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Abstract

Against the backdrop of global warming and an increase in extreme weather events, the
freshwater aquaculture industry, which is highly dependent on environmental conditions,
faces severe challenges. As the world’s largest producer of freshwater aquaculture, the
stability of China’s production is crucial for ensuring national food security and rural
livelihoods. This study utilizes provincial panel data from China (2007–2023) and employs
the HP filter separately for each province to construct a “climate-induced output” indi-
cator. A panel data model is then established to examine the impact and transmission
mechanisms of extreme climate risks on freshwater aquaculture output. The findings
reveal the following: (1) Climate risks exert a significant negative impact on freshwater
aquaculture production, with extreme low temperatures, droughts, and extreme rainfall
having particularly pronounced effects. (2) Natural disasters play a partial mediating
role between extreme climate and output, accounting for approximately 26.35% of the
total effect. (3) From an overall perspective, both increased labor productivity and greater
operational scale can significantly mitigate the negative impacts of climate risks. This study
provides empirical evidence to inform policies on optimizing regional aquaculture layouts,
enhancing climate resilience, and formulating adaptive strategies.

Keywords: extreme climate; climate-induced output; freshwater aquaculture; natural disasters

Key Contribution: This study constructs a “climate-induced output” indicator to exam-
ine the impact of extreme climate shocks on freshwater aquaculture output, which is a
significant negative impact on output.

1. Introduction
Under the ongoing trend of global climate warming, the frequency and intensity

of extreme weather events continue to increase [1]. The IPCC Sixth Assessment Report
highlights that any continued warming in the future will lead to more frequent and intense
extreme events, further exacerbating risks associated with extreme weather and climate.
Characterized by suddenness, locality, and high uncertainty, extreme climate events pose
severe challenges to socioeconomic development and natural ecosystems—particularly
for the aquaculture industry, which is highly dependent on environmental conditions [2].
Climate change significantly affects both the level and stability of aquaculture production
through pathways such as fluctuations in water temperature, decreases in dissolved oxygen,
disease outbreaks linked to stocking density, and reduced feed utilization efficiency [3].
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As the world’s largest freshwater aquaculture producer, China has long accounted
for approximately 60% of global output, playing a critical role in supplying high-quality
animal protein for its population, promoting rural employment and income growth, and
safeguarding national food security. China’s freshwater aquaculture primarily focuses on
species such as grass carp, silver carp, and bighead carp, and relies mainly on production
models including pond culture, reservoir and lake pen aquaculture, and integrated rice-fish
farming. These systems typically involve shallow, enclosed or semi-enclosed water bodies
with limited water exchange capacity and minimal scope for environmental regulation,
making them highly sensitive to climatic anomalies and extreme events [4]. In recent years,
many major aquaculture provinces in China have frequently experienced extreme climate
events such as heatwaves, heavy rainfall, floods, and periodic droughts. This has led to
a significant increase in the affected aquaculture area and economic losses, establishing
extreme climate as a prominent factor threatening both the output security and sustainable
development of the freshwater aquaculture industry [5].

Existing research on the relationship between climate change and aquaculture has
primarily focused on the potential impacts of global warming on fishery resources, mari-
culture, and coastal ecosystems at global or regional scales, revealing changes in output,
species composition, and spatial distribution [2,6]. Some studies have further proposed
technical pathways for adaptation and mitigation from the perspectives of engineering
facilities, breed improvement, adjustments in farming practices, and risk management [7,8].

However, limitations remain in the identification of output effects in existing research.
On one hand, most studies are based on specific river basins or single species, focusing
on case analyses of individual extreme climate events such as high temperatures, low
temperatures, or extreme rainfall, or utilize average climate indicators to assess long-
term trend impacts on output. There is a lack of identification of output fluctuations in
freshwater aquaculture induced by extreme climate. First, this study does not rely on
average climate measures. Instead, it constructs indicators for extreme high temperature,
extreme low temperature, extreme drought, and extreme rainfall based on historical station
observation data. By capturing extreme events that exceed specific thresholds, it more
directly measures abnormal climate fluctuations. Second, this study integrates these four
dimensions of extreme climate information through weighted aggregation to construct a
composite “Climate Physical Risk Index.” This comprehensive index aims to more fully
capture the overall physical risk exposure a region faces due to multiple types of extreme
climate events. On the other hand, when constructing output indicators at the regional
level, existing studies have failed to effectively disentangle the contributions of non-climatic
factors such as capital, labor, and technological inputs, thus making it difficult to accurately
capture the “net impact” of climate variability on output.

Furthermore, the impact of extreme climate on output fluctuations in freshwater
aquaculture is not unilaterally and directly determined by climatic factors alone, but is
jointly influenced by systemic vulnerability and adaptive capacity. In terms of impact
pathways, extreme climate often leads to output fluctuations through indirect channels
such as exacerbating natural disasters, triggering water environment degradation, and
disease outbreaks. However, the transmission mechanism of natural disasters as a key
mediating variable lacks systematic empirical testing. Concurrently, labor productivity
and the degree of scale operation, as indicators reflecting management capability and
capital conditions of operating entities, may moderate the ultimate output effects of climate
shocks by influencing technology adoption, facility allocation, and emergency response
speed [9–11]. Nevertheless, the identification and quantitative testing of these moderating
effects remain insufficient.
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In this context, this paper focuses on provincial-level freshwater aquaculture in China
to study the impact of extreme climate shocks on output fluctuations. The marginal contri-
butions of this paper are threefold: first, it constructs a “climate-induced output” indicator
that effectively disentangles the influence of non-climatic factors, providing a basis for more
accurately identifying the net effect of climate shocks on aquaculture output (hereafter,
unless otherwise specified, “freshwater aquaculture output” refers to this “climate-induced
output”). Building on this, it systematically tests the mediating mechanism of natural
disasters between climate shocks and output loss, revealing the key transmission pathway
of “climate shock→natural disaster→output loss”. Simultaneously, it empirically verifies
the moderating effects of labor productivity and scale operation on the negative impacts
of extreme climate, uncovering the regulatory mechanisms for enhancing the climate re-
silience of freshwater aquaculture from the dimensions of operational capability and scale,
thereby providing a scientific basis for formulating differentiated industrial policies.

