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Abstract

The probability estimation of agrometeorological damage risk is the core technical support
for consolidating the agricultural disaster prevention and reduction system and ensuring
the sustainable development of national agriculture. It has been widely applied in agri-
cultural production and agricultural insurance. Based on the crop planting area data, as
well as the damaged crop area data (damage-affected, damage-stricken, and dead harvest)
of 31 provinces and municipalities from 1980 to 2018, this study creatively builds a com-
prehensive damage strength index. After that, this study obtains accurate risk probability
estimation results of five meteorological damage types by using the parameters of the non-
parametric normal information diffusion model. The results show that the risk probability
of comprehensive meteorological damage is the largest, followed by drought, flood, wind
and hail, and freezing. Flood in Hubei, drought in NeiMenggol, windstorm and hailstorm
in Qinghai, freezing damage in Hainan, and comprehensive meteorological damage in
NeiMenggol have the highest risk probability. The regions where various meteorological
damage occur show different distribution characteristics, which is closely related to the
latitude and longitude and topography of China. These findings indicate that it is neces-
sary to understand the overall patterns of agrometeorological damage risks and consider
their internal heterogeneity, in order to take targeted prevention and control measures to
avoid systemic risks in agricultural production and safeguard sustainable and high-quality
agricultural development.

Keywords: agricultural insurance; risk probability; damage strength index; sustainability
of meteorological data collection; food security

1. Introduction

According to State of Food Security and Nutrition in the World (SOFI) Report 2025, it
is estimated that between 638 and 720 million people, corresponding to 7.8 and 8.8 percent
of the global population, respectively, faced hunger in 2024 (2025 The State of Food Security
and Nutrition in the World. https://www.wfp.org/publications/state-food-security-and-
nutrition-world-sofi-report-2023 (accessed on 1 July 2026)).
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The global food security situation is becoming increasingly precarious. Rapid pop-
ulation growth coupled with the rising frequency of natural disasters has heightened
concerns about both current and future food security challenges. According to the World
Population Prospects 2024 by the United Nations Population Division, the world popula-
tion is expected to reach 10.18 billion people by 2100 (World Population Prospects 2024.
https:/ /population.un.org/wpp/ (accessed on 1 July 2026)). Though the global per capita
agricultural output has increased by 50% since 1960, the feeding number of people has
doubled. Food security is still a continuous struggle. When weather events or natural
disasters occur, the global food supply is “on the edge of the sword” [1], because the
environment is more difficult for agricultural production.

China has a population accounting for about one fifth of the world, but the per capita
cultivated land area is far below the world level (World Bank official website. https://data.
worldbank.org.cn/indicator/ AG.LND.ARBL.HA.PC?view=chart.2022-02-02 (accessed on
1 July 2026)), and the quality of cultivated land ranks medium to low (“2019 Bulletin on
the Quality Grade of National Cultivated Land” from official website of the Ministry of
Agriculture and Rural Affairs of the People’s Republic of China. http://www.moa.gov.cn/
nybgb /2020/202004 /202005 /t20200506_6343095.htm (accessed on 1 July 2026)). With the
implementation of the three-child policy in 2021, China’s population will continue to grow
steadily, and food security will remain severe in the future. In addition, China is one of the
countries with various types of meteorological damage. Drought, flood, low temperature,
frost, hail, high temperature, and other meteorological damage occur frequently, which
even form huge damage. They are extremely unfavorable to agriculture as the production
mainly depends on the weather. Several major types of meteorological damage in China
from 1980 to 2018, such as floods, droughts, wind and hail, and freezing, had an average
affected area of 415.66, 831.68, 167.62, and 128.94 million hectares respectively, accounting
for 14.79%, 6.72%, 3.45%, and 2.56% of the average sown area. The average affected area of
comprehensive meteorological damage is higher (1579.28 million hectares), accounting for
27.53% of the average sown area (The calculation is based on the data of China Statistical
Yearbook and China Agricultural Yearbook in the corresponding years). Meteorological
damage restricts the stable development of China’s agricultural production and becomes
a threat to food security. Therefore, it is urgent to accurately assess the risk probability
of China’s agrometeorological damage, and formulate reasonable targeted measures to
reduce agricultural production losses considering China’s regional differences, so as to
ensure food security as well as the sustainable development of agriculture.

In terms of the research content of agrometeorological damage risk, due to the avail-
ability of data and the simplicity of calculation, current researches mainly focus on several
common damage types, such as drought, flood, etc. [2-5]. Some studies have considered
other types of meteorological damage, such as freezing, wind and hail, landslide, etc. [6-8].
However, very few analyzed the comprehensive meteorological damage [9,10]. However,
comprehensive meteorological damage can be seen as a higher-level reflection of various
specific types of meteorological damage, which can summarize and reflect the overall
situation of meteorological damage from a higher level. For China, which has a large area,
it is particularly important to not only understand various specific types of meteorological
damage, but also to further understand them as a whole.

There are two common methods for estimating the risk probability of agrometeo-
rological damage: parametric estimation and nonparametric estimation. The parameter
estimation firstly assumes the probability distribution, such as normal distribution, normal
logarithmic distribution and Weibull distribution [11,12], and then estimates the parameters
of the distribution with sample data. The parameter estimation method is suitable for
the case where the sample data size is small or the specific form of distribution is known.
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However, it is risky if we make a subjective assumption without knowing the specific form
of distribution. Particularly, for the probability distribution related to natural disasters of
crops, there is no exact evidence to show which probability distribution is reasonable. The
nonparametric method only needs little or no prior information, thus avoiding the problem
of wrong model setting. There are many kinds of nonparametric estimation methods,
among which histogram is the simplest, but few scholars use it because its estimation
results are quite rough. At present, two commonly used methods are kernel density estima-
tion [13-15] and nonparametric information diffusion model [16-18]. Although the kernel
density estimation method has certain advantages over histogram, sometimes false peaks
or real local highest points are smoothed out due to improper bandwidth selection. Since
the information diffusion model can change an incomplete sample observation value into a
fuzzy set, which helps to make up for the defects caused by insufficient data in function ap-
proximation, it is more effective than the general parametric and nonparametric estimation
methods, especially when the estimation results are obtained under the condition of small
samples. Thus, it has been widely applied in natural disaster risk analysis.

