Primary Production (GPP) were employed 
as key indicators (Luo et al., 2016; Hao et al., 2025). Monthly NDVI data 
were derived from 30-m resolution Landsat imagery processed via the 
Google Earth Engine (GEE) platform to track the spatial and temporal 
variations in macrophyte coverage. Concurrently, annual GPP was 
estimated using a modified Vertically Generalized Production Model 
(VGPM). The VGPM framework has been widely validated and applied 
to estimate phytoplankton primary production in large shallow lakes 
within the Yangtze River basin, demonstrating high reliability in 
capturing regional carbon fixation patterns (Deng et al., 2017; Jia et al., 
2020; Hao et al., 2025). This model was driven by a combination of 
long-term in situ water quality observations and satellite-derived envi
ronmental forcing, providing a robust measure of the system’s photo
synthetic carbon fixation capacity (see Supplementary Text S3 for 
detailed parameterization and model description).

2.3. Calculations

The partial pressure of CO2 (pCO2, μatm) was computed based on 
carbonate system thermodynamics using in situ measurements of water 
temperature, pH, and alkalinity, following calculation protocols detailed 
in prior literature (Raymond et al., 2013; Abril et al., 2015; Xiao et al., 
2020, 2024b). Given the use of interpolated/imputed alkalinity for the 

historical LYC dataset, a Monte Carlo sensitivity analysis was performed 
to evaluate potential uncertainties (see Supplementary Text S2). We 
utilized the long-term observational dataset from the adjacent DTH to 
constrain the seasonal variability parameters for the simulation. The 
results suggested that pCO2 estimates were robust to alkalinity fluctua
tions, with a mean relative error of ~ 12 %. In contrast, the estimates 
exhibited high sensitivity to pH variations. Given that pH was measured 
in situ with high precision, this confirms that the derived pCO2 dynamics 
were reliable (Fig. S2).

The CO2 exchange flux (Fc, g C m-2d-1) across the water-air interface 
was estimated using the thin boundary layer model (Cole and Caraco, 
1998), expressed as: 

Fc = 0.044 × k × KH × (pCO2 - pa)                                                      

Where k (m d-1) represents the gas transfer coefficient of CO2 derived 
from standard wind-speed dependent models (Cole and Caraco, 1998). 
The wind-based model by Cole and Caraco (1998) was selected because 
our prior comparative analysis in this region demonstrated that its 
annual flux estimates were nearly identical to those derived from com
plex convection-based models (Xiao et al., 2017). This model selection 
ensures consistency across the multidecadal dataset for robust interan
nual comparisons. KH (mol L-1 atm-1) denotes the 
temperature-dependent solubility of CO2 (Henry’s law constant); and pa 
(μatm) is the atmospheric CO2 partial pressure, monitored via a 
high-precision gas analyzer (precision: 0.05 μatm; Xiao et al., 2014). 
0.044 is a conversion factor. A positive Fc (CO2 flux) value indicates a net 
CO2 efflux from the water to the atmosphere. Full calculation procedures 
are available in Xiao et al. (2020).

To characterize the metabolic balance of the lake, dissolved oxygen 
saturation (Sdo) was utilized as a proxy (Brigham et al., 2019). Sdo is 
defined as the ratio of observed dissolved oxygen concentration to the 
saturation concentration at the specific water temperature. Generally, 
Sdo > 1 reflects dominant photosynthetic oxygen production (CO2 sink), 
while Sdo < 1 suggests dominant respiratory oxygen consumption (CO2 
source).

2.4. Data analysis

2.4.1. Data processing
To characterize spatial heterogeneity, LYC was partitioned into three 

sectors: western (Sites 1–3), central (Sites 4–5), and eastern (Sites 6–7). 
For spatial analysis, data from individual sites within each sector were 
spatially averaged to obtain zonal-specific values. To assess temporal 
trends (e.g., seasonal and inter-annual variations), measurements from 
all sampling sites were spatially averaged for each sampling campaign to 
represent the whole-lake condition. Seasons were defined as spring 
(March–May), summer (June–August), autumn (September–No
vember), and winter (December to February). Annual means were 
calculated based on the monthly or seasonal time series from 2000 to 
2015. All data processing and visualization were performed using 
MATLAB (MathWorks, Inc., Natick, MA, USA).

2.4.2. Statistical and machine learning analysis
To disentangle the complex environmental drivers regulating pCO2 

dynamics, we adopted a complementary framework combining tradi
tional statistical approaches with machine learning techniques. First, 
simple linear regression and Pearson correlation analyses were applied 
to determine the directionality (positive or negative) and strength of 
linear associations between pCO2 and environmental parameters. Sub
sequently, the Random Forest (RF) algorithm was employed to identify 
key predictors and capture potential non-linear interactions that might 
be overlooked by linear models. We selected this model due to its known 
robustness against overfitting and multicollinearity in complex ecolog
ical datasets (Kim et al., 2020; Martinsen et al., 2020).