The structure of this paper is as follows: Section 1 is the introduction, explaining the
research background, significance, and shortcomings of existing studies, and presenting the
research objectives and marginal contributions of this paper. Section 2 covers the theoretical
foundation and research hypotheses, sorting out the theoretical mechanisms through which
extreme climate affects freshwater aquaculture output and proposing research hypotheses.
Section 3 details the research model and methodology, explaining variable construction,
model specification, and descriptive statistics. Section 4 presents the empirical results of
baseline regression. Section 5 conducts mechanism tests, and tests of moderating effects.
Section 6 provides the research conclusions and outlines the next steps for the research.

2. Theoretical Mechanisms and Hypotheses
2.1. Theoretical Mechanisms

Extreme climate exerts influence on freshwater aquaculture output through multiple
pathways. On one hand, events such as high temperatures, heavy rainfall, and droughts
directly reduce output. On the other hand, they indirectly exacerbate output losses by
increasing the frequency and intensity of disasters such as extreme rainfall and droughts.
Concurrently, labor productivity and scale of operation, as concentrated representations
of management level and risk resistance capacity, exert significant moderating effects on
freshwater aquaculture.

Based on the above analysis, this paper constructs a theoretical framework—depicted
in Figure 1—that extreme climate risks, such as heavy rainfall, drought, high temperatures,
and low temperatures, collectively lead to aquaculture output losses by triggering natural
disasters. Meanwhile, labor productivity and intensive aquaculture practices play key
moderating roles in this process.

 

Figure 1. Theoretical Analytical Framework.
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2.2. Research Hypotheses

Compared to mariculture net-pen or industrialized recirculating systems, China’s
freshwater aquaculture primarily relies on shallow water bodies such as ponds and reser-
voirs, which possess limited water exchange capacity and a limited capacity for environmen-
tal regulation. These systems are more susceptible to sudden water quality deterioration
and ecological imbalance under extreme climate conditions [12–14]. Climate warming
alters thermal stratification in water bodies, increases water temperature, and reduces
dissolved oxygen levels, thereby impairing fish growth and immune function. Simul-
taneously, it accelerates pathogen reproduction and spread, significantly increasing the
risk of disease outbreaks [3,15]. Extreme rainfall and flooding can cause pond overflow,
embankment erosion, and the escape of cultured organisms. Furthermore, they introduce
large amounts of sediment and nutrients into water bodies, leading to sharp increases
in turbidity, ammonia, and organic load, which induce water quality degradation and
abnormal algal fluctuations [16,17]. Conversely, droughts reduce water replenishment,
intensify reliance on engineering measures such as water pumping and aeration, drive up
production costs, and constrain output potential. When high temperatures coincide with
extreme precipitation, the increase in feed conversion ratio and decreased feed utilization
efficiency cause actual output to deviate significantly from expectations. This phenomenon
is particularly pronounced in China’s pond aquaculture systems, which are characterized
by high stocking densities and heavy dependence on water exchange [4]. Therefore, the
following hypothesis is proposed:

H1: Extreme climate will have a negative impact on freshwater aquaculture output.

In freshwater aquaculture, natural disasters serve as a critical mediating mechanism
linking extreme climate shocks to output fluctuations. Extreme climate significantly in-
creases the frequency and intensity of disasters such as extreme rainfall, droughts, and
heatwaves [18], thereby amplifying their damaging effects on aquaculture infrastructure
and the aquatic environment [12,15]. Studies from major freshwater aquaculture regions
in Bangladesh, Vietnam, and China indicate that extreme climate, by inducing and inten-
sifying disasters like extreme rainfall and droughts, significantly elevates risks including
pond overflow, embankment breaches, and damage to production facilities. Furthermore,
the intensity of these disasters shows a significant positive correlation with output loss
per unit area, a phenomenon particularly pronounced in high-density farming areas or
regions with low water body carrying capacity [19–21]. This evidence demonstrates the
typical mediating role of natural disasters in the process through which extreme climate
affects freshwater aquaculture output: extreme climate first increases the probability and
intensity of disasters, damaging aquaculture infrastructure and the water environment,
which in turn leads to a significant decline in output [22]. Therefore, this paper proposes
the following hypothesis:

H2: Extreme climate exerts a significant negative impact on aquaculture output by amplifying
natural disasters.

In freshwater aquaculture systems with limited self-buffering capacity of water bodies,
management level is a key factor determining their ability to cope with extreme climate.
Labor productivity can be viewed as a reflection of the comprehensive management capabil-
ities of aquaculture operators in areas such as water quality regulation, disease prevention
and control, precision feeding, emergency response, and facility maintenance [9].