The previous studies in relevant fields have provided references for this study. How-
ever, when reviewing the previous literature, we found that few studies analyzed compre-
hensive meteorological damage. It has been stated previously that the risk of comprehensive
meteorological damage is much more serious than that of single meteorological damage.
Most of the research did not integrate different damage levels into a comprehensive indica-
tor for discussion, such as damage-affected, damage-stricken and dead harvest (which will
be explained later in “3.1. Calculation of Damage Loss Intensity”).

Instead, researchers mainly focused on the risk under a specific level of damage (such
as damage-affected or damage-stricken). In some cases, the general effect is greater than
the sum of the parts, and the composite index has the advantage that a single dimension
does not have, which is the index that reveals the comprehensive change of things [19].
Hence, broader macro-level research should be carried out to fully and accurately identify
the inherent patterns of comprehensive agricultural risks. Meanwhile, China covers a vast
territory with various meteorological disasters, which display obvious regional disparities.
It is necessary to analyze the heterogeneity of each province or certain regions on the basis
of overall research, so as to make specific agricultural production guidance.

With the availability of data, this study uses the data of crop planting area and different
types of damage area in 31 provinces and cities in China from 1980 to 2018 to construct a
damage intensity index that comprehensively considers three different damage degrees:
damage-affected, damage-stricken and dead harvest. Then, an information diffusion model
is used to estimate the damage risk probability in accordance with the damage intensity
of crops suffering from various meteorological damage (drought, flood, wind and hail,
freezing, and comprehensive meteorological damage) in 31 provinces and municipalities.
According to the results of different risk probability estimations, the damage intensity of
various types of meteorological damage in 31 provinces and municipalities at different
return periods (such as once-in-five-year return period, once-in-three-year return period,
once-in-two-year return period and probability value greater than 3/4) is obtained. Based
on the national average damage intensity, the regional conditions of five risk levels for
various meteorological damages have been calculated, which can better cope with and
guide the current and near future agricultural production, to ensure China’s food security
and the sustainable development of agriculture.

The possible innovations of this study are mainly reflected in the following two aspects.
First, this study overcame the shortcomings of previous research, which mostly start
from a certain point of view of damage. It took into account three kinds of damage (i.e.,
damage-affected, damage-stricken, and dead harvest), and built a comprehensive damage
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intensity index, which provided an important basis for the risk probability estimation of
subsequent meteorological damage and expanded relevant research. Second, based on
previous literature, this study explored the overall characteristics and cross-provincial
regional differences of risk probabilities of five types of meteorological damage in China.

The organization of this paper is as follows. Section 2 illustrates the data and method-
ology. Section 3 presents the results of damage loss intensity, probability estimation of
meteorological damage risk, and regional differences in agricultural risks. Section 4 dis-
cusses the empirical results. Conclusions are in Section 5.

2. Data and Methods
2.1. Data Source and Variable Description

Data on damage-affected /damage-stricken area from 1980 to 2016 is sourced from
the China Agricultural Yearbook; the damage-affected area from 2017 to 2018 is from the
China Statistical Yearbook; the damage-stricken area from 2017 to 2018 is from the China
Rural Statistical Yearbook. The dead harvest area is from the data of the China Agricultural
Yearbook from 1993 to 2016 and the data of the China Statistical Yearbook from 2017 to
2018. Among the above data, since Hainan Province and Chongqing Municipality were
established in 1988 and 1997, respectively, the data of these two districts used by this paper
are from the year of establishment to 2018.

The sources and algorithms of relevant variables used in this paper are shown
in Table 1.

Table 1. Description of variables related to probability estimation of damage risk of meteorological
damage.

Variable Name

Variable Symbol Variable Definition/Description

Total sown area of crops

S Total sown area of crops

Damage-affected area

HS Including flood, drought, wind and hail, and freezing

Damage-affected area of comprehensive

= Flood-affected area + drought-affected area +

meteorological damage HS wind-and-hail-affected area + freezing-affected area
Damage-stricken area DS Including flood, drought, wind and hail, and freezing
Damage-stricken area of comprehensive = Flood-stricken area + drought-stricken area +

. DS . q o . .
meteorological damage wind-and-hail-stricken area + freezing-stricken area
Dead harvest area FS Including flood, drought, wind and hail, and freezing

Dead harvest area of comprehensive

meteorological damage

= Dead harvest area of flood + dead harvest area of
FS drought + dead harvest area of wind-and-hail+ dead
harvest area of freezing

Damage-affected rate

Damage-affected area/total sown area of crops
multiplied by 100%, including flood, drought, wind
and hail, freezing, and comprehensive
meteorological damage

RHS

Damage-stricken rate

= Damage-stricken area/total sown area of crops
multiplied by 100%, including flood, drought, wind
and hail, freezing, and comprehensive
meteorological damage

RDS

Dead harvest rate

= Dead harvest area/total sown area of crops
multiplied by 100%, including flood, drought, wind
and hail, freezing, and comprehensive
meteorological damage

RFS
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Table 1. Cont.

Variable Name

Variable Symbol Variable Definition/Description

= The weighted sum of damage-affected rate,
damage-stricken rate and dead harvest rate, including

Damage intensity IL flood, drought, wind and hail, freezing, and
comprehensive meteorological damage
The estimated results, including flood, drought, wind
Damage loss risk probability PL and hail, freezing, and comprehensive

meteorologica damage

Note: Table 1 demonstrates notation and algorithm descriptions for the 12 related variables used in this article.
For example, the variable name of “Total sown area of crops” is marked as “S”, which directly uses the data
of China’s national statistics. The variable name of “Damage-affected area of comprehensive meteorological
damage” is marked as “HS”, which is equal to the sum of the affected area of flood, drought, wind-and-hail and
freezing damage.

2.2. Methods

In terms of the population (2 and sample X from the population, each sample point x;
provides the information on the point of its observation value, as well as the information
about the “surrounding” points. We call the information shared by “surrounding” points
as information from diffusion, and call the process of point x; information shared by
“surrounding” points as information diffusion process. The estimation of the overall
probability density function based on the information diffusion principle is called diffusion
estimation. Assuming that the observed sample set X = {x1, x,...,x, } is arandom sample,
independent and identically distributed. Assuming that the basic domain of the risk factor
indicators corresponding to information diffusion is U = {uq, uy, ...,y }, there exists a
function p, such that the information obtained by each point x; can be diffused to all u;
according to the function p. Assuming that at time ¢ of diffusion function y(x) in the
diffusion process, the information state of the corresponding point x is y(x, t), then the
information diffusion state y(x, f) is equivalent to the number of molecules per unit volume
of the diffusion substance in the molecular diffusion theory. In light of the molecular
diffusion law (Fick’s law), using mathematical methods such as differential equation and
Fourier transform, we have:

1 x2
HOot) = 2\/7tDteXp<_4Dt> g

In the above Equation (1), D represents the molecular diffusion coefficient, marking as
h = +/2Dt, Equation (1) can be approximately expressed as:

1 x?
u(x) = W“P(‘y) 2)

The above Equation (2) is exactly the same as the density function form of the normal
distribution. The corresponding overall probability density function estimate is also called
the normal diffusion estimate. h in Equation (2) is called the diffusion coefficient of normal
diffusion (or bandwidth, window width).