The RF models were constructed using the TreeBagger function in 
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MATLAB. The dataset was randomly partitioned into training (70 %) 
and testing (30 %) subsets. Predictor variables included water temper
ature (Tw), dissolved oxygen (DO), ammonium nitrogen (NH+

4 -N), total 
nitrogen (TN), total phosphorus (TP), chlorophyll a (Chl-a), air tem
perature (Ta), wind speed (WS), NDVI, and the proportional area of pen 
aquaculture (Area). Hyperparameters were optimized based on out-of- 
bag (OOB) error minimization. Variable importance was quantified 
using the increase in mean squared error, which measures the decrease 
in model predictive accuracy when a specific predictor’s values are 
randomly permuted (Shi et al., 2023). Model accuracy was quantified 
using the root mean squared error (RMSE), the coefficient of determi
nation (R²), and the index of agreement (IOA).

3. Results

3.1. Variability of pen aquaculture area, meteorological conditions, and 
biochemical variables

The temporal evolution of pen aquaculture area exhibited distinct 
patterns between LYC and DTH from 2000 to 2015 (Fig. 1). In LYC, 
sectoral analysis revealed marked spatial heterogeneity: the western 
sector maintained 88 % coverage until its complete removal in 2008, 
whereas the eastern and central sectors showed progressive declines 
with differing transition years (Fig. S4). Overall, the trajectory of LYC 

can be categorized into three stages: (1) Stage I (2000–2007) featured a 
gradual decline from 83 % to 76 % coverage, reflecting a period of still- 
intensive farming practices; (2) Stage II (2008–2010) showed an abrupt 
reduction from 65 % to 28 % due to the rigorous implementation of the 
“pen aquaculture retreat” policy; and (3) Stage III (2011–2015) stabi
lized at approximately 28 %, indicating a new equilibrium in aquacul
ture area management. When applying this LYC-based temporal 
framework to DTH, a distinct divergence was observed during the early 
phase. In contrast to the decline in LYC, DTH displayed an inverse tra
jectory during Stage I, expanding from 77 % to 90 % coverage. However, 
the trends converged in Stage II, where DTH also experienced a sharp 
contraction (dropping to 23 %), followed by stabilization in Stage III. 
The 16-year period from 2000 to 2015 was selected as the core analysis 
window to ensure strict temporal consistency for the comparative 
assessment of both lake systems. Crucially, this duration captures the 
full ecological response to the initial “partial retreat” policy, effectively 
isolating these legacy effects from the distinct “complete ban” phase 
implemented post-2018 (Fig. S4).

In terms of meteorological conditions (2000–2015), both lakes 
exhibited synchronized interannual trends characterized by slight 
warming and declining wind speed (Fig. 2a, b). Linear regression anal
ysis indicated a significant downward trend in wind speed for both sites 
(rates of decline: 0.05 m s-1 yr-1 for LYC and 0.03 m s-1 yr-1 for DTH, p <
0.001). Regarding air temperature, although both lakes showed an 

Fig. 2. Interannual variation in (a) air temperature (Ta), (b) wind speed (WS), (c) NH+
4 -N concentration, and (d) Chl-a concentration at the LYC and DTH sites from 

2000 to 2015. The error bars indicate standard error.
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increasing tendency (LYC: 0.08 ◦C yr-1; DTH: 0.06 ◦C yr-1), these trends 
were not statistically significant (p > 0.05). Despite these subtle tem
poral shifts, the overall magnitudes remained comparable between the 
two sites (LYC: 17.1 ◦C, 2.9 m s-1; DTH: 17.5 ◦C, 2.8 m s-1) (Fig. 2a, b; 
Table 1).

In contrast to the uniform meteorological conditions, biochemical 
variables exhibited marked spatiotemporal heterogeneity. Spatially, 
LYC maintained significantly elevated nutrient concentrations, with 
annual means 2–3 times higher than those of DTH (NH+

4 -N: 0.42 vs. 0.23 
mg L⁻¹; Chl-a: 25 vs. 9 μg L⁻¹, Fig. 2c, d, Table 1). Within LYC, a distinct 
decreasing west-to-east gradient was observed, despite consistent sea
sonal patterns (Fig. S5). Specifically, concentrations peaked in the 
western sector due to nutrient-rich inflows, transitioned to intermediate 
levels in the central sector, and reached their lowest values in the east. 
Temporally, however, the two lakes exhibited diverging trajectories. 
Interannual dynamics in LYC closely mirrored aquaculture phase 
changes: Stage I (2000–2007) showed stable elevated levels; Stage II 
(2008–2010) featured dramatic declines, including a notable 78 % 
reduction in NH+

4 -N during the intensive removal period; and Stage III 
(post–2010) maintained a new equilibrium with lower concentrations. 
Conversely, DTH exhibited gradual nutrient increases throughout the 
study period. Notably, policy implementation in LYC drove significant 
water quality improvements from 2000 to 2015, resulting in reductions 
of 44 % for TN, 54 % for TP, 30 % for NH+

4 -N, and 37 % for Chl-a, 
alongside a 6 % increase in DO.