Aquaculture operators with higher labor productivity typically possess stronger envi-
ronmental monitoring and diagnostic capabilities, enabling them to identify water body
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abnormalities more promptly and quickly implement measures such as aeration, water
exchange, and feed adjustment. This helps mitigate sudden drops in dissolved oxygen and
the accumulation of harmful substances under extreme climate conditions, reducing the
risks of stress and mortality in cultured organisms.

Furthermore, higher labor productivity is often accompanied by the adoption of
management-enhancing technologies such as automation and digitalization, including
online water quality monitoring and data-driven management platforms, which help
improve the efficiency and speed of environmental regulation, thereby attenuating the
negative impact of extreme climate on output [23].

Therefore, labor productivity is expected to play a significant moderating role be-
tween extreme climate and freshwater aquaculture output. Based on this, Hypothesis 3
is proposed:

H3: When regional labor productivity is higher, it can mitigate the negative impact of extreme
climate on freshwater aquaculture output.

The scale of operation is a core factor influencing capital accumulation capacity and
the level of infrastructure configuration. Larger-scale operators can make systematic
investments in fixed assets such as high-efficiency aeration and oxygenation equipment,
pump drainage and circulation systems, backup power facilities, and standardized pond
construction, thereby significantly enhancing environmental control capabilities and safety
redundancy under extreme climate conditions [2].

Simultaneously, a larger operational scale helps amortize the high costs of resilience
facilities like intelligent online water quality monitoring systems, standardized pond
upgrades, and extreme rainfall control and drainage projects, improving the economic
feasibility of such investments and strengthening the environmental stability and recovery
speed of the aquaculture system during abnormal climate events. Furthermore, scale
expansion increases the likelihood of adopting advanced technologies, such as water
quality data analysis, IoT monitoring platforms, and precision management strategies
based on ecological risk management. This enhances the capacity for early identification
and intervention regarding abnormal water quality changes and potential disease risks,
thereby reducing the impact of extreme climate events on output [24].

Therefore, scaled operations, through improved infrastructure, technology adoption,
and management, enhance the ability to withstand extreme climate and are expected to play
a significant moderating role in the relationship between extreme climate and freshwater
aquaculture output. Based on this, the following hypothesis is proposed:

H4: A higher scale of operation can mitigate the negative impact of extreme climate on freshwater
aquaculture output.

3. Methods and Data
3.1. Data
3.1.1. Dependent Variable

This study employs provincial-level panel data from mainland China for the period
2007–2023 based on data availability and statistical consistency to investigate the impact of
extreme climate shocks on fluctuations in freshwater aquaculture output. The output of
freshwater aquaculture is determined by both natural and non-natural factors. Therefore,
the total freshwater aquaculture output Yt is decomposed into three components: trend
output YT

t , climate-induced output YC
t , and random εt, expressed as follows:

Yt = YT
t + YC

t + εt (1)
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Here, the trend output YT
t primarily reflects the production level driven by technolog-

ical progress, encompassing factors such as technological advancements, improvements
in cultured species, and market demand. The climate-induced output YC

t refers to the
output fluctuation influenced by variations in climatic factors. The random εt denotes the
output affected by stochastic factors [25–27]. In empirical practice, the random output
εt is typically treated as white noise and is not separately identified. Consequently, the
climate-induced output is defined as follows:

YC
t = Yt − YT

t (2)

The trend output YT
t is derived using the Hodrick–Prescott (HP) filter method applied

to the total output series YT
t . The HP filter effectively removes long-term trends while

retaining medium-to-short-term fluctuations, which aligns well with the temporal scale
of climate shocks that is the focus of this study. The results of the HP filter depend on the
choice of the smoothing parameter λ. In line with the annual frequency of our data and
established empirical practice, λ is set to 100 to compute a relatively smooth long-term
trend component [28]. The difference between the original output series and this trend is
then defined as the short-term fluctuation component, namely the climate-induced output
YC

t [29]. The climate-induced output component YC
t serves as the key explained variable

in this study, primarily reflects output fluctuations driven by climatic variations after
controlling for long-term technological and economic trends.

It is important to emphasize that the resulting “climate-induced output” is essentially
an approximate indicator constructed through statistical methods. The underlying logic
is based on the assumption that short-term output fluctuations are primarily driven by
exogenous shocks such as climate factors, and thus, the filtered cyclical component is
approximated as the “climate-induced” portion for analysis. However, this is not a purely
physical measure of climate, as the fluctuation component may statistically include contri-
butions from other unobserved short-term factors (such as policy changes or temporary
market fluctuations). Our analysis is grounded in the reasonable statistical assumption that
climate risk is the dominant and systematic factor driving these short-term fluctuations,
and we estimate its impact elasticity and economic losses based on this premise.

In the subsequent models, the climate-induced output YC
t replaces the total output

Yt as the explained variable, used to identify the impact of extreme climate shocks on
freshwater aquaculture output. Compared to using total aquaculture output, the “climate-
induced output” more effectively reflects the shock of extreme climate on production [25,27].
Furthermore, this detrending process reduces the risk of spurious regression caused by
common long-term trends, thereby enhancing the validity and robustness of the estima-
tion results [30,31].

For robustness checks, this study applies the same HP filter specification to the output
value of freshwater aquaculture to construct a corresponding “climate-induced output
value,” which is then used to replace the baseline explained variable. This tests the sensitiv-
ity of the main findings to changes in the output measurement metric.