We choose the appropriate diffusion coefficient h according to the two-point approach
principle of normal diffusion. In short, the two-point approach principle of normal diffusion
means that the sum of information diffused from the latest two control points should not
be less than the sum of information diffused from all other control points, that is:

(X' —u)? (x" —u)? (x —uy)?
exp(—Zh2 Fexp| =t 5 > X#;X” expl—— 7 |/ x€ X ()
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Among which, x',x" € X,x' < x" refer to two nearest points, y; € U. In light of the
concept of average distance, plus Wang Xinzhou and You Yangsheng’s derivation of the
width of the two-point proximity window [20], window width h meets the following equation:

SENEPLR
Ly =5 (4)
i=1

Among which, y, = exp (7d2 / ZhZ) , and d represents average distance, k satisfies
n = 2k + 3. Using matlab, the approximate numerical solution of y, can be obtained by
solving the nonlinear equation expressed in Equation (4). Let oty = 1/,/—2Iny,, then the

band width is:
max (x;) — min (Xx)
i=12,..n i=12,..n

h=ond=on p—

)

By solving Equation (5) based on different n, the following empirical data of diffusion
coefficient are obtained:

1.6987(b—a)/(n—1) ,n <5

h— 14456(b —a)/(n—1) ,n=6,n=7 6)
) 14230(b—a)/(n—1) ,n=8n=9

14207(b—a)/(n—1) ,n>1

In Equation (6), n represents the number of samples. b = max (x;) represents the
i=1,2,...,
maximum value of the sample. a = rlnzin (xj) represents the minimum value of the
i=1,2,...n

sample. The approximate solution based on the two-point proximity principle expressed in
Equation (6) above is not the optimal solution in the sense of minimum mean square error.
Just like the nonparametric kernel density estimation where the thumb rule calculated
based on the sample standard deviation is often used (h = (4/ 3n)1/ °6,nis sample number,
6 is sample standard deviation), in the normal diffusion estimation, the diffusion coefficient
expressed by Equation (6) is convenient and practical, and the accuracy is sufficient.

When the observation sample is an indicator of risk factors such as damage-affected
intensity, damage-stricken intensity, and dead harvest intensity, a normal diffusion function
in the form of Equation (2) is selected to form a diffusion matrix. The diffusion function
will spread the information carried by each single value observation sample point x;
in the observation sample set X to all points in the domain U. For the convenience of
understanding, we express the diffusion function as:

(Xi — Uj)z ] ;

1
) = |

=12,...,n;j=1,2,...,m (7)

Through further calculation, the normalized information distribution matrix of sample
point x; is formed and expressed as:

f(Xi, uj) ;
E]n;l f(Xi, uJ) !

By processing the normalized information in Equation (8) above, we obtain a satisfying
risk assessment result. Let:

u(xi,uj): =12,...,n;j=1,2,...,m (8)

n

q(uj) = Zu(xi,uj),jzl,Z,...,m 9)
i=1
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Here the frequency value of the sample point y; at the midpoint of domain U can be
used as the estimate of probability:

p(uj) =q(y)/Y ", qw),j=12,...,m (10)

When we estimate the damage risk, we often describe the damage risk index as the risk
probability that exceeds 1%, for example, the probability that the flood damage loss intensity
exceeds 20%. Therefore, we set the 1% as the domain of damage index, and correspond it to a
specific element uj, then we know the probability value of exceeding v is:

P(X >uj) =) p(y),j=1,2,...,m (11)
k=]

The above Equation (11) is the risk probability corresponding to the damage loss
intensity of crops suffering from various damage.

3. Empirical Results
3.1. Calculation of Damage Loss Intensity

From the perspective of statistical data, the degree of meteorological damage can be
expressed as the damage-affected area, damage-stricken area, and dead harvest area, which
represents the comprehensive results of one or more damage in the year. To comprehen-
sively evaluate the risks represented by the data of damage-affected, damage-stricken, and
dead harvest, the damage intensity is defined as follows:

Among them, the subscript i indicates the region; the subscript j indicates the types of
damage, including flood, drought, wind and hail, freezing, and comprehensive damage;
RHS, RDS and RFS are the damage-affected rate, damage-stricken rate and dead harvest
rate respectively; W represents the proportion of equivalent losses.

The relevant provisions of the Statistical System of Natural Disasters issued by the
Ministry of Civil Affairs of the People’s Republic of China on 26 December 2013 define that
“damage-affected” refers to a reduction of production by more than 10%; “damage-stricken”
refers to a reduction of production by more than 30%; “dead harvest” refers to a reduction
of production by more than 80%. Meanwhile, the known damage-stricken area includes the
dead harvest area. The damage-affected area includes the damage-stricken area. In light
of this, we calculate the proportion of equivalent loss corresponding to damage-affected,
damage-stricken, and dead harvest by using the statistical data in China from 1980 to 2018.
The calculation method and results are shown in Table 2.

From the calculation results in Table 2, we can see that the proportions of equivalent
losses of various damage are quite similar. If we compare them with two decimal places,
the proportion of equivalent losses of dead harvest is around 0.9; the proportion of damage-
affected is 0.6 (or a bit above); the proportion of damage-stricken fluctuates around 0.4.
Therefore, we take 0.4, 0.6, and 0.9 as the proportion of equivalent losses of damage-affected,
damage-stricken and dead harvest, respectively.

Equation (12) calculates the damage loss intensity of various damage types in
31 provinces and municipalities over the years (as shown in Tables 3 and 4).