3.2. Temporal dynamics of pCO2

Substantial inter-annual variability in pCO2 was observed in both 
lake systems over the 16-year study period (Fig. 3a). Overall, LYC 
exhibited significantly wider fluctuations and higher levels compared to 
DTH. Annual pCO2 in LYC ranged from 540 μatm in 2010 to 1640 μatm 
in 2006, yielding a long-term mean of 1180 ± 390 μatm (Table S1). In 
comparison, DTH showed narrower variability (370–1180 μatm) and a 
significantly lower mean of 716 ± 185 μatm. The temporal dynamics of 
pCO2 in both lakes evolved through three distinct stages, yet displayed 
diverging trajectories. During Stage I (2000–2007), LYC maintained 
high saturation levels (Mean: 1435 μatm) consistent with intensive 
farming, whereas DTH started at a much lower baseline but exhibited an 
increasing trend (Mean: 617 μatm). A sharp divergence occurred in 
Stage II (2008–2010): LYC experienced a drastic decline to a mean of 
870 μatm following intensive aquaculture retreat, while DTH continued 
to rise, reaching its peak phase average of 951 μatm. By Stage III 
(2011–2015), LYC stabilized with a moderate rebound (Mean: 1195 
μatm), while DTH levels decreased to a lower equilibrium (Mean: 732 
μatm). With the exception of the intensive removal phase (Stage II), 
mean pCO2 values in LYC remained higher than those in DTH, 

highlighting the persistent footprint of higher historical aquaculture 
intensity.

Regarding seasonal dynamics, distinct patterns were observed 
despite the lack of statistically significant differences (p > 0.05) at either 
site (Fig. 4a; Table S1). In LYC, seasonal mean pCO2 peaked in autumn 
(1332 ± 430 μatm), followed by summer (1143 ± 940 μatm), spring 
(938 ± 329 μatm), and winter (910 ± 308 μatm). In contrast, DTH 
displayed an inverse pattern, with higher values during colder seasons 
(autumn: 761 ± 215 μatm; winter: 794 ± 234 μatm) compared to 
warmer periods (spring: 662 ± 310 μatm; summer: 646 ± 360 μatm). 
However, cross-comparison revealed that these seasonal variations were 
secondary to the dominant inter-annual trends driven by anthropogenic 
interventions.

3.3. Spatial heterogeneity and sector-specific responses in LYC

Spatially, LYC exhibited a pronounced decreasing west-to-east pCO2 
gradient across all three stages, consistently matching the historical 
distribution of aquaculture intensity (Fig. S6, Table 1). The highest 
concentrations were observed in the nutrient-rich western sector (1490 
± 538 μatm), transitioning to intermediate levels in the central sector 
(1200 ± 547 μatm) and the lowest values in the eastern sector (860 ±
365 μatm).

We further decoupled the temporal evolution for each specific sector 
to examine their distinct trajectories under varying aquaculture removal 
timelines (Fig. S6). During the intensive retreat period (Stage I to Stage 
II), all sectors exhibited consistent declines, yet the magnitude of 
response was closely coupled with the intensity of aquaculture retreat in 
each zone. The western sector, which underwent the most radical 
change with complete aquaculture removal in 2008, showed the 
sharpest response with a 53 % reduction in pCO2 (from 1853 to 880 
μatm, Table 1). This synchronous decline across sectors indicates that 
aquaculture reduction played a dominant role in carbon mitigation 
during the early restoration phase. However, trends diverged notably in 
the post-restoration phase (Stage III). While the eastern sector stabilized 
at a low-carbon equilibrium (~ 810 μatm), comparable to its Stage II 
level (~ 815 μatm), the western and central sectors exhibited a signifi
cant “V-shaped” rebound. Notably, this rebound occurred in the western 
sector despite the complete elimination of aquaculture (0 % coverage). 
This spatial divergence highlights that long-term carbon dynamics in the 
western region remain unstable compared to the resilient recovery 
observed in the east.

3.4. CO2 flux estimate

Consistent with pCO2 measurements, both lake aquaculture systems 
acted as net atmospheric CO2 sources (Fig. 3b and 4 b; Table 1 and S1), 

Table 1 
Mean values of key environmental variables, pCO₂, and CO₂ fluxes across lake sectors at the LYC and DTH sites during different management stages.