3.1.2. Explanatory Variable

Climate Physical Risk Index refers to the potential impacts or uncertainties imposed
by climate change and related factors on economic, social, and environmental systems. For
the freshwater aquaculture industry, while both physical risks and transition risks exist, the
main impact on production processes primarily comes from physical risks [32]. This study
refers to the method of Guo et al. [33] to construct a Climate Physical Risk Index based on
the number of days of four types of extreme weather events: extreme high temperature,
extreme low temperature, extreme precipitation, and extreme drought. The raw data are
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sourced from the National Oceanic and Atmospheric Administration (NOAA) of the United
States. Taking the Extreme Drought Days (EDD) index as an example, data from each
station is first collected and missing values are removed, then calculated according to the
following formula:

τi,n =
365

∑
t=1

τi,n,t (3)

τi,n,t =

{
1, i f τi,n,t < τ5

i
0, i f τi,n,t ≥ τ5

i
(4)

where τ5
i is the fifth percentile of the historical daily humidity at station i, representing

the threshold for extreme drought conditions. τi,n,t denotes the humidity at station i on
day t of year n. If the daily humidity is below this station-specific threshold, it is counted
as an extreme drought day; if the daily humidity is equal to or above the threshold, the
day is considered to have no extreme drought. Similarly, for other extreme climate events:
the tenth percentile of the station’s historical daily average temperature represents the
threshold for extreme low temperature; the ninetieth percentile of the station’s historical
daily average temperature represents the threshold for extreme high temperature; the
ninety-fifth percentile of the station’s historical daily rainfall represents the threshold for
extreme rainfall.

After calculating the extreme drought index for each station, the regional extreme
drought index is further computed to characterize the overall situation of the province.

τn =
1
m

m

∑
i=1

τi,n (5)

In Equation (5), τn represents the average extreme drought index across all stations (a
total of m stations) in year n.

Considering that the four extreme climate indicators cannot be directly compared, this
study applies min-max normalization to the original data. Taking the Extreme Drought
Days (EDD) index as an example, the normalization formula is as follows:

EDDm,n =
EDDm,n − mink=1,..., K; l=1,..., L

{
EDDk,l

}
maxk=1,..., K; l=1,..., L

{
EDDk,l

}
− mink=1,..., K; l=1,..., L

{
EDDk,l

} (6)

where K represents the number of regions and L represents the total number of years.
Due to regular differences across regions, such as seasonal variations, and particularly
the changing proportion of each climatic factor in disaster impacts, after calculating the
four indicators—LTD, HTD, EDD, and EED—weight allocation must be applied to these
four indicators.

CPRIm,n = ω1LTDm,n + ω2HTDm,n + ω3EDDm,n + ω4EDDm,n (7)

Following the benchmark framework for climate disaster assessment proposed by Kun
Guo [33] and in accordance with the specifications in Appendix C of the national standard
“Meteorological Drought Grade” (GB/T 20481-2017) [34], this study adopts the principle
of equal weight allocation, uniformly setting the weights of the four indices at 0.25 each.
This approach aligns with the internationally recognized criterion of Equal Weighting
without Prior knowledge. Its theoretical basis lies in the fact that when the contribution of
multiple indicators is uncertain, equal weight allocation can effectively avoid subjective
bias while satisfying the principle of minimum information loss [35]. This method has
been validated through 30 global climate risk assessment studies, demonstrating significant
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methodological universality. Furthermore, this weight allocation strategy complies with
the guidance of the national standard “Meteorological Drought Grade” (GB/T 20481-2017),
which states: “when prior knowledge on the contribution of multiple indicators is lacking,
equal weight allocation should be adopted as the baseline reference scheme [36].”

3.1.3. Mediating Variable

Natural Disaster (Disaster). This study uses the disaster-affected area to measure the
degree of risk loss. This variable is estimated from provincial yearbook data on aquaculture
disaster area, adjusted by the share of freshwater output in total aquaculture.

3.1.4. Moderating Variables

Production Efficiency (Eff) and Scale of Operation (Scale). Production efficiency in
freshwater aquaculture is measured by the ratio of freshwater aquaculture output to the
number of freshwater aquaculture practitioners [37]. The scale of operation is measured by
the aquaculture area per labor, i.e., the farming area per laborer.

3.1.5. Control Variables

The control variables introduced in this study, categorized within the Cobb–Douglas
production function framework, include the following: land input: freshwater aquaculture
area (area); labor input: number of freshwater aquaculture practitioners (labor); capital
input: power of freshwater aquaculture motorized fishing vessels (boat); resource input:
surface water resources (water); and the macroeconomic control variable GDP per capita
(GDP), characterizing regional economic development levels, thereby isolating the impact
of infrastructure and factor inputs on climate-induced output. and government expendi-
ture on agriculture, forestry, animal husbandry, and fishery (finance), controlling for the
influence of government support for climate-induced outputs through public goods [38,39].

The description of variables and data sources involved in this study are presented in
Table 1.

Table 1. Variable Definitions and Measurements.