Tables 3 and 4 show that the average damage intensity of comprehensive meteoro-
logical damage in the observation period is the highest, reaching 21.27%. The average
damage intensity of drought, flood, wind and hail, and freezing is 11.10%, 5.93%, 2.95%,
and 2.70%, respectively. From the provincial perspective, Liaoning has experienced the
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maximum comprehensive meteorological damage intensity (92.31%) and the maximum
drought intensity (91.15%); Qinghai experienced the maximum flood intensity (55.96%);
Hunan experienced the maximum freezing intensity (40.81%); and Shanxi experienced the
maximum wind and hail intensity (28.43%).

Table 2. Calculation table of loss equivalent to damage-affected, damage-stricken, and dead harvest.

. . . Comprehensive
Item Flood  Drought Wind and Hail  Freezing Meteorological Damage
Dead harvest area (million hectares) 45.11 57.78 13.76 12.08 129.45
Damage-stricken area (million hectares) 228.16 428.58 86.69 59.47 815.24
Damage-affected area (million hectares) 415.66 831.68 167.62 128.94 1579.28

Area of production reduced by 30-80%

s 183.05  370.81 72.93 47.39 685.79
(million hectares)
Area of production reduced by 10-30% 18750  403.10 80.93 69.47 764.04
(million hectares) ’ ' ’ ’ ’
Dead harvest equivalent loss (million hectares) 40.60 52.00 12.39 10.87 116.51
Damage-stricken equivalent loss 14128 255.94 50 50 36.94 493.69
(million hectares) ’ ' ’ ’ ’
Damage-affected equivalent loss 17878 336.56 68.68 50.83 646.50
(million hectares)
Proportion of dead harvest equivalent loss 0.90 0.90 0.90 0.90 0.90
Proportion of damage-stricken equivalent loss 0.62 0.60 0.61 0.62 0.61
Proportion of damage-affected equivalent loss 0.43 0.40 0.41 0.39 0.41

Note: Table 2 shows the statistical data of damaged crop area (low-loss damage, mid-loss damage and dead
harvest) of five damage types (flood, drought, wind and hail, freezing and comprehensive meteorological damage)
in China from 1980 to 2018, and the corresponding proportion of harvest reduced losses calculated according
to Formula (12). Dead harvest area is equivalent to the loss of 90% of the average value; the area of production
reduced by 30-80% is equivalent to the loss of 55% of the average value; the area of production reduced by 10-30%
is equivalent to the loss of 20% of the average value.

Table 3. Descriptive statistics of damage intensity of three damage categories in 31 provinces and
municipalities in China.

Province and Flood Damage Intensity Drought Damage Intensity Wind and Hail Damage Intensity
Municipality  Bandwidth (%oc) Max(%) Mean (%) Bandwidth (%o) Max(%) Mean (%) Bandwidth %o Max (%) Mean (%)
Beijing 101 17.76 2.77 206 36.26 8.41 77 13.62 4.94
Tianjin 130 22.87 3.05 310 54.58 11.01 82 14.40 3.53
Hebei 116 20.48 3.42 171 31.23 12.80 50 9.98 4.03
Shanxi 168 29.81 5.53 404 72.77 26.48 156 28.43 4.77
NeiMenggol 268 48.07 8.53 323 61.04 28.44 144 27.17 5.62
Liaoning 245 43.31 8.05 518 91.15 22.13 83 14.64 2.52
Jilin 166 29.56 6.70 442 77.80 20.26 49 8.55 2.95
Heilongjiang 170 30.22 7.16 238 41.85 14.88 58 10.77 2.64
Shanghai 65 11.37 2.03 57 10.02 0.65 28 4.89 0.80
Jiangsu 185 32.51 4.59 160 28.31 5.11 37 6.60 1.69
Zhejiang 77 14.25 5.65 112 19.67 4.72 49 8.67 1.76
Anhui 161 28.84 8.00 207 36.59 7.50 34 6.02 1.26
Fujian 138 24.64 6.22 151 26.69 343 55 9.70 1.46
Jiangxi 273 50.28 10.90 132 23.17 4.86 37 6.53 1.63
Shandong 76 13.36 4.66 186 33.49 8.80 23 4.37 2.00
Henan 150 26.56 4.52 131 23.12 7.47 43 7.74 2.21
Hubei 163 31.58 12.26 179 31.65 8.97 58 10.46 2.43
Hunan 148 29.45 11.70 124 21.89 6.61 41 7.33 1.53
Guangdong 127 22.66 5.17 102 18.05 3.87 70 12.32 1.86
Guangxi 170 30.40 6.64 88 15.57 5.73 17 3.08 0.73
Hainan 157 27.72 6.52 179 31.49 6.79 139 24.44 4.37
Chongqing 118 18.76 6.42 308 45.47 7.64 47 6.97 1.54
Sichuan 64 12.55 5.75 145 26.22 7.39 24 4.50 1.46
Guizhou 72 14.39 5.35 212 37.36 8.19 46 8.64 2.89
Yunnan 47 9.46 4.32 281 49.82 10.08 36 6.95 2.35
Xizang 142 25.37 4.87 83 14.63 4.64 37 6.56 2.29
Shaanxi 118 21.87 6.40 254 48.01 18.83 58 10.46 3.35
Gansu 122 21.78 4.63 232 48.75 22.76 115 21.38 4.99
Qinghai 318 55.96 5.82 458 80.99 19.56 141 25.88 8.25
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Table 3. Cont.

Province and Flood Damage Intensity Drought Damage Intensity Wind and Hail Damage Intensity
Municipality  Bandwidth (%o Max(%) Mean (%) Bandwidth %00 Max(%) Mean (%) Bandwidth (%o) Max (%) Mean (%)
Ningxia 110 19.42 3.48 280 49.79 19.00 70 12.75 4.05
Xinjiang 78 13.93 2.71 110 19.73 7.07 74 14.03 5.50

Nationwide - 55.96 5.93 - 91.15 11.10 - 28.43 2.95

Note: Table 3 reports the damage loss intensity of three damage types in China’s 31 provinces over the years
calculated according to Formula (12), which is used as the input variable for information diffusion risk probability
estimation, and the bandwidth of diffusion estimation calculated according to Formula (6).

Table 4. Descriptive statistics of damage intensity of two damage categories in 31 provinces and

municipalities in China.

