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Abstract. This paper addresses the problem of insurance companies' underwriting decisions under
extreme weather conditions. Firstly, the data were preprocessed, including identifying and
processing missing data and outlier analysis. Then an underwriting decision-making model based
on the extreme weather hazard model and the insurance insolvency factor model is established, and
the corresponding solutions are proposed. Finally, through model validation and empirical analysis,
the underwriting strategies of insurance companies under different risk levels are derived, and
corresponding suggestions are given.
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1. Introduction

The frequent occurrence of extreme weather events has brought challenges to insurance
companies' underwriting decisions, and how to formulate reasonable underwriting strategies under
the premise of minimizing risks has become an important issue in insurance business management.
This paper aims to establish an insurance underwriting decision model for extreme weather events
and propose corresponding solutions to help insurance companies better cope with the risks brought
by extreme weather [1-2].

2. Modeling and Solving
2.1. Model 1(a) Model establishment and solution

This study examines insurance companies' decisions to accept policies at certain periods and
conditions and how insurance users affect these decisions. We used data from the China Bureau of
Statistics (https://www.stats.gov.cn/sj/) and the Guangdong Provincial Bureau of Statistics
(https://www.gddat.cn/newGlobal Web/#/home) to do this. Table 1, shows some of the results after
data preprocessing:

Table 1. Insurance data for some regions in China

: Area Flood . L% Affected Economic
year region Drought Hailstorms temperature . ea
affected typhoon population loss
snow storm
2021| Hunan 436.2 | 1579 | 2724 59 0.0 652.4 8 82.4
2021|Guangdong| 76.4 31.2 17.8 1.7 25.6 100.1 2 24.1

This study identifies five extreme weather damage types: drought, hail, flooding, temperature
anomalies, and high winds. Python programming tools are used to visualize the acquired data more
intuitively. Refer to Figures 1 to 4 for details.
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Figure 3. Abnormal precipitation Figure 4. Abnormal hail
Step 1: Establish a disaster model
First of all, it is necessary to determine the main risk disaster standards brought by extreme weather,
and the coefficients of different disaster types are denoted as, and the total extreme weather
coefficients are denoted asH; H .

(1) Drought disasters. According to the official drought early warning standards, the disaster
coefficient is determined H,, and the level is divided into, and i, ={0.05.0.25.0.50.0.80} the random

probability is introduced:
H, ={rand(i,, 0),1} (1)

(2) Hail and snow disasters. Except for special areas, the hail disasteri, =0.7 coefficient is

determined to be the coefficient of the introduction H, of random rate:
H, =i, -min{rand (x, o),1} (2)

(3) Flood disaster. Flood disasters are greatly affected by topography, assuming that the land water
w content is ml, the precipitation is ml,| and the land water content is the next day @ = w+ L —50.
Flood disasters affect agriculture in three stages, and the degree of disaster is closely related to flood
height. The functional relationship is:

H,, =59.57(r +0.04)°* —10 @)
H,, = 47.02(r +0.25)°® —10

(4) Cold wave and high temperature disasters. According to the official drought early warning
standard, the disaster coefficient 4 is determined, and the level is divided into, and
i, ={0.05. 0.25. 0.50. 0.80} the random probability is introduced:

H, ={rand(i;,o),1} (4)

898



Highlights in Science, Engineering and Technology MMACS 2024
Volume 101 (2024)

(5) Wind disasters. The disaster mainly caused crop loss and infrastructure damage, and it is
assumed that the coefficient H, has an exponential relationship with wind speed .

H, =1-exp[-0.017(v—-10.8)] The total hazard factor is defined as:
H :maX{Hl’HZ’HS'H4’H5} (5)
Step 2: Establish an insurance bankruptcy factor model

Suppose the profitability process of the insurance company in year t isU (t) :

N (1)

U(t)=x+ct—k DY, (6)

i=1
Among them, it represents the x initial capital (0 in this article),C >0 represents the premium
income 0 <k <1 ratio, represents the loss compensation ratio N (t) , represents the number of extreme
weather occurrences in the [0,7] period, 4 >0 obeys the Poisson process, and {Y;,i >L}represents the

economic loss caused by the ith disaster [3-4].
Recorded as the T =inf{t:t>0,U(t) <0}moment when the bankruptcy of an insurance company

occurs, the probability can be expressed as:
w(x)=P{T <o|U(0)=x} )
Step 3: Insurance Coverage Conditions
Suppose the starting point of the insurance premium (X, Y,) is set and the loss ratio is set asV/ ,

so the starting rate is defined asV =[%,/Y,]. Construct the functional relationship between the
insurance and the insurance bankruptcy factor and premium