Variable Description Data Source

Dependent
Variable YC Freshwater aquaculture output (hundred thousand tons) China Fishery

Yearbook

Explanatory
Variables

CPRI Climate Physical Risk Index
National Oceanic
and Atmospheric
Administration

(NOAA)

HTD extreme high temperature
LTD extreme low temperature
EDD extreme drought
ERD extreme rainfall

Control Variables

area Freshwater aquaculture area (million hectares)
China Fishery

Yearbook
labor Practitioners in freshwater aquaculture (million persons)
boat Power of mechanized fishing vessels (million kilowatts)

water Surface water resources (trillion cubic meters)

GDP Per capita GDP (ten thousand yuan)
China Statistical

Yearbookfinance Fiscal expenditure on agriculture, forestry, animal
husbandry, and fishery (billion yuan)

Mediating Variable Disaster Disaster-affected area (million hectares)

China Fishery
YearbookModerating

Variables

Eff Labor productivity = Freshwater aquaculture
output/Practitioners in freshwater aquaculture

scale Scale of aquaculture = Freshwater aquaculture
area/Practitioners in freshwater aquaculture
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3.2. Model Specification

This study employs provincial-level panel data from mainland China for the period
2007–2023 based on data availability and statistical consistency to investigate the impact
of extreme climate shocks on fluctuations in freshwater aquaculture output. Based on the
results of the Hausman test (p < 0.05, rejecting the null hypothesis), a fixed-effects model
is selected for regression. Furthermore, the model controls for both entity and year fixed
effects and utilizes robust standard errors. The final two-way fixed effects regression model
is specified as follows:

YC
it = α0 + β0CPRIit + β1Controlit + µi + λt + εit (8)

Here, Yit represents the climate-induced aquaculture output in region i during period
t, CPRIit denotes the climate risk in region i during period t, Controlit represents a set of
control variables, µi indicates province fixed effects, λi indicates time fixed effects, and is
the disturbance term.

To further investigate the pathways and mechanisms through which climate risk
affects freshwater aquaculture output, this study employs the following models to test for
mediating and moderating effects:

Disasterit = α0 + β0CPRIit + β1Controlit + µi + λt + εit (9)

YC
it = α0 + β0CPRIit + β1Damageit + β2Controlit + µi + λt + εit (10)

YC
it = α0 + β0CPRIit + β1E f fit + β2CPRIit × E f fit + β3Controlit + µi + λt + εit (11)

YC
it = α0 + β0CPRIit + β1scaleit + β2CPRIit × scaleit + β3Controlit + µi + λt + εit (12)

In models (9) and (10), Disasterit is the mediating variable, representing the disaster-
affected area in region i during period t. If β0 is significantly positive and β1 is significantly
negative, it indicates that increased climate risk reduces freshwater aquaculture output by
expanding the disaster-affected area. µi indicates province fixed effects and λi indicates
time fixed effects, and is the disturbance term.

Models (11) and (12) are for testing the moderating effect. E f f it represents output per
worker, measuring production efficiency; Scaleit denotes the aquaculture area per worker,
measuring the scale of operation. If the signs of β1 and β2 are opposite, it indicates that
improvements in production efficiency and scale of operation can mitigate the impact of
climate risk on freshwater aquaculture output. µi indicates province fixed effects and λi

indicates time fixed effects, and is the disturbance term.

3.3. Descriptive Statistics

Figure 2 visually presents the trends in the overall Climate Physical Risk Index (CPRI)
and its four components—extreme low temperature, extreme high temperature, extreme
drought, and extreme rainfall—across Chinese provinces from 2007 to 2023. This set of
heatmaps is designed to visually present the spatiotemporal patterns of CPRI and its com-
ponents. The color intensity in all heatmaps represents the standardized relative intensity,
with colors ranging from light (blue/green, indicating lower risk) to dark (red/brown,
indicating higher risk). The heat map reveals that climate risks associated with extreme
low temperatures occurred more frequently prior to 2013. This set of heatmaps is designed
to visually present the spatiotemporal patterns of CPRI and its components across Chinese
provinces from 2007 to 2023. The color intensity in all heatmaps represents the standardized
relative intensity, with colors ranging from light (blue/green, indicating lower risk) to dark
(red/brown, indicating higher risk). As shown in the legend on the right, the overall CPRI
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ranges from 22.5 to 120, LTD ranges from 0 to 100, HTD ranges from 22.5 to 120, ERD
ranges from 4.2 to 87.4, and EDD ranges from 0 to 191. Specifically, with global warming,
the risk of extreme high temperature events has shown an increasing trend in subsequent
years. Meanwhile, extreme drought risks are primarily observed in inland regions such
as Qinghai, Xinjiang, and Inner Mongolia, while coastal areas like Shanghai and Jiangsu
experience relatively higher frequencies of extreme precipitation.

(a) 

 
(b) 

(c) 

Figure 2. Cont.
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(d) 

(e) 

Figure 2. Heat Maps of (a) CPRI; (b) extreme low temperature; (c) extreme high temperature;
(d) extreme rainfall; (e) droughts.

Table 2 presents the descriptive statistics of the variables. The results show consider-
able variability across all variables. The mean value of freshwater aquaculture output is 9.01
with a standard deviation of 11.19, and a notable wide gap exists between the maximum
and minimum values, indicating substantial disparities in production scale across the
sample. Regarding factor inputs, the mean values for labor and water area are 5.25 and 8.67,
respectively, with standard deviations close to or exceeding their means, reflecting signifi-
cant disparities in the allocation of production factors. The Variance Inflation Factor (VIF)
test results are shown in the table below. The maximum VIF among the variables is 2.03,
indicating no significant multicollinearity issues, thus satisfying the basic requirements for
subsequent regression analysis.
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Table 2. Results of Descriptive Statistical Analysis and VIF Test.