Stage Lake Key Environmental factors

Ta / ◦C WS / m s-1 TW / ◦C TN / mg L-1 TP/ mg L-1 NH+
4 -N/ mg L-1 Chl-a/ μg L-1 DO / mg L-1 pH pCO2 / μatm Fc / g m-2d-1

Stage I West 17.0 3.17 19.3 2.92 0.10 0.98 29 8.75 8.06 1853 2.08
Central 17.0 3.17 19.6 2.47 0.09 0.68 30 9.43 8.23 1415 1.42
East 17.0 3.17 19.6 2.42 0.08 0.64 28 9.85 8.35 1036 0.91
Whole 17.0 3.17 19.5 2.60 0.09 0.77 29 9.34 8.21 1435 1.47
DTH 17.5 2.93 18.3 0.99 0.06 0.09 4.8 9.03 8.15 617 0.26

Stage II West 16.9 2.83 18.6 2.30 0.11 0.48 38 9.75 8.42 880 0.67
Central 16.9 2.83 18.6 1.96 0.09 0.34 31 9.47 8.39 914 0.71
East 16.9 2.83 18.5 1.54 0.06 0.28 24 9.60 8.39 815 0.57
Whole 16.9 2.83 18.6 1.94 0.09 0.37 31 9.60 8.40 870 0.65
DTH 17.3 2.69 18.1 1.59 0.06 0.35 11 9.29 8.06 951 0.66

Stage III West 17.3 2.75 18.6 1.97 0.08 0.17 15 9.54 8.12 1577 1.52
Central 17.3 2.75 18.5 1.35 0.06 0.11 17 9.68 8.16 1197 1.01
East 17.3 2.75 18.8 1.09 0.04 0.11 14 10.33 8.36 809 0.48
Whole 17.3 2.75 18.6 1.47 0.06 0.13 15 9.85 8.21 1195 1.01
DTH 17.7 2.61 18.3 1.30 0.05 0.26 11 8.76 9.16 732 0.37
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though with distinct emission magnitudes. LYC functioned as a signifi
cant emitter with an annual mean of 108 g C m⁻2 yr⁻1, approximately 
threefold higher than that of DTH (37 g C m⁻2 yr⁻1). Interannual vari
ability was substantial for both sites (Fig. 3b). Annual fluxes in LYC 
fluctuated widely, ranging from 19 g C m⁻2 yr⁻1 in 2010 to 181 g C m⁻2 

yr⁻1 in 2003. In comparison, DTH exhibited lower fluxes, ranging from 
− 6 g C m⁻2 yr⁻1 in 2000 to 93 g C m⁻2 yr⁻1 in 2010. Across the three 
development stages, flux dynamics closely tracked the pCO2 trends 
described above, with LYC maintaining consistently higher fluxes than 
DTH across all corresponding phases despite their respective 
fluctuations.

Spatially and seasonally, CO2 fluxes followed patterns consistent 
with pCO2 distributions (Fig. 4b). Spatially, LYC exhibited a pronounced 
decreasing west-to-east gradient, with the western sector recording the 
highest emissions (0.41 ± 0.20 g C m⁻2 d⁻1), followed by the central 
(0.29 ± 0.21 g C m⁻2 d⁻1) and eastern sectors (0.17 ± 0.15 g C m⁻2 d⁻1). 
Seasonally, LYC emissions peaked in summer (0.38 ± 0.26 g C m⁻2 d⁻1), 
whereas DTH fluxes were highest in winter (0.14 ± 0.08 g C m⁻2 d⁻1), 
although these seasonal differences were not statistically significant at 
either site (p > 0.05).

3.5. Factors influencing the pCO2 variability

Long-term measurements revealed distinct regulatory patterns of 
pCO2 variability in the two lake systems. Correlation analysis identified 
nutrient loadings and Sdo as the most consistent predictors (Fig. 5; 
Table 2). At both LYC and DTH, pCO2 exhibited consistent significant 
positive correlations with nutrient parameters including NH+

4 -N and TN 
across most seasons (Table 2), with correlation coefficients ranging from 

0.15 to 0.77 (p < 0.05). Conversely, Sdo showed a strong negative cor
relation with pCO2 particularly in spring (LYC: r = − 0.72; DTH: r =
− 0.50, p < 0.05), reflecting a strong coupling between dissolved gas 
saturation and water quality status. In contrast, climatic factors (air 
temperature and wind speed) showed weak or sporadic associations 
with pCO2, suggesting they played a secondary role compared to water 
quality parameters.

Regarding biological drivers, seasonal analyses indicated a general 
decoupling between primary production proxies and pCO2. On an 
annual scale, neither Chl-a nor NDVI showed significant correlations 
with pCO2 at either site (p > 0.05). Although a notable exception was 
observed in summer in LYC where NDVI showed a significant negative 
correlation (r = − 0.46), the overall lack of correlation implies that the 
signal of photosynthetic uptake was largely overwhelmed by intense 
system-wide respiration. Notably, the response to water temperature 
diverged significantly between the two lakes. pCO₂ in LYC showed a 
positive correlation with Tw (r = 0.12, p < 0.05), consistent with 
respiration-dominated processes. Conversely, DTH exhibited a negative 
relationship (r = − 0.16, p < 0.05).

