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Abstract 
China Risk Oriented Solvency System was formally implemented in 2016, putting forward 

new capital regulation standards and requirements for insurance companies’ sustainable 

management. The solvency level of the insurance companies can comprehensively reflect their 

sustainable development ability. Based on the panel data of 75 property insurance companies 

in China from 2016 to 2020, this paper analyzes solvency influential factors under the 

framework of model averaging and sparsity oriented importance learning to identify the factors 

affecting property insurance companies' risks. The analysis is conducted to identify the 

important factors affecting the sustainable management of property insurance companies and 

the degree of their influence, so as to provide a decision basis for improving the solvency level 

of insurance companies and enhancing the sustainable development of the insurance industry. 
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Introduction 

The concept of sustainable development was formally introduced by the International 

Commission on Environment and Development (WECD) in 1987, emphasizing the 

sustainability of the resources and environment required for development. From the perspective 

of economics, sustainable development is a mode that places greater emphasis on the long-term 

benefits of future economic development. There are lots of theorieson the sustainable 

development in different periods and from different micro-enterprise perspectives, and ten 

relevant theories have been formed, such as enterprise life cycle theory, learning organization 

theory, enterprise capability theory, innovation management theory, etc. 

The sustainable development of an insurance company is the systematic regulation of its 

vitality and each stage of its life cycle, in order to coordinate development of the company’s 

internal and external environment, and to ensure the longevity of the company and maintain 

sufficient solvency for a long period in the pursuit of self-sustainability and perpetual 

development. Solvency refers to the ability of insurance companies to repay their debts, it is the 

core of insurance supervision. As a special industry that absorbsand manages risks, the 

insurance industry must strengthen the control of its own risks to achieve sustainable 

development. 

After the financial crisis in 2008, an important trend in international financial regulatory 

reform is to focus on capital regulation, which need the financial institutions reserve sufficient 

capital to ensure the sustainable management and development. Learning from the experience 

of the U.S. Risk Based Capital system (RBC), the second generation of the European Union 

Solvency system (Solvency II) and Basel III in the banking industry, the China Insurance 

Regulatory Commission (CIRC) completed and formally implemented the China Risk Oriented 

Solvency System (C-ROSS) in 2016. C-ROSS adopts the internationally recognized three-pillar 

framework, namely quantitative regulatory requirements, qualitative regulatory requirements 

and market discipline mechanism. C-ROSS reflects the idea combining quantitative and 

qualitative regulation based on risks in the China's emerging market, which realizes the 

unification of capital, risks and value of insurance companies. The solvency level under C-

ROSS system reflects the sustainable management and development abilities of insurance 

companies. What are the factors that affect the solvency level? What will be the impact on the 

solvency abilities as each insurance company adjusts to the new regulatory rules? These are the 

key concerns of academia and the insurance industry. 

In recent years, a number of scholars have studied the factors influencing the solvency of 
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insurance companies, such as Kim et al. (1995), Sherris (2006), Klein (2012), and Braun et al. 

(2017). However, regarding the research methods on the factors influencing the solvency of 

insurance companies, the existing literature mostly focuses on traditional hypothesis testing 

methods (such as panel data models), which do not consider multi-model inference. In fact, the 

first problem faced by almost all statistical inference is how to determine the appropriate model 

relying on the data(Zhang et al., 2016a). As an important extension of model selection, model 

averaging has been greatly developed in recent years. In the last two decades, different model 

averaging method shave been proposed in different theoretical frameworks, such as Hansen 

(2007), Wan et al. (2010), Liang et al. (2011), Zhang et al. (2014), and Gao et al. 

(2016).Furthermore, the model averaging can also be used to study the importance of variables. 

In the theoretical framework of non-confidence intervals, Ye et al. (2018) proposed sparsity 

oriented importance learning. This method is applicable to different model averaging methods 

and has good generalizability. 

This paper selects data from 75 property insurance companies in China from 2016 to 2020, 

and analyzes the factors influencing the solvency of property insurance companies based on 

model averaging and sparsity oriented importance learning, expecting to identify important 

factors affecting solvency and provide suggestions to improve the solvency abilities of 

insurance companies and enhance the sustainable development of the insurance industry. 