Var. Name Obs Mean SD Median Max Min VIF

YC 517 9.0057 11.1873 3.8789 52.1493 −0.0019 -
CPRI 517 45.6984 8.1471 45.5084 84.3409 25.8066 1.05
GDP 517 2.3994 2.3202 1.6588 13.7905 0.0350 2.03
area 517 17.5557 17.6797 10.7791 88.6963 0.0003 1.21
boat 517 0.00000593 0.00001030 0.00000077 0.00004697 0.000000005 1.18
labor 517 0.00004376 0.00004607 0.00002435 0.00018763 0.000000006 1.24
water 517 866.8032 952.0111 556.9000 4749.9000 5.1000 1.10
finance 517 484.8901 313.4948 430.3900 1455.2000 22.9600 2.01

4. Results
4.1. Baseline Regression

Prior to regression, a Hausman test was conducted. The result showed a p-value
of 0.0000, significantly rejecting the null hypothesis; therefore, the fixed-effects model
was selected for regression. Table 3 presents the baseline regression results of this study.
Column (1), which includes neither control variables nor fixed effects, shows that an
increase in the Climate Physical Risk Index significantly reduces freshwater aquaculture
output, providing preliminary support for our hypothesis. Column (2) includes control
variables, and the result similarly indicates that heightened climate risk decreases output.
The final column incorporates both entity and year two-way fixed effects. The results
continue to show a significant negative relationship between climate risk factors and
freshwater aquaculture output, with a regression coefficient of −3.111, significant at the 1%
level. For each one-unit increase in the Climate Physical Risk Index, freshwater aquaculture
output will decrease by an average of 3.111 hundred thousand tons. These regression
results collectively indicate that a higher Climate Physical Risk Index is associated with
lower freshwater aquaculture output, meaning climate risk significantly reduces output,
which is consistent with the research hypothesis.

Regarding the control variables, the regression coefficient for GDP per capita is sig-
nificantly positive. An increase in GDP per capita may imply greater capital investment
and a more advanced level of economic development, factors which can enhance fresh-
water aquaculture output [40]. The loss of significance of the boat variable under the
fixed effects specification occurs because its time-invariant nature across panels leads the
model to absorb most of its explanatory power, leaving limited within-unit variation for
precise estimation.

The regression coefficients for freshwater aquaculture area and total water resources
are also significantly positive, suggesting that regions with larger aquaculture areas and
more abundant water resources tend to have higher output. The coefficient for government
expenditure is significantly positive as well. Increased fiscal expenditure can provide robust
support for increasing output and efficiency in freshwater aquaculture through channels
such as subsidized policies, infrastructure development, ecological protection, and market
system construction [41].

Furthermore, this study disaggregates climate risk into four distinct extreme climate
events: low temperature, high temperature, drought, and extreme rainfall. The regression
results are presented in Table 4. Column (1) shows that the coefficient for extreme low
temperature is −1.969, significant at the 5% level, indicating that low temperature shocks
significantly suppress freshwater aquaculture output. Freshwater aquaculture species are
poikilothermic animals, meaning their metabolism and behavior are highly dependent on
water temperature. A sharp drop in water temperature can inhibit activity and feeding,
accelerate energy consumption, weaken immune function, and increase mortality rates,
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ultimately leading to decreased output [42]. Column (3) reveals that the coefficient for
extreme drought is −1.731, also significant at the 5% level. This suggests that drought
reduces output significantly by diminishing water volume and lowering water levels,
which compresses farming space, affects fish stocking, and exacerbates water pollution.
Column (4) indicates that the coefficient for extreme rainfall is −2.006, significant at the
1% level. Heavy rainfall cause drastic fluctuations in water pH, dissolved oxygen, and
temperature, inducing stress responses in fish and increasing mortality risk, ultimately
resulting in a notable decline in freshwater aquaculture output.

Table 3. Benchmark Regression Results.

(1) (2) (3)
Variable YC YC YC

CPRI −1.445 * −1.950 *** −3.111 ***
(0.818) (0.495) (1.017)

GDP 0.908 *** 0.922 ***
(0.235) (0.251)

area 0.066 ** 0.078 **
(0.029) (0.035)

boat 0.186 * 0.178
(0.109) (0.144)

labor 0.164 0.169
(0.143) (0.163)

water 0.031 ** 0.040 **
(0.015) (0.016)

finance 0.195 0.346 **
(0.118) (0.151)

Constant 9.666 *** 5.448 *** 5.561 ***
(0.374) (0.622) (0.651)

Year Fixed NO NO YES
Province Fixed NO NO YES
Number of id 31 31 31
Observations 517 517 517
R-squared 0.003 0.543 0.553

Robust standard errors in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1.

The results in Column (2) show that the coefficient for extreme high temperature
is statistically insignificant, suggesting no clear net effect of high temperature shocks on
freshwater aquaculture output. The potential reasons are twofold. On one hand, moderate
warming within a certain range can promote fish digestion and feeding, thereby enhancing
growth rates, and increased ultraviolet radiation can suppress pathogenic microorganisms
in the water and on fish surfaces [43]. On the other hand, high temperatures can easily lead
to increased organic load, water quality deterioration, and metabolic disorders, which are
detrimental to fish growth and survival. These opposing positive and negative effects might
offset each other, resulting in the lack of a statistically significant impact in the regression
results. Additionally, from the perspective of data characteristics, significant geographic
heterogeneity exists in the species composition and spatial distribution of aquaculture
across different provinces in China. As a result, the impacts of rising temperatures exhibit
distinct regional variations: in northern regions, moderate warming may shorten the
aquaculture cycle and enhance production efficiency, whereas in southern regions, high
temperatures are likely to intensify pressure on freshwater aquaculture production. To
some extent, these opposing effects between the north and south may offset each other,
which could explain why the regression results for the indicator of high-temperature days
are not statistically significant in the model.
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Table 4. Regression Results for Different Risk Types.