X—X,)? -
E =Xl 2 () 1, E 2y, Ty ) ®
0
Among othersa:—%xz;b :—(I)l(—v— IZV_XO—l); c= |1\7y0 _LVX _\7y0_

0
Step 4 Determination of threshold E
The functional relationship between insurance and premium is established using the extreme
weather catastrophe coefficient and insurance bankruptcy factor model[5-6]. Only when E exceeds
the threshold can the insurance company underwrite the income without bankruptcy. MFF is used to
set the threshold, and the empirical mean transcendence function is defined for the above data ( y;):

en(E) _ Zi—l({i B E)I{y.>E}

9)
2iilues

Step 5 Underwriting Model Solution

In this paper, we use Python to make statistics on the types of extreme weather disasters in various
regions of China.

Finally, a summary forecast (regardless of the type of disaster) is made to obtain the statistical
results shown in Figure 5 below.
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Figure 5. Statistics of extreme weather disasters (regardless of type)

Result analysis: Insurance companies tend to choose underwriting when the insurance coverage
conditions are close to the upper limit E(a) and exceed a certain thresholde, (E), in which case, the

possibility of underwriting y(x) is relatively low. Only under such criteria can the insurer accept and

benefit from the coverage. Thus, insurance companies should underwrite based on the assumption
that bankruptcy risk is low and natural disaster likelihood is low, as stated in the preceding analysis

[71.
2.2. Model 1(b) Model establishment and solution

Insurers must evaluate their insolvency factor below a specified threshold before taking risk to
ensure minimal risk and profitability. Insurers must foresee bankruptcy trends in the next years due
to the nature of the insurance business, which covers from application to claim[8-10].

Step 1: Set the level of risk to be covered

Using the above model, we have calculated the insurance bankruptcy factors in various regions of
the country in recent years. Based on these bankruptcy factors (i.e., risk levels), we can develop an
underwriting strategy accordingly. For example:

When the risk level exceeds A: Choose not to cover or ask for a higher premium.

When the risk level is between A and B: Adopt a standard underwriting model strategy and adjust
the underwriting fee appropriately.

When the risk level exceeds B: Implement incentives such as reduced premiums to attract
underwriting.

Step 2: Build an underwriting risk prediction model

To calculate the risk level, region-specific indicators were used and grey forecasting models were
used to make predictions.

Grey forecasting is a model suitable for small samples and short-term forecasting, which can
provide more accurate prediction results based on limited time series data. Therefore, the grey
prediction model was selected as an auxiliary tool for time series forecasting. Specifically, we used
the grey GM (1,1) prediction method, where "G" represents gray, "M" represents the model, and
"(1,1)" represents a first-order differential equation with one variable in the model and a first-order
differential equation with =GM (1, N) N 14 variables.

Suppose X = {Xi(o) @), x%2),---,x (n)} there are n observations in the sequence, and after

accumulation, "a new sequence is formed y' = { 70,2®,... Zl(n)} , and the corresponding model is:
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dX(l) (1)
2 rax = (10)
dt “

Among them, the development ash number is a, and the endogenous control ash number is the
M parameter vector to be evaluated
A a
U

"a=(B"B) BY, (12)

Use least squares to solve:

Solving the differential equation to derive the prediction model:
20 (k+1) = {7 (1) -ulafe ™ +§1 (13)

Step 3: Verify and solve the model

The model must be tested for accuracy and applicability after construction. Common verification
methods include relative error detection and posterior difference test. We may classify the prediction
model into four accuracy classes using the posterior difference ratio C and small error probability P.
Table 2 provides details.

Table 2. Indicator ranges

grade C P
outstanding 0.35 0.95
passing 0.50 0.80
grudging 0.65 0.70
Unqualified 0.80 0.60

After the posterior difference ratio C and small error probability P test of the gray prediction model,
the C values for insurance bankruptcy factors in all regions of the country were 0.429 and 0.362, and
the P values were 0.72 and 0.71, respectively, indicating that the model was qualified and could be
predicted. Table 3 shows some projected findings.