 

Methodology 

Model Averaging 

The model averaging aggregates estimates or predicts by averaging over different 

candidate models based on certain weights selected by data-driven weight choice criterion. By 

combining multiple models, model averaging can efficiently reduce the model uncertainty and 

improve the prediction accuracy, especially when candidate models are deemed to be 

misspecified (Hansen, 2007). Weights in model averaging estimators are determined by weight 

choice criteria. In principle, there are two different but closely related frameworks in model 

averaging, namely, Bayes model averaging (BMA) (Raftery, et al., 1997; Hoeting et al., 1999) 

and frequentist model averaging (FMA) (Hjort and Claeskens, 2003; Zhang, et al., 2015). 

Within the domain of FMA, Hansen (2007) proposed a weight selection method based on 

Mallows’ criterion in linear regression models, where the weights are selected from a discrete 

set. Wan et al. (2010) rigorously established the asymptotic theory of Mallows’ type weight 

choice criterion for weights in probability simplex. In addition, Hansen and Racine (2012) 
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investigated the optimal model averaging based on jackknife. Frequentist model averaging is 

also extensively studied under different models, e.g. in missing data models (Schomaker et al., 

2010), linear mixed effects models (Zhang et al., 2014), zero-inflated Poisson models (Zhou et 

al., 2022), multinomial and ordered logit models (Wan et al., 2014), kernel-weighted spline 

regressions (Racine et al. 2022) and so on. Moreover, focusing on generalized models and 

generalized linear mixed models, Zhang et al. (2016b) proposed a penalized weight selection 

criterion based on Kullback-Leibler (KL) loss, which reduces to Mallows-type weight selection 

criterion under the linear regression models. The weight choice criterion considered in current 

study can be viewed as an adjusted version of that by Zhang et al. (2016b). 

We denote the observations as: 
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This correlation coefficient matrix is the case of first-order autoregressive type. In addition, 

we estimate the regression coefficients using generalized least squares estimation, then 
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estimate of the variance covariance matrix. 

Referring to Zhang et al. (2016b) and Gao et al. (2016), we use a quadratic loss function: 
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0

e  is a noise vector that is identically distributed with e  but independent,
sw  is 

the s th component of w ， s denotes the corner scale of the model and it equals to

1, ,s S , S is the number of candidate models and w W , where 
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adopt the same weight selection criterion as Zhang et al. (2016b): 
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n is the adjustment parameter. In this paper, we set   log logn n  , which finds its root in 

Hannan-Quinn criterion (Burnham and Anderson, 2002).The weights are determined by 

minimizing the following criterion, i.e. 

  ˆ arg min  ww wW M  (1) 

 

Sparsity Oriented Importance Learning  

The importance of the independent variables in the model indicate the degree of their 

influence on the dependent variables. By evaluating the importance of variables, it can provide 

decision basis for stakeholders and reduce the uncertainty of the model. Ye et al. (2018) 

proposed a meaningful method named sparsity oriented importance learning (SOIL), which 

provides an objective measure of the importance of variables. In this paper, we briefly review 

the SOIL method with reference to the notation system of Ye et al. (2018). 

Denote sA as the set of independent variables corner scale of the candidate model s , 

which determined by minimization function  wM , given the set of A and the weight w , 

the SOIL importance of the j-th variable is: 
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sw is the s-th component given in equation (1),  sI j A  is the indicative function, 

, 1sj A I   or 0I  . jS measures the importance of the variable, the closer the jS  to 1, 

the more important the variable is. 
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Variable Selection 

Under C-ROSS, the solvency ratio reflects the capital adequacy of insurance companies, 

so the solvency ratio (SOR) is selected as the dependent variable in this paper. The formula of 

SOR is: solvency ratio=actual capital/minimum capital. 

Actual capital=accredited assets - accredited liabilities, which refers to the financial 

resources that can absorb the losses of the insurance companies in the state of continuous 

operation or bankruptcy and liquidation. The accredited assets and accredited liabilities are 

assessed and recognized on the basis of accounting statements of the insurance companies. 

Minimum capital reflects the amount of capital required by the insurance companies to 

cope with the adverse effects of various types of quantitative risks and control risks. 