Province and Freezing Damage Intensity Comprehensive Meteorological Damage Intensity
Municipality  Bandwidth (%e0) Max (%)  Mean (%)  Bandwidth (%e0)  Max (%) Mean (%)

Beijing 10 1.74 0.28 253 45.60 15.87
Tianjin 23 3.97 0.56 318 55.90 18.07
Hebei 23 4.03 1.23 174 36.09 20.42
Shanxi 80 14.05 4.00 400 79.83 36.57
NeiMenggol 144 25.38 427 258 65.02 41.16
Liaoning 86 15.07 1.99 489 92.31 32.15
Jilin 50 8.84 1.86 427 80.98 30.06
Heilongjiang 54 9.48 2.05 327 63.30 25.17
Shanghai 116 20.48 1.51 178 31.39 4.95
Jiangsu 102 18.05 2.33 189 34.28 13.41
Zhejiang 111 19.46 3.47 146 29.10 14.70
Anhui 103 18.10 2.24 270 51.09 18.19
Fujian 61 10.89 2.66 180 33.55 13.35
Jiangxi 136 23.86 2.78 318 63.11 18.97
Shandong 37 6.46 1.50 222 42.65 16.22
Henan 55 9.64 1.59 253 45.56 14.90
Hubei 162 28.67 4.03 229 48.88 25.79
Hunan 232 40.81 3.52 269 53.29 22.23
Guangdong 83 14.72 3.74 196 36.08 14.27
Guangxi 60 10.51 2.15 241 43.81 15.08
Hainan 230 40.40 7.34 426 75.05 2491
Chonggqing 58 8.56 1.32 318 48.73 16.41
Sichuan 29 522 1.03 175 32.85 15.18
Guizhou 164 28.87 2.45 246 46.68 18.09
Yunnan 50 8.78 2.37 278 52.60 18.42
Xizang 171 30.14 2.88 228 40.74 13.91
Shaanxi 56 9.87 2.55 257 53.52 28.97
Gansu 112 19.68 432 229 56.18 33.24
Qinghai 171 30.11 428 451 88.64 33.47
Ningxia 133 23.47 3.70 277 57.24 27.89
Xinjiang 99 17.46 3.88 209 41.89 17.43
Nationwide - 40.81 2.70 - 92.31 21.27

Note: Table 4 reports the damage loss intensity of two damage types in China’s 31 provinces over the years
calculated according to Formula (12), which is used as the input variable for information diffusion risk probability
estimation, and the bandwidth of diffusion estimation calculated according to Formula (6).

3.2. Probability Estimation of Meteorological Damage Risk

We take the results of Table 3 as the input variable for information diffusion risk
probability estimation. The bandwidth of diffusion estimation is calculated by Equation (6),
and then the risk probability estimation is completed by Equations (7)—(11). Finally, the
estimation results in 31 provinces and municipalities are obtained and shown in Figure 1.
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Figure 1. Damage risk probability estimation results of 31 provinces and municipalities in China.
Note: The x-axis represents the damage loss intensity, and the y-axis represents the risk probability.

Figure 1 shows that, in general, for the 31 provinces and municipalities, if the compre-
hensive meteorological damage is not considered, the probability of drought is the highest
compared to the other three damage types, followed by flood, wind and hail, and freezing
damage. This result is consistent with the research conclusions of other scholars [21]. Since
the comprehensive meteorological damage include flood, drought, wind and hail, and
freezing, the risk probability of it is the highest.

In terms of flood, Hubei has the highest risk probability; Hunan, Jiangxi, Chongging,
Anhui, Zhejiang, Sichuan, Guangxi, and Hainan also have high risk probability, while
Shanghai has the lowest probability. In terms of drought, NeiMenggol has the highest risk
probability; Shaanxi, Gansu, Ningxia, Qinghai, Shanxi, and northeast provinces also have
high risk probability; while Shanghai have the lowest probability. The risk probability of
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wind and hail, and freezing damage is quite low, but it greatly damages some provinces and
municipalities. For example, Qinghai is the province with the greatest damage of wind and
hail damage, followed by Xinjiang, Gansu, and NeiMenggol; Guangxi has the lowest risk of
wind and hail damage. As for freezing, Hainan is greatly damaged, followed by Xinjiang,
Qinghai, Hubei, and Guangdong; Beijing has the lowest freezing damage probability. Lastly,
in terms of the risk probability of comprehensive meteorological damage, NeiMenggol
has the highest risk probability, followed by Shanxi, Qinghai, Gansu, Liaoning, Shaanxi,
Ningxia, Hubei, Heilongjiang, and Hainan; Shanghai has the lowest risk probability.

As illustrated in Figure 1, distinct outcomes are observed when meteorological dam-
ages are evaluated separately versus in an integrated comprehensive framework. This also
indicates that insurance companies need differentiated policy designs for single-peril and
comprehensive multi-peril meteorological insurance in different regions.

3.3. Analysis of Regional Differences in Agricultural Risks

Previously, the analysis of damage loss intensity and risk probability has been dis-
cussed considering provincial differences, but the discussion requires more details, because
different administrative regions/provinces have similar climate conditions (especially in
neighboring provinces), whereas in the same administrative region/province, the climate
conditions are not the same. Hence, further research is needed on the heterogeneity of a
wider range of regions across administrative boundaries (provinces).

3.3.1. Regional Differences Based on Different Return Periods

Based on the results of different risk probability estimates, the damage intensities of
various meteorological damage in 31 provinces and municipalities in China with different
return periods are shown in the small charts in Figure 2.
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Figure 2. Damage intensity of various meteorological damage in 31 provinces and municipalities in

China under different risk probabilities.

Panel (a) in Figure 2 shows that the flood damage intensity with a once-in-five-year
return period is as high as 20% (Hunan), followed by Hubei (18%). The flood damage
intensity in NeiMenggol, Liaoning, Jilin, Heilongjiang, Anhui, Fujian, Jiangxi, Guangxi,
Hainan, and Chonggqing is also quite high, ranging from 10% to 15%. The maximum
damage intensity of the once-in-three-year flood is 18% in Hubei, followed by Hunan
Province (12%); the maximum damage intensity of the once-in-two-year flood is 11% in
Hubei, followed by Jiangxi and Hunan (9%). However, Hunan and Hubei (6%) have the
highest flood damage intensity with a probability greater than 3/4, followed by Jiangxi (5%).
In conclusion, Hunan, Hubei, Jiangxi and Chongqing have high flood damage intensity.
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Panel (b) in Figure 2 shows that NeiMenggol has the highest drought intensity at
any return period, which is 45%, 34%, 26%, and 17%, respectively. Secondly, the drought
intensity in Shanxi, Liaoning, Jilin, Heilongjiang, Qinghai, Shaanxi, Gansu, and Ningxia is
also relatively high.