3.6. Predictive model performance

The Random Forest (RF) model further elucidated the hierarchy of 
key drivers regarding pCO₂ variability and established predictive 
frameworks for both lake systems. Analysis of variable importance 
rankings, quantified by the percentage increase in mean squared error 
(%IncMSE), revealed distinct top-tier predictors for each system (Fig. 6a 
and b). For LYC, aquaculture area, DO, and NH+

4 -N emerged as the 
predominant predictors, exerting the most substantial influence on 

Fig. 3. Interannual variation in (a) pCO2 (μatm) and (b) Fc (g C m-2 yr-1) at the LYC and DTH sites from 2000 to 2015.
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model predictive accuracy compared to other environmental variables 
(Fig. 6a). For DTH, TP and NH+

4 -N were identified as the primary driver, 
followed by aquaculture area (Fig. 6b). These findings corroborate the 
linear associations observed in the regression analysis (Section 3.5) by 
confirming the critical role of nutrients and DO, while further uncov
ering the non-linear influence of aquaculture area, a factor that linear 
models failed to fully capture.

Using these predictor variables, the performance of the RF-based 
pCO₂ predictions exhibited a marked contrast between the two sys
tems (Fig. 6c and d). For LYC, the model demonstrated satisfactory 
predictive accuracy, with simulated values closely clustering around the 
1:1 line for both training (R2 = 0.86, IOA = 0.93, RMSE = 395 μatm) and 
testing sets (R2 = 0.71, IOA = 0.81, RMSE = 475 μatm). However, a 
slight underestimation occurred in the high pCO₂ range. In contrast, the 
model performance for DTH was more limited, characterized by greater 
scatter and lower explanatory power in the testing set (R2 = 0.34, IOA =
0.74, RMSE = 274 μatm). This disparity likely reflects the inherent 
complexity of the semi-enclosed DTH system, where unmeasured 
physical or hydrological factors may exert a stronger stochastic influ
ence than in LYC.

4. Discussion

4.1. Lake aquaculture as sustained net CO2 sources

Aquaculture serves as a vital source of protein and economic liveli
hood, yet whether it acts as a net CO₂ source or sink in the carbon cycle 
remains a subject of debate (Kosten et al., 2020; Chen et al., 2023). 
Despite this ongoing debate, research has predominantly focused on 
closed pond systems, leaving open lake-based pen aquaculture 
comparatively understudied (Xiao et al., 2024b; Zhao et al., 2025). 
Addressing this critical knowledge gap, our 16-year dataset provides 
robust evidence that both LYC and DTH consistently functioned as net 
CO₂ sources, with mean annual emissions of 108 ± 56 and 37 ± 24 g C 
m⁻2 yr⁻1, respectively. These findings align with the recent global 
assessment by Zhang et al. (2026a), which synthesized over 2000 
measurements and reported that 77 % of aquaculture CO2 fluxes were 
positive, confirming the sector’s predominant role as an atmospheric 
source. Our observed values fall within the range (26–110 g C m⁻² yr⁻¹) 
reported for other inland aquaculture systems in China (Yang et al., 
2018; Yuan et al., 2019; Zhang et al., 2022a, b). Notably, the emission 
intensity in LYC was comparable to regional natural lakes (~ 93 g C m⁻² 
yr⁻¹; Li et al., 2018), whereas emissions in DTH were substantially lower. 
These results confirm that lake aquaculture systems act as significant 
carbon sources, yet their emission magnitudes are strongly regulated by 

Fig. 4. Seasonal variation in (a) pCO2 (μatm) and (b) Fc (g m-2d-1) at the LYC and DTH sites from 2000 to 2015.
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management intensity, underscoring the crucial need to incorporate 
these systems into global carbon budget assessments (Zhang et al., 
2026a).

Crucially, our long-term results challenge the initial hypothesis that 
aquaculture retreat triggers a linear, continuous decline in CO2 

emissions. While previous studies in urban lakes suggested that 
management-driven nutrient reduction leads to a monotonic decrease in 
pCO2 (Xiao et al., 2020, 2023), LYC exhibited a striking non-linear 
“V-shaped” trajectory. Emissions dropped sharply by 54 % during the 
intensive removal phase but unexpectedly rebounded in the 

Fig. 5. Relationship between the mean lake pCO₂ at the LYC and DTH sites and (a) water temperature (Tw), (b) DO saturation concentration (Sdo), (c) TN con
centration, and (d) NH+

4 -N concentration.

Table 2 
Relationships between pCO2 and key aquatic environmental variables in different seasons from 2000 to 2015 at the LYC and DTH sites.