Quantitative risks minimum capital measurement is mainly based on market historical data and 

net asset loss probability distribution. Under certain confidence level, the minimum capital of 

insurance risks, market risks and credit risks are calculated separately by using integrated factor 

method or scenario method, and considering the risks diversification, we use the correlation 

coefficient matrix to sum up the minimum capital of each type risks.  

The minimum capital for controlled risks = Q×minimum capital for quantitative risk, Q 

= -0.005×S+0.4, where S is the score of solvency aligned risk management requirements and 

assessment (SARMRA) of each insurance company by the regulator.  

Since the implementation ofC-ROSS, insurance companies have paid more attention to 

solvency risk, and their internal risk management mechanism has also undergone significant 

changes. However, the risk management system of insurance companies is not implemented in 

place, the company's risk management is not effectively integrated into daily business activities, 

and the important business indicators affecting solvency are not included in the risk 

management mechanism, which affects the effectiveness of the company's risk management. In 

addition to the indicators directly used to calculate solvency, there are many factors that affect 

the solvency of insurance companies. After a comprehensive analysis of the influential factors 

in the available literature, we select 12 indicators as independent variables affecting SOR in 

this paper and show these variables in Table 1. 

Data 

In this paper, 75 property insurance companies are selected as the sample, including 57 

Chinese companies and 18 foreign companies, with 3 companies with premiums scale of more 

than 100 billion CNY, 8 companies with premiums scale of 10-100 billion CNY, 11 companies 

with premium scale of 5-10 billion CNY, 27 companies with premium scale of 1-5 billion CNY, 
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and 26 companies with premium scale of less than 1 billion CNY in 2020, the sample is very 

typical which covers different capital types and business scales. Given that C-ROSS has been 

officially implemented since 2016, the sample period is selected from 2016 to 2020, which can 

fully reflect the solvency status of insurance companies after the operation of C-ROSS. The 

data is mainly obtained from the special information on solvency disclosed on the companies’ 

official websites and their annual final financial reports, and some data is obtained from the 

China Insurance Yearbook in previous years, and part of indicators are calculated based on the 

disclosed information. In addition, we take logarithm to avoid variables’scale inconsistencies 

for two independent variables, i.e., Premiums and Net Assets. 

Table 1 Independent Variables Affecting SOR 

Variable Description 

ALR: asset-liability ratio total liabilities/total assets 

RNA: return on net assets net profit/net assets 

ROI: return on investment investment income / amount offunds employed 

CLR: comprehensive loss ratio comprehensive claims expense/earned premiums 

CER: comprehensive expense 

ratio 
comprehensive expenses/earned premiums 

RIR: reinsurance Ratio premiums ceded/ premiums 

NCF: net cash flow from 

operating 
net cash flow from operating activities/ premiums 

SLR: simple loss ratio claims expense/ premiums 

PRR: premiums receivable ratio premiums receivable/premiums 

SAS: SARMRA score the score of SARMRA  

PRE: premiums LOG (premiums) 

NEA: net assets LOG (net assets) 

 

 

Empirical Results 

Descriptive Statistics 

This paper involves the data of 75 sample companies for 5 years, and the descriptive 

statistics of the dependent variable SOR and 12 independent variables is shown in Table 2. the 

results show that the average value of the solvency ratio of each property insurance company 

is 223.11%, and most of the companies have sufficient solvency, with only 3 cases below 100%. 
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Table 2 Descriptive Statistics of SOR and 12 Independent Variables 

Variable Mean 

Standar

d 

Deviatio

n 

Minimum Maximum Median 

SOR 3.7401 2.8102 -1.8593 19.1307 2.8319 

ALR 0.6179 0.1884 0.0177 1.1463 0.6612 

RNA -0.0060 0.2420 -1.2715 2.7920 0.0117 

ROI 0.0393 0.0274 -0.2763 0.2785 0.0395 

CLR 0.6218 0.2321 -0.6613 2.8947 0.5872 

CER 0.5780 0.5306 0.0000 6.5437 0.4757 

RIR 0.2329 0.2649 0.0000 0.9912 0.1225 

PRR 0.1061 0.1143 0.0000 1.0598 0.0667 

NCF -0.0060 0.4910 -3.6769 3.0682 0.0148 

SLR 0.5748 0.2851 0.0194 2.2575 0.5340 

SAS 72.4607 6.8986 23.8596 85.0281 73.1034 

PRE 1.2584 0.8304 -2.5632 3.6355 1.2191 

NEA 1.6954 0.6083 0.5166 3.8114 1.5873 

 

Empirical Analysis of Model Averaging 

According to the aforementioned model averaging, we set 12 independent variables, so 

the number of combined modelsis 122 4096  . The weight is determined by the following 

formula:  
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Then we use quadratic programing 

to solve this optimization problem.