In terms of wind and hail damage, panel (c) in Figure 2 shows that the highest damage
intensity of wind and hail damage s occurs in Qinghai at any return period, about 13%, 9%,
6%, and 4% respectively. In addition, the damage intensity of wind and hail damage in
Beijing and Hainan is also slightly higher than that in other provinces and municipalities.

In terms of freezing damage, as shown in panel (d) in Figure 2, the highest intensity
of freezing damage occurs in Hainan at any return period, about 11%, 7%, 5% and 2%
respectively. In addition, the freezing damage intensity in Shanxi and Gansu is also higher
than that in other provinces and municipalities.

In terms of comprehensive damage, panel (e) in Figure 2 tells us that NeiMenggol has
the highest comprehensive damage intensity at any return period, reaching the highest
value as 55%, 50%, 40%, and 29%, respectively. In addition, Shanxi, Northeastern provinces,
Qinghai, Shaanxi, Gansu, and Ningxia come as the second highest, followed by Hunan,
Hubei, Hainan, Chongqing, Tianjin, and Hebei. Moreover, we see from the above figures
that Shanghai has the lowest damage intensity in terms of flood, drought, wind and hail,
and comprehensive damage.

3.3.2. Regional Variation Based on Risk Level

Hierarchical display of natural disaster risks is one of the most effective methods to
intuitively reflect the spatial-temporal differentiation of natural disasters [22]. To conduct
further comparative analysis, we calculated the regional disparities in various meteoro-
logical disaster risk levels across 31 provincial-level regions based on the estimated risk
probabilities and the national average damage intensity presented in Table 3, as shown
in columns (a) to (e) of Table 5. Based on the value of risk probability, we use 1/5, 1/3,
1/2 and 3/4 of it (i.e., different return periods) as segmentation points to divide the risk
into five levels.

Column (a) of Table 5 shows that the average flood damage intensity of 31 provinces
and municipalities in China is 6%. Hunan and Hubei have the highest risk level, followed
by Jiangxi, Anhui, and Chonggqing, then Hainan, Guangxi, Guizhou, Sichuan, Qinghai,
Shaanxi, NeiMenggol, Liaoning, Jilin, Heilongjiang, Zhejiang, and Fujian come next, fol-
lowed by Guangdong, Yunnan, Xizang, Henan, Shanxi, Jiangsu, and Shandong. The lowest
level of flood risk is in Xinjiang, Gansu, Ningxia, Beijing, Tianjin, Hebei, and Shanghai. In
general, when the average flood damage intensity is 6%, taking Hunan and Hubei as the
center, it roughly presents the characteristics of radioactive and lumpy distribution. From
the perspective of the distribution of China’s climate characteristics, the southeast coastal
areas are more vulnerable to flood, but these provinces do not have a high level of flood
risk. The possible reason is different terrains: the rain in the southeast coastal provinces
comes and goes quickly without causing waterlogging, but Hunan and Hubei and other
places cannot drain in time.

In terms of drought, column (b) of Table 5 shows that under the 11% average damage
intensity of 31 provinces and municipalities in China, Gansu, NeiMenggol and Shanxi have
the highest risk level, followed by the surrounding regions including Qinghai, Ningxia,
Shaanxi, Liaoning, Jilin, and Heilongjiang, then Yunnan and Hubei come next. Xinjiang,
Xizang, Jiangsu, Shanghai, Zhejiang, Fujian, Guangdong, Guangxi, Anhui, and Jiangxi have
the lowest risk levels. Overall, it presents a sandwich distribution feature: the southeast
and northwest sandwich a large area in the middle. This distribution feature is consistent
with the stepped terrain distribution of China, which is high in the West and low in the East.
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The terrain of the southeast coast is low and tilts towards the ocean, which is conducive to
the humid air flow of the ocean going deep into the mainland, forming precipitation, and
effectively alleviating the drought. NeiMenggol has a wide range of longitudes and a long
distance from east to west. From east to west, it is farther and farther away from the ocean,
and the terrain is also higher and higher, which makes it difficult for the moist air flow
from the ocean to reach the southwest of NeiMenggol, thus the drought is serious there. It
should be pointed out that Xinjiang and Xizang are located in the inland of the border, with
scarce precipitation, but the drought risk level is low. The main reason is that although
Xinjiang and Xizang both have temperate arid and semi-arid climate, the two provinces are
mainly dominated by animal husbandry, and their crops are mostly planted in areas with
relatively sufficient water sources. With the promotion and development of drip irrigation
and other technologies in arid areas, the risk of damage is low. Therefore, the concept of
“arid area” in meteorology and the concept of “drought” in insurance studies are different.

Table 5. Regional differences of various meteorological damage risk levels in 31 provinces and

municipalities in China under the national average damage intensity.

Different Return
Periods

(€Y (b) () (d (e)
Comprehensive
Flood (Average Drought (Average = Wind and Hail Freezing (Average  Meteorological
Damage Intensity = Damage Intensity = (Average Damage  Damage Intensity = Damage (Average
Is 6%) Is 11%) Intensity Is 3%) Is 3%) Damage Intensity

Is 210/0)

Xinjiang, Xizang,

Xinjiang, Gansu, Jiangsu, Shanghai,  Sichuan, Guangxi, Slchuanf
L 2 " . Chongqing, R

Ningxia, Beijing, Zhejiang, Fujian, Hunan, Fujian, . Shanghai, Fujian,
<1/5 .2 . - Shanghai,

Tianjin, Hebei, and =~ Guangdong, Anhui, Jiangsu, Guangdong

. . . . Shandong, Beijign,
Shanghai Guangxi, Anhui, Shanghai .
. > Tianjin
Jiangxi
Guangdonlg, Slchuanf (;hongqlng, .I.-Iubel, Guangxi, Anhui, Beijing, S:handong,
Yunnan, Xizang, Chonggqing, Jiangxi, Zhejiang, : Henan, Jiangsu,
. . . Henan, Jiangsu, .. . .