(1) (2) (3) (4)
Variable YC YC YC YC

LTD −1.969 **
(0.809)

HTD 1.350
(0.869)

EDD −1.731 **
(0.653)

ERD −2.006 ***
(0.655)

Constant 6.204 *** 4.824 ** 6.008 *** 6.763 ***
(1.262) (1.774) (1.267) (1.396)

Control Variables YES YES YES YES
province fixed YES YES YES YES
Year fixed YES YES YES YES
Observations 517 517 517 517
R-squared 0.466 0.463 0.477 0.468
Number of id 31 31 31 31

Robust standard errors in parentheses; *** p < 0.01, ** p < 0.05.

4.2. Robustness Check: Replacing the Explained Variable

To verify the reliability of the aforementioned regression results, this study selects
the output value of freshwater aquaculture as an alternative explained variable for re-
estimation. The results are presented in Table 5 The reduction in sample size is because
data on output values for certain earlier years and specific provinces are missing. To
ensure analytical accuracy and avoid potential biases introduced by data imputation, the
robustness check section uses a sample of 366 observations based on actually available data.
As shown, the regression coefficients for the overall Climate Physical Risk Index, extreme
low temperature, extreme drought, and extreme rainfall on the aquaculture output value
remain significantly negative. This confirms that the main conclusions of this study hold.

Table 5. Regression Results with Alternative Dependent Variable.

(1) (2) (3) (4) (5)
Variables Value Value Value Value Value

CPRI −16.56 **
(8.029)

LTD −7.794 *
(4.198)

HTD 4.178
(3.434)

EDD −7.775 *
(4.199)

ERD −5.801 *
(3.169)

Constant 12.04 * 19.72 *** 0.701 4.846 7.140
(6.741) (5.504) (4.539) (4.324) (4.324)

Control Variables YES YES YES YES YES
Fixed Effects YES YES YES YES YES
Number of id 31 31 31 31 31
Observations 366 366 366 366 366
R-squared 0.516 0.433 0.512 0.519 0.513

Robust standard errors in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1
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5. Further Discussion
To verify the mechanism through which extreme climate affects freshwater aquaculture

output, this study employs natural disasters (Disaster) as a mediating variable for analysis,
with significance tested using the Sobel test. The results are presented in Table 6.

Table 6. Mechanism Test for Disaster-Affected Area.

(1) (2) (3)
Variables YC Disaster YC

CPRI −3.111 *** 5.999 *** −2.412 **
(1.017) (2.163) (0.894)

Disaster −0.144 ***
(0.031)

Constant 5.561 *** 2.712 6.913 ***
(0.651) (2.309) (0.790)

Control Variables YES YES YES
Province Fixed YES YES YES
Year Fixed YES YES YES
Sobel Test −0.863 ** (z = −2.293)
Mediation Effect Coefficient −0.863 ** (z = −2.293)
Direct Effect Coefficient −2.412 ** (z = −2.081)
Total Effect Coefficient −3.276 ***(z = −2.727)
Proportion of Mediation Effect 0.2635
Number of id 31 31 31
R-squared 0.599 0.299 0.617

Robust standard errors in parentheses; *** p < 0.01, ** p < 0.05.

Column (1) reports the total effect of extreme climate on freshwater aquaculture output,
with a coefficient of −3.111, significant at the 1% level, suggesting that extreme climate
overall significantly suppresses output. Columns (2) and (3) present the decomposition
of the mediating effect: the impact of climate risk on natural disasters shows a coefficient
of 5.999, significantly positive at the 1% level, implying that increased extreme climate
significantly associated with a higher incidence of natural disasters. After controlling for
extreme climate, the effect of natural disasters on output remains significantly negative
with a coefficient of −1.169, while the direct effect of climate risk is −2.412. The Sobel test
confirms that the mediating effect is statistically significant. The results are consistent with
natural disasters play a partial mediating role between extreme climate and freshwater
aquaculture output, with the indirect effect transmitted through this channel accounting
for approximately 26.35% of the total effect. This indicates that a notable portion of
the reduction in output associated with extreme climate appears to operate through the
intensification of natural disaster impacts.

Building upon the baseline regression, interaction terms between the Climate Physical
Risk Index (CPRI) and both production efficiency (eff) and scale of operation (scale) are
introduced to test for moderating effects. The results are presented in Table 7.

This study employed the control function approach to test for potential endogene-
ity issues in the model [44]. Specifically, we used the one-period lagged values of key
explanatory variables Eff and scale as instrumental variables. Endogeneity was assessed
by examining the significance of the control function term (the residuals from the first-
stage regression). The results in Table A1 of Appendix A show that the coefficient of
this residual term is statistically insignificant (p > 0.1), indicating that the model is not
substantially affected by omitted variable bias and supporting the reliability of the baseline
estimation results.
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Table 7. Moderating Effect Test.

(1) (2) (3)
Variable YC YC YC

CPRI −3.111 *** −4.694 *** −3.605 ***
(1.017) (1.458) (0.885)

eff −23.50 *
(13.51)

CPRI * eff 0.358 **
(0.170)

scale −12.60 **
(5.980)

CPRI * scale 0.212 *
(0.116)

Constant 5.561 *** 6.518 *** 5.740 ***
(0.651) (0.792) (0.637)

Control Variables YES YES YES
Fixed Effects YES YES YES
Number of id 31 31 31
Observations 517 517 517
R-squared 0.553 0.558 0.553

Robust standard errors in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1

In Column (2), the coefficients for the main effect of CPRI and the interaction term
CPRI*eff are opposite in signs and both are statistically significant. This indicates that, all
else being equal, a higher level of labor productivity can mitigate the suppressive effect of
increasing climate risk on freshwater aquaculture output.