Table 3. Results of the Underwriting Conditions Model

Total Total Total Mass Extreme
Damage effect Deaths movement ST SiTs B (el S DSt temperature
24 234629 128060 117 2 2 0 0 0
9 5905 16032 135 2 1 0 2 0

Result analysis: Combined with the above analysis and historical data, we set the threshold for the
insurance bankruptcy factor (i.e., risk level) at a=2.5 and b=0.8. From the data, it can be seen that the
risk level of extreme weather events such as storms and strong winds is relatively low, and the overall
risk level is low, and insurance companies can consider actively obtaining underwriting opportunities.
However, during the period of high incidence of disasters such as earthquakes and floods (about every
5-6 years), insurance companies should try to avoid underwriting or increase premiums or set stricter
conditions when underwriting. For extreme weather risks in other years, insurers can adopt the
standard insurance model described above and adjust the thresholds and underwriting costs as
appropriate. The relevant visualizations are shown in Figure 6 below.
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Figure 6. Risk bankruptcy factor level coefficient

2.3. Model 1(c) Model construction and solution

The main impact of owners (users) on underwriting choices is whether they change key indicators
in the model. If flood hazard payouts significantly impact the extreme weather underwriting model
and bankruptcy factor, the owner's adjustment to this statistic may affect the underwriting decision.

Step 1: Model creation and SHAP calculation

For the trained f, (S)=E [ f (x)|xs] model, the definition, here f (x) is the output of the model,

which isS consistent with the meaning in Shapley Value (a subset of the output feature set), so it is
S in Shapley Value f, (S) V(S). Given a sample, how do you get the model's interpretation of the

sample? E[ f(X)[% %, X, X4]

Suppose the value of the features in the sample is {X1 =a,X, =8,,X, =a;,X, =a,}, there is:
S = can be extrapolated, that is, the sample-independent expectation of the model prediction value
v, = 1, (D)= E[ f (X):| , and the average approximation of the model prediction value of the training

sample. This value is not sample dependent.

S= {Xl} It is possible to deduce ¥; = f, ({Xl})— f ()= E[f (X)|X1]— E[f (X)] that the
estimated difference between the expected expectation of the {X1 = ai} immediate prediction and the
expectation of the sample is independent of this. E [( X)|X1]

ForS = {Xl, X} the S= {Xl, X,, %, | same with the same.

In the same way, it S = {Xl, X, X3, X, } is possible to launch:

V4= fx ({X11X21X3’X4})_ fx ({vazixs}): E[f (X|X11X2’X3’X4)}_E|:f (X|X11X2’X3)] (14)

Note that this is just one of the sorts. Just like the table where we pushed the Shapley Value, in
order to extrapolate to the general form, we need to apply the formula for calculating the Shapley
Value to deduce the explanatory formula:

vi== X Ish(p-lsl0Y( (s U{x})- .(9)) (15)

p!Sg{Xl,u-,Xp}\{Xi}

Where is the P number of total features S, a subtable of the shapley value, and f, the mean

902



Highlights in Science, Engineering and Technology MMACS 2024
Volume 101 (2024)

prediction of the alliance, which is the example in the above example,
E[ f (X|X1, Xy, X5, X, )J - E[ f (X|X1, X5, X )] and the solution can obtain the SHAP value.

Step 2: Model solving

The local correctness, missingness, and consistency of SHAP are considered when solving the
value in Python.

Results: The SHAP value graph study shows that measures like "Total Deaths", "Magnitude", and
"No Homeless" have a higher impact on the insurance model. Property owners' efforts to reduce life
and property risks, such as disaster preparedness training, strengthening residential structures, and
reducing travel in extreme weather, lower the bankruptcy factor of the insurance model, lowering the
risk threshold underwritten by the insurance.

3. Conclusion

By establishing an underwriting decision-making model based on the extreme weather hazard
model and the insurance insolvency factor model, this paper provides an effective underwriting
decision-making method for insurance companies. Meanwhile, the accuracy and feasibility of the
model are verified through validation and empirical analysis of the model, which provides a basis for
insurance companies to formulate reasonable underwriting strategies under different risk levels.
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