Once in 5 years Henan, Shanxi, Guizhou, Hunan, Guangdong, Hebei. Liaoni Zhejiang, Jiangxi,

Jiangsu, and Henan, Shandong,  Shandong, ]ﬂfne s aonigh, Guangxi, Sichuan,

Shandong Hainan Liaoning Xizang, Xinjiang

Hainan, Guangxi,
Guizhou, Sichuan,

Xizang, Yunnan,
Guizhou, Hunna,

er'lghal, Shaanxi, Yunnan, Hubei, Xlzgng, Yunngn, ]1angx1, Fujian, Hebei, Tianjin,
. NeiMenggol, ... Guizhou, Hainan, Zhejang, . .
Once in 3 years . . o Beijing, Tianjin, - . .. Anhui, Chongging,
Liaoning, Jilin, . Henan, Jilin, Heilongjiang, .
. 2! Hebei . o . . Guizhou, Yunnan
Heilongjiang, Heilongjiang Ningxia,
Zhejiang, and NeiMenggol,
Fujian Shananxi, Shanxi
- . . Heilongjiang, Jilin,
. . . Qinghai, Ningxia, Ningxia, Shaanxi, Xinjiang, nghal' Liaoning,
. Jiangxi, Anhui, R . . Gansu, Hubei, ! .
Once in 2 years . Shaanxi, Liaoning,  Shanxi, Hebei, Shananxi, Hubei,
Chonggqing e . . .. Guangdong, .
Jilin, Heilongjiang  Tianjin Hainan Hunan, Hainan,
Qinghai
Gansu, éj;]lls?g' Qinghai, NeiMenggol,
>3/4 Hunan, Hubei NeiMenggol, o - Shanxi, Gansu,
. NeiMenggol, L
Shanxi Ningxia
Beijing

Column (c) of Table 5 shows that the average damage intensity of wind and hail
damage in 31 provinces and municipalities is about 3%. On the whole, the level of risk
gradually decreases from northwest and north to central and south. Xinjiang, Qinghai,
Gansu, NeiMenggol, and Beijing have the highest risk level of wind and hail damage,
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followed by Ningxia, Shaanxi, Shanxi, and Hebei; Xizang, Yunnan, Guizhou, Henan,
Heilongjiang, and Jilin come next. Sichuan, Guangxi, Hunan, Fujian, Anhui, Jiangsu,
and Shanghai have the lowest risk level. This distribution feature is related to the low
temperature and prevailing northwest wind in northern China.

Unlike drought, flood, wind, and hail, the risk level of freezing damage is generally
low. The national average damage intensity is about 3%, and the probability of its risk level
is not greater than 3/4. Column (d) of Table 5 shows that the provinces and municipalities
with high freezing damage level in China are in Xinjiang, Qinghai and Gansu (in Northwest
China), Hubei (in the middle of China) and Guangdong and Hainan (in South China),
roughly distributed in the northwest and southeast. This distribution feature is highly
related to the causes of freezing damage: firstly, northwest wind prevails in China, and
cold air is the main reason for the occurrence of low temperature, thus it has greater impact
in Xinjiang, Qinghai, and Gansu in the northwest; secondly, in spring and autumn, the
cold air in the north and the warm and humid air in the south frequently meet, which
often leads to low temperature and continuous rainy weather. However, the strong cold
air, especially the outbreak of the cold wave, makes the temperature drop sharply, causing
damage such as “late spring cold” and frost. Therefore, the risk of freezing damage in
Hubei, Guangdong and Hainan is high.

In terms of the probability distribution of comprehensive meteorological damage
risk, column (e) of Table 5 shows that the average damage intensity of comprehensive
meteorological damage in 31 provinces and municipalities across the country is 21%. The
provinces and cities with relatively high-risk probability levels can be categorized into
several groups. NeiMenggol (in North China), Gansu, and Shanxi form a small group with
the highest risk level. Liaoning, Jilin, Heilongjiang, Qinghai, Ningxia, and Shaanxi, together
with Hubei and Hunan, show the group distribution characteristics of “T” shape, with
Shaanxi as the connecting point. In the southeast coastal area, the general comprehensive
meteorological damage risk level is low, but Hainan’s risk level is a bit high, due to its high
freezing damage risk level as mentioned above.

4. Discussion

4.1. Analyzing the Risk Probability from the Perspective of Single Damage Type and
Comprehensive Meteorological Damage

Global warming brings a variety of meteorological damage types, including the risk
of drought and dry heat on land [23,24], acceleration of global mean ocean circulation [25],
strong growth of ocean monsoon rainfall [26], risk of frost [27], etc., which would bring cer-
tain negative impacts to local agricultural production or social economic activities [28-30].
This study further confirms the above statement. However, it is far from enough to consider
only the risks of one or two meteorological damage. Sometimes one type meteorolog-
ical damage may lead to the other type meteorological damage, such as complex dry
heat phenomenon [31] and floods followed by hail or snow damage [32]. Therefore, the
risk of drought, floods, untimely rainfall, hail, frost should be considered respectively
and comprehensively.

In general, this research emphasizes the risk probability of four major types of me-
teorological damage (drought, flood, wind and hail, and freezing) and comprehensive
meteorological damage—five types in all—in China. The results show that the risk prob-
ability of comprehensive meteorological damage is indeed greater than that of single
meteorological damage, both from the overall perspective and from the provincial perspec-
tive. Therefore, in agricultural production, we need to pay attention to the local dominated
single meteorological damage, and more importantly, to invest more efforts to reduce the
risk of comprehensive meteorological damage for the prevention of the “1 + 1 > 2” effect.
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4.2. Integrate the Level of Damage into a Comprehensive Indicator for Consideration

Nearly all types of meteorological damage bring adverse effects on the growth, harvest,
and social economy of local crops, reflected in the number of affected areas or total financial
losses [33], or loss of output [34], or one of several damage types [35]. Some scholars
proposed to use the area of three types of crop damage caused by natural disasters (damage-
affected, damage-stricken, and dead harvest) as the leading indicator for agricultural
natural disaster risk assessment and zoning [36].

Inspired by the above scholars, this study calculates the average converted loss propor-
tion (i.e., damage loss intensity, or weight) of damage-affected, damage-stricken and dead
harvest based on the affected area of crops under three kinds of damage losses (damage-
affected, damage-stricken, and dead harvest), and calculates the risk probability of five
damage types in 31 provinces and cities of China.