Season Site Ta WS Tw DO Sdo NH+
4 -N TN TP Chl-a NDVI

Spring LYC − 0.36 0.36 − 0.34 ** − 0.33* − 0.72** 0.77** 0.73 * 0.54 ** 0.22 − 0.12
​ DTH − 0.31 0.19 0.06 − 0.50 ** − 0.50 ** 0.04 0.50** 0.20 0.22 0.04
Summer LYC − 0.006 0.18 − 0.14 − 0.66** − 0.66** 0.31* 0.33 * 0.42** − 0.28 − 0.46*
​ DTH 0.24 − 0.27 0.13 − 0.14 − 0.10 − 0.15 0.26 − 0.19 − 0.11 − 0.03
Autumn LYC − 0.07 0.02 − 0.29 − 0.46 ** − 0.52 ** 0.44 ** 0.37 * 0.44 ** − 0.15 − 0.18
​ DTH − 0.29 0.36** − 0.44* − 0.07 − 0.34* 0.39 * 0.39 * 0.38 * 0.15 − 0.21
Winter LYC − 0.07 0.02 0.38 − 0.48** − 0.24 0.70 ** 0.52** 0.17 0.07 − 0.14
​ DTH − 0.39* 0.31 − 0.15 − 0.01 − 0.19 0.49 ** 0.27 0.17 − 0.06 0.25
Overall LYC 0.15 0.09 0.12* − 0.51** − 0.56** 0.24 ** 0.15* 0.31** − 0.08 − 0.13
​ DTH − 0.15 − 0.02 − 0.16* − 0.02 − 0.20* 0.17** 0.30* − 0.03 − 0.02 − 0.06

* Correlation is significant at the 0.05 level.
** Correlation is significant at the 0.001 level.
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post-restoration phase. This divergence highlights the distinct “hyster
esis effect” of aquaculture systems compared to general eutrophic lakes 
(Jeppesen et al., 2007), confirming that the recovery path in these 
highly disturbed environments does not simply mirror their degradation 
trajectories. In sharp contrast, DTH maintained a lower, stable equilib
rium throughout the same period. This stability is robustly corroborated 
by our extended observations in DTH from 2016 to 2020 (Fig. S7), 
confirming that the gradual, phased retreat strategy avoided the drastic 
regime shift observed in LYC. This comparison also validates the ne
cessity of long-term monitoring. A short-term study (< 2 years) con
ducted during Stage II would have erroneously concluded that retreat 
solves the carbon problem, completely missing the subsequent rebound. 
This highlights the importance of decadal-scale datasets to obtain crit
ical insight and unbiased results.

4.2. Potential drivers of CO2 dynamics across lake aquaculture system

Nutrient availability serves as the fundamental regulator of carbon 
emission magnitudes across the studied aquaculture systems. The 
annual CO₂ flux in LYC was approximately threefold higher than that in 
DTH, a disparity that aligns with the substantial differences in their 
trophic status rather than meteorological conditions (Section 3.1). TN 
and NH+

4 -N concentrations, proxies for anthropogenic loading, were 24 

% and 45 % higher in LYC than those in DTH, respectively, and exhibited 
significant positive correlations with pCO₂ in both systems (p < 0.05; 
Fig. 5; Table 2). This nutrient-CO2 relationship is consistent with find
ings in other aquaculture systems, where elevated external inputs 
stimulate the heterotrophic degradation of organic carbon, thereby 
enhancing respiratory CO₂ production (Maberly et al., 2013; Xiao et al., 
2020; Zhang et al., 2022b, 2024b; Yang et al., 2024; Zhao et al., 2025). 
Furthermore, nutrient variability effectively explains the initial emission 
decline in LYC: the substantial 54 % reduction in CO₂ emissions from 
Stage I to Stage II coincided with sharp declines in TN (26 %) and NH+

4 -N 
concentrations (52 %) following the intensive pen removal.

However, despite continued declines in nutrient concentrations, the 
“V-shaped” rebound in Stage III suggests a fundamental decoupling 
between external loading and carbon emissions. While sediment 
mineralization is typically identified as a primary internal carbon source 
in shallow lakes (Gudasz et al., 2010; Hall et al., 2019; Jongejans et al., 
2021), the intensive sediment dredging, typically involving ~ 30 cm, 
implemented during this phase alters this expectation. Since this inter
vention physically stripped the active surface layer richest in labile 
organic carbon, it theoretically reduced the sediment carbon supply 
(Chen et al., 2021; Nijman et al., 2022; Liu et al., 2024b; Hao et al., 
2025). Consequently, the sediment-to-water carbon flux during Stage III 
is expected to be marginalized rather than enhanced. Given the 