Similarly, in Column (3), the coefficients for the main effect of CPRI and the interaction
term CPRI*scale are also opposite in sign and statistically significant. This suggests that a
larger farming area per laborer, representing a higher degree of scale operation, weakens
the output-reducing effect associated with increased climate risk.

The results for the moderating effects of these two variables are consistent with the
hypotheses proposed in this study. It is important to explicitly note that the moderating
effects of productivity and scale on climate risk shocks revealed in this study are average
effects identified at the aggregate level based on nationwide provincial panel data. These
finding highlights important moderating patterns at the macro level. However, regional
disparities in China’s freshwater aquaculture industry are significant, with systematic
differences across regions in terms of resource endowments, dominant aquaculture species,
technology adoption levels, and marketization. Therefore, the specific strength—or even
direction—of these moderating effects may exhibit heterogeneity across different regions.
The universal patterns identified at the aggregate level in this study provide a foundation
for understanding macro-level dynamics.

6. Conclusions
Based on provincial panel data from 2007 to 2023, this study systematically evaluates

the impact of extreme climate events on China’s freshwater aquaculture output. The re-
gression results provide direct empirical support for Hypothesis H1, revealing that overall
extreme climate risk exerts a significant suppressing effect on output. Decomposing this
aggregate effect shows that extreme low temperatures, drought, and rainfall are signifi-
cant drivers of output reduction, while extreme high temperatures show no statistically
significant impact. The mechanism analysis offers nuanced support for Hypothesis H2.
The findings establish a significant partial mediating role for natural disasters, confirm-
ing that amplifying disaster impacts is one critical pathway—though not the exclusive
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one—through which climate risk curtails output. Furthermore, the investigation into mit-
igating factors validates Hypotheses H3 and H4. The evidence demonstrates that both
higher regional labor productivity and a larger scale of operation serve as effective buffers,
significantly attenuating the negative climatic impact on output.

Our findings indicate that improving per-unit labor productivity and resource scale can
significantly enhance a system’s resilience against climate change. On the one hand, regions
should focus on improving the labor productivity of aquaculture operators by refining
supporting policies and service provision. This can be achieved through the promotion of
aquaculture technologies, vocational skill training, and demonstration farm development to
strengthen farmers’ professional capabilities in areas such as breeding management, disease
prevention, and risk identification. Furthermore, the application of digital technologies—
such as intelligent environmental control, automated feeding, and online monitoring—
should be encouraged. These measures can increase output per labor unit and enhance
the precision of production management without significantly raising labor input, thereby
strengthening the aquaculture system’s capacity to adapt to and recover from extreme
climate shocks. On the other hand, steady progress should be made toward appropriately
scaled operations. Leveraging organizational forms such as cooperatives, family farms, and
leading enterprises, the scale structure of aquaculture can be optimized through measures
like land transfer, unified technical standards, and joint procurement. Scaling up can
drive facility upgrades and improve risk diversification capabilities, increasing capital
investment in critical infrastructure such as aerators, anti-escape nets, pond embankments,
and drainage systems. Simultaneously, greater efforts should be made to coordinate the
construction of regional water conservancy and aquaculture infrastructure, and to improve
monitoring, early warning, and emergency response systems for events such as extreme
low temperature, droughts, and extreme rainfall. This will help reduce output volatility and
disaster losses, thereby reinforcing the risk mitigation effects achieved through enhanced
labor productivity and scaled operations.

Given that global aquaculture faces the common challenge of increasingly frequent
extreme weather events, the evidence and policy recommendations presented in this paper
are not only applicable to emerging aquaculture nations like China but can also offer
valuable insights for other developing countries in designing adaptive aquaculture policies,
optimizing production organizational forms, and guiding infrastructure investment.

This study has limitations in data and methodology. First, the national-level analysis
masks regional heterogeneity in climate conditions, aquaculture models, and species com-
position, which limits its guidance value for local policies. Second, although the HP filter
method is employed to separate output fluctuations, non-climatic shocks such as disease
outbreaks and seed supply issues may cause interference and cannot be fully isolated, lead-
ing to measurement errors. Third, the “climate-induced output” indicator lacks biological
efficiency measures such as survival rates, making the pathways of impact insufficiently
clear. Future research should: employ non-linear models to capture complex climate effects;
conduct subgroup analyses by species, mode, and entity to reveal resilience differences;
and refine data with metrics like survival rates to better trace impact mechanisms.
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Appendix A

Table A1. Endogeneity Test Results.

(1) (2)
n1 n2

Variables Output Output

eff −0.0770
(0.0598)

GDP 0.953 *** 0.936 ***
(0.247) (0.244)

area 0.0583 0.0576
(0.0426) (0.0423)

boat 0.000508 −0.0474
(0.179) (0.168)

labor 0.183 0.224
(0.164) (0.155)

water 0.000241 0.000226
(0.000253) (0.000249)

finance 0.00286 * 0.00338 **
(0.00140) (0.00152)

res_eff −0.155
(0.113)

scale −0.0181
(0.0256)

res_scale 0.108
(0.0992)

Constant 4.963 *** 4.690 ***
(0.679) (0.699)

Observations 486 486
R-squared 0.547 0.541
Number of id 31 31

Robust standard errors in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1.
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