The results show that, from the national perspective, the average damage loss intensity
of comprehensive meteorological damage during the observation period is the highest,
followed by drought, flood, wind and hail, and freezing, which is consistent with the
research conclusions of most scholars [37,38]. Moreover, Liaoning is close to the Bohai
Sea and the Yellow Sea, but it once experienced the most serious drought; Qinghai is a
semi-arid region, but it once experienced the most serious flood; Hunan is a subtropical
monsoon humid climate, but it once experienced the most serious freezing damage; Shanxi
is an arid and semi-arid region, but it once experienced the most serious wind and hail
damage. It means that extreme meteorological damage occurred in China in the nearly
40 years from 1980 to 2018, showing the necessity of analyzing the spatiotemporal evolution
of meteorological damage in various regions of China.

4.3. Information Diffusion Model and Regional Heterogeneity

The information diffusion model can avoid the irrationality caused by the parameter
estimation method’s hasty assumption that the loss rate follows a certain distribution, and
can overcome the unsteadiness of the nonparametric kernel density estimation method with
small samples [39,40]. Thus, this paper adopts the information diffusion model with small
samples, taking the province as unit to obtain accurate risk probability estimation results.

Different from the abnormal meteorological damage (which can be understood as an
accidental value) in the history of each province mentioned above, in terms of the estimation
of the risk probability (which can be regarded as a universal value) of meteorological
damage, we find that, by province, the highest risk probability of floods is in Hubei,
drought and comprehensive meteorological damage in NeiMenggol, wind and hail damage
in Qinghai, and freezing damage in Hainan. The finding is consistent with the longitude
and latitude, geographical location, landform, etc. of each province, which is similar
to many scholars’ conclusion that most drought damage in China occur in the north or
northwest of the Yellow River; most floods occur in the Yangtze River basin and the south;
most comprehensive meteorological damage occur in the west and the northeast [41].

When we focus on a larger area crossing the provincial border, from both the per-
spective of damage loss intensity in different return periods and from the perspective of
risk level, the analysis results indicate that drought, flood, wind and hail, freezing, and
comprehensive damage all show regional hierarchical structures with different distribu-
tions. China’s grain producing areas are mostly distributed in the central, north, and
northeast regions along the Yangtze River valley. Therefore, in order to ensure that food
crops are less affected by meteorological damage, the relevant government departments
of all provinces need to work together across the border to formulate prevention rules
and take corresponding response measures to jointly resist various similar meteorological
damage risks.
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5. Conclusions

Although many studies have estimated the risk probability of a variety of mete-
orological damage types on crops, few studies have estimated the risk probability of
comprehensive meteorological damage, nor integrated three damage loss levels (damage-
affected, damage-stricken and dead harvest) into one indicator for analysis and discussed
the integrity and internal heterogeneity of a country/region. Here, we use the data of
31 provinces and cities in China from 1980 to 2018 to calculate the damage loss intensity of
five damage types, and then use the nonparametric information diffusion model to obtain
accurate risk probability estimation results and analyze the heterogeneity. The results
show that the risk probability of comprehensive meteorological damage is the largest in
China; the risk probability of drought is the largest among single damage; some provinces
like Liaoning, Qinghai, Hunan, and Shanxi, have experienced abnormal meteorological
damage in the past 40 years. Influenced by longitude and latitude, geographical location,
topography and other factors, some provinces have the greatest risk of meteorological
damage, such as floods in Hubei, drought in NeiMenggol, wind and hail in Qinghai and
freezing in Hainan. In addition, damage intensity and risk probability in different return
periods show a cross-provincial regional and hierarchical nature. Therefore, for China, it
is not only necessary to examine the unified laws of the country as a whole to provide an
important basis for formulating a unified crop production plan and agricultural insurance
policy, but also to consider its internal heterogeneity by region or province, so as to achieve
precise governance and take targeted prevention and control measures across regions to
ensure China’s food security.

Based on this, this study proposes the following four suggestions. Firstly, for rele-
vant management departments such as the China Meteorological Administration and the
Ministry of Agriculture and Rural Affairs nationwide, it is necessary to improve laws and
regulations related to agrometeorological damage prevention and control and insurance,
establish a unified system of crop meteorological damage risk assessment standards, inte-
grate three types of loss indicators of damage-affected, damage-stricken and dead harvest,
and formulate a unified national agricultural production plan and insurance fallback policy.
At the same time, relevant Chinese departments at the national level need to improve the
regional differentiated agricultural subsidy system based on the spatial distribution charac-
teristics of agricultural risks in each region. Secondly, for relevant government departments
at the provincial level, they should take into account regional heterogeneity characteristics
and implement targeted measures based on the damage shortcomings of each province.
They should provide differentiated damage prevention infrastructure and control plans
for specific damage risks such as floods in Hubei, droughts in NeiMenggol, hailstorms in
Qinghai, and freezing in Hainan. Focusing on provinces with frequent damage such as
Liaoning and Qinghai, we should establish a layered and segmented fine meteorological
damage warning and governance mechanism based on the regularity of damage recurrence
periods, and implement cross regional precise prevention and control measures. Thirdly,
for agricultural producers, it is necessary to actively learn about regional meteorological
damage prevention and control knowledge, clarify the main types of damage, risk patterns,
and crop damage characteristics in the area, and establish a proactive awareness of damage
prevention and reduction. At the same time, optimizing the planting structure and field
management methods based on the damage characteristics of the province where it is
located, strengthening the management of soil moisture preservation and water-saving
irrigation in drought prone areas, improving field drainage facilities in flood prone areas,
and enhancing the damage resistance of crops in a targeted manner. Fourthly, for insurance
companies, it is necessary to rely on the probability of meteorological damage risks and
regional heterogeneity data to establish index-based crop insurance products, develop and
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optimize comprehensive meteorological damage insurance products that are suitable for
the whole country, and customize regional characteristic insurance types based on the
exclusive damage risks of each province. To promote to other countries, it is also necessary
to combine the above four countermeasures and suggestions, based on the requirements of
sustainable agricultural development in each country, adjust production resources accord-
ing to local conditions, optimize disaster prevention and reduction plans, take into account
ecological protection and stable and increased income, and comprehensively consolidate
the bottom line of national food security through targeted governance in different regions.

Finally, it should be noted that the global COVID-19 pandemic, which erupted in 2019,
may impose significant adverse shocks on agricultural output and obscure the root drivers
of yield losses. It is challenging to separate output reductions stemming from natural
disasters from those caused by pandemic-related disruptions. Accordingly, this study
limits the sample to data spanning up to 2018 to eliminate pandemic-induced confounding
biases. Separate in-depth analyses of this pandemic timeframe will be undertaken in
follow-up research.
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