Fig. 6. Variable importance in the Random Forest model at the LYC (a) and DTH (b) sites, respectively; Performance of the final RF model on the training and testing 
data at the LYC (c) and DTH (d) sites, respectively. The dotted line is a 1:1 relationship.
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suppression of sediment fluxes, the metabolic balance between water 
column photosynthesis and respiration emerges as the dominant regu
lator of ecosystem CO2 dynamics (Del Giorgio and Williams, 2005; 
Chmiel et al., 2016; Gao et al., 2021;Jia et al., 2023). Applying this 
framework to LYC, we attribute the Stage III pCO2 surge to a severe 
imbalance in water column metabolism, specifically the synergy be
tween “autotrophic sink collapse” and “warming-enhanced respiration”. 
The aggressive dredging inadvertently eliminated the ecosystem's bio
logical buffers (macrophytes and algae), which serve as critical regula
tors of carbon dynamics (Pu et al., 2022; Hong et al., 2025). This loss is 
evidenced by the sharp reversal in ecosystem productivity: while the 
initial recovery in Stage II saw GPP rise to 750 g C m⁻2 yr⁻1, Stage III 
experienced a drastic 37 % collapse (plummeting to 474 g C m⁻2 yr⁻1), 
accompanied by a marked loss in vegetation cover (NDVI dropping from 
0.010 to − 0.045) (Fig. S3). Consequently, this underscores a pivotal 
lesson for ecological restoration: effective strategies must strike a deli
cate balance between eliminating sediment-borne pollution and pre
serving the structural integrity of the macrophyte community.

Crucially, the divergent temperature-pCO₂ relationships between the 
two lakes provide corroborative evidence for this metabolic shift 
(Fig. 5a; Table 2). In LYC, the observed positive correlation between 
water temperature and pCO₂ suggested that the systems were dominated 
by heterotrophy. Lacking the buffering capacity of submerged vegeta
tion, rising temperatures may stimulate microbial respiration, a uni
versal thermodynamic response described by metabolic theory (Gudasz 
et al., 2010; Yvon-Durocher et al., 2012, 2017). Consequently, emissions 
were driven by thermal stimulation, leading to peak values during the 
warm summer and autumn seasons. In sharp contrast, DTH exhibited a 
negative temperature-pCO2 correlation, a pattern characteristic of 
healthy macrophyte-dominated lakes (Kosten et al., 2010; Natchimuthu 
et al., 2014). In this system, warmer temperatures during the growing 
season stimulated photosynthetic uptake rates that exceeded respiratory 
releases, resulting in CO2 depletion in summer and accumulation only 
during the winter senescence phase. To fully resolve these mechanisms, 
future research should integrate high-frequency monitoring of 
sediment-water interface fluxes with water column metabolic dynamics 
to quantitatively disentangle the relative contributions of these distinct 
carbon sources.

4.3. Implications and perspectives

Regional-to-global CO₂ emissions from aquaculture have been esti
mated using bottom-up approaches that multiply areal extent by a fixed 
emission factor (Yuan et al., 2019; Dong et al., 2022; Zhang et al., 
2026a). Although significant efforts have been made to refine these 
factors across various aquaculture systems and species (e.g., Chen et al., 
2016; Yang et al., 2018; Zhang et al., 2022b; Chen et al., 2023; Zhao 
et al., 2025), most assessments rely on short-term measurements. This 
snapshot approach represents a critical blind spot, as aquaculture sys
tems exhibit substantial legacy effects, where management in
terventions or climate-driven changes produce lagged responses 
detectable only through multi-year observations (Xiao et al., 2024b; 
Yang et al., 2024; Hong et al., 2025). Our 16-year dataset revealed 
pronounced interannual variations in CO₂ fluxes, with coefficients of 
variation reaching 190 % in LYC and 150 % in DTH. Crucially, the 
non-linear “V-shaped” emission trajectory observed in LYC explicitly 
challenges the conventional linear assumption that “removal equals 
reduction”. These complex dynamics underscore ecosystem memory 
effects that static models fail to capture. We therefore emphasize the 
integration of long-term observational data into carbon budget frame
works to account for legacy effects and management lags, thereby sup
porting more accurate regional carbon assessments.

While uncertainties in areal assessment have long been considered a 
major source of error in emission estimates (Pi et al., 2022), a more 
fundamental limitation lies in the conceptual application of “area”. 
Although remote sensing algorithms have improved the accuracy of area 

extraction (Liu et al., 2024a; Tong et al., 2025), most studies still treat 
area merely as an independent scaling factor for total emission calcu
lations. Our long-term study challenges this static paradigm by revealing 
the complex dual role of aquaculture area. Notably, while conventional 
linear regression failed to detect straightforward relationships, our RF 
analysis identified area variation as a top-tier predictor of pCO2 in both 
studied systems. This indicates a critical non-linear mechanism where 
changes in aquaculture extent directly modulate emission intensity, 
rather than acting solely as a multiplier. This finding parallels re
lationships observed in natural lake systems, where surface area 
fundamentally alters carbon processing rates (Kankaala et al., 2013; 
Holgerson and Raymond, 2016; DelSontro et al., 2018). Coupled with 
the recognition that human-induced changes can alter both the abun
dance and emission rates of inland waters (Liu et al., 2025b), our results 
argue that area and emission rate are not independent variables but are 
biogeochemically coupled. Consequently, future large-scale assessments 
must undergo a paradigm shift: moving beyond static scalars by inte
grating area as a dynamic variable that governs both the spatial extent of 
emissions and the biogeochemical processes determining their intensity.

4.4. Limitations

As with many other studies, this work is subject to certain limita
tions. First, a primary source of uncertainty arises from the indirect 
calculation of pCO2 based on carbonate thermodynamics, particularly 
given the reliance on interpolated/imputed alkalinity for the historical 
LYC dataset. While this method is widely accepted in aquatic studies (e. 
g., Abril et al., 2015; Golub et al., 2017; Xiao et al., 2020, 2023; Hao 
et al., 2025), it carries inherent biases, particularly in low alkalinity/pH 
conditions. However, we contend that these uncertainties do not 
compromise our main conclusions. Our Monte Carlo sensitivity analysis 
(see Supplementary Text S2) quantified the potential bias, revealing a 
relatively low mean relative error of ~12 % attributable to alkalinity 
fluctuations. Crucially, the analysis confirmed that pCO2 dynamics in 
these high-nutrient systems are predominantly governed by pH vari
ability, which was measured in situ with high precision (Fig. S2; Xiao 
et al., 2024a). Furthermore, calculation errors are known to propagate 
most significantly in acidic conditions; since our samples maintained a 
weakly alkaline range (pH 7.51–9.28), inherent thermodynamic biases 
were minimized (Abril et al., 2015). Therefore, despite the indirect 
approach, the derived fluxes provide a robust representation of the 
decadal trends.

Second, the restriction of sampling to daylight hours may introduce a 
systematic bias towards conservative estimations. Pronounced diurnal 
variability is common in shallow, eutrophic lakes, where nocturnal 
respiration often drives CO2 fluxes significantly higher than daytime 
values (Podgrajsek et al., 2015; Zhang et al., 2019; Wang et al., 2024; 
Zhao et al., 2024). Recent quantification in Lake Taihu, a comparable 
large shallow eutrophic lake, indicates that nocturnal fluxes are 
approximately 14 % higher than daytime levels (Zhao et al., 2024). 
Applying this specific error margin to our study suggests that our re
ported values likely represent a conservative lower bound, potentially 
underestimating the net carbon source strength by 7 %. To resolve this, 
future protocols should incorporate high-frequency (e.g., hourly) auto
mated monitoring to capture the full diel metabolic cycles.

Third, constraints related to biological data resolution warrant 
consideration, which inevitably influenced our modeling capabilities. 
We utilized widely accepted NDVI and VGPM-derived GPP as robust 
proxies to infer the “autotrophic sink collapse” and the Stage III 
rebound. However, even these well-established remote sensing metrics 
cannot fully substitute for high-frequency in situ measurements of 
macrophyte biomass and community structure. This data gap likely 
explains the performance disparity observed in our RF analysis. While 
the model demonstrated high predictive accuracy for the nutrient- 
driven LYC, its performance was comparatively lower for the DTH 
dataset. This disparity is likely attributable to the semi-enclosed, 
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macrophyte-dominated nature of DTH, where micro-scale heterogeneity 
and restricted hydrodynamics remain uncaptured by aggregate remote 
sensing predictors (Luo et al., 2020; Pu et al., 2022). Consequently, the 
omission of these fine-scale biotic and hydrologic variables limits our 
ability to fully resolve the model residuals in DTH. Future research 
should prioritize integrating process-based ecosystem modeling with 
high-resolution monitoring to explicitly quantify these phase-specific 
biological controls.

5. Conclusion

This 16-year study (2000–2015) elucidates the divergent CO2 dy
namics in two typical aquaculture-affected lakes, identifying both 
distinct spatial patterns and complex temporal trajectories. Both LYC 
and DTH were confirmed as net CO₂ sources, yet they exhibited a 
threefold disparity in emission magnitude (108 ± 56 g C m⁻² yr⁻¹ in LYC 
vs 37 ± 24 g C m⁻² yr⁻¹ in DTH). This spatial heterogeneity was primarily 
driven by the higher anthropogenic nutrient loading in LYC, com
pounded by synergistic effects of aquaculture residues and external 
catchment inputs.

Crucially, long-term monitoring in LYC revealed a counter-intuitive 
“V-shaped” emission trajectory following the phased pen retreat. 
While emissions initially declined by 54 % during the active removal 
phase, a distinct 56 % rebound occurred in the post-restoration phase. 
This pattern highlights a critical mechanism: the “autotrophic sink 
collapse” can override the benefits of nutrient reduction, shifting the 
ecosystem toward a respiration-dominated state. This finding serves as a 
cautionary tale that “pollutant removal” alone does not guarantee car
bon mitigation.

Furthermore, our RF analysis challenges the conventional applica
tion of aquaculture area, demonstrating that area acts not merely as a 
static scalar for total load calculations but as a dynamic driver of 
emission intensity itself. Consequently, future carbon accounting 
frameworks must integrate the non-linear coupling of area and intensity 
to improve accuracy. Ultimately, our findings highlight that the re- 
establishment of aquatic vegetation, rather than nutrient reduction 
alone, is the critical ecological prerequisite for preventing emission re
bounds and recovering the ecosystem's long-term carbon sequestration 
capacity.
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