 
The SOIL values and coefficient estimates of each independent variable are shown in Table 

3. The results of Table 3 shows that: first, the SOIL scores of variables NEA and ALR are very 

high, all above 0.95; second, the SOIL scores of variables CER, NCF, SAS, SLR,CLR, and PRE 

are between 0.8 and 0.85; third, the SOIL scores of variables PRR, RIR, and RNA are relatively 

low; and SOIL score of variable ROI is less than 10−4 . These results indicate that eight 

variables such as NEA, ALR, CER, NCF,SAS, SLR,CLRand PRE have important impact on 

solvency ratio. 
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Table 3 Coefficient Estimates and SOIL Values from Moving Average Model 

Variable 

abbreviat

e 

Variable SOIL value 

Coefficient 

estimate 𝛃̂𝐣 

C constant 1 8.4876 

NEA net assets 0.9876 1.2212 

ALR asset-liability ratio 0.9770 -9.2054 

CER comprehensive expense ratio 0.8493 0.8062 

NCF net cash flow from operating  0.8272 -0.2915 

SAS SARMRA score  0.8231 0.0184 

SLR simple loss ratio 0.8231 -0.8370 

CLR comprehensive loss ratio 0.8123 -1.0157 

PRE premiums 0.8107 -0.9236 

PRR premiums receivable ratio 0.5414 -0.5689 

RIR reinsurance ratio 0.1507 -0.0925 

RNA return on net assets 0.1489 -0.0869 

Among the 12 coefficient estimates of variables, there are three coefficients are positive 

and eight coefficients are negative, reflecting a positive or negative relationship between the 

variables of interest on SOR, The estimator of ROI is less than 10−4, so variable ROI is not 

listed in table3. The results of this model lead to the following conclusions. 

Firstly, the condition of asset and liability is a fundamental influencing factor for the 

solvency of property insurance companies. Net Asset has a positive effect on SOR, while asset-

liability ratio has a negative effect on SOR. The estimated value of the asset-liability ratio's 

coefficient is -9.21, whose absolute value is the maximum of the coefficient estimates of all 

variables, indicating that the level of leverage has the most prominent impact on solvency. 

Secondly, insurance risks and business scale have important impact on the solvency of 

property insurance companies. Among the insurance risk-related variables, CLR has a negative 

effect on SOR, indicating that the higher a payout ratio is, the more unfavorable impact it has 

on the solvency adequacy. While the influence of RIR on SOR is not important. Both of NEA 

and PRE have important effects on SOR, and the estimated coefficient of PRE is negative, 

reflecting that the larger the premium size is, the greater the solvency pressure is. 

Thirdly, liquidity risks and risk management capability can also affect the solvency of 

property insurance companies. Among the variables related to liquidity risks, the coefficient 

estimate of SLR is high and negative, indicating that the simple payout ratio is an important 

influential factor to the solvency level. From the risk management capability variables, the 

coefficient estimate of SAS is positive, indicating that the higher the risk management 

capability is, the more solvency property insurance companieshave. 
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Conclusion and Insights 

Conclusion 

This paper firstly analyzes the regulatory framework of insurance companies' solvency 

and the rules for calculating regulatory indicators under the regulatory system of C-ROSS, and 

then chooses 12 variables affecting the solvency ratio (SOR). Secondly, using 75 property 

insurance companies’ data, the model averaging is employed to identify the important factors 

and the degree of influence on the SOR.  

The results show that variables such as net assets, asset-liability ratio, comprehensive 

expense ratio, net cash flows, SARMRA score, etc. have an important influence on solvency, 

while variables such as reinsurance ratio and return on net assets have less influence. 

Insights 

C-ROSS constructs a scientific and systematic risk classification model, increases the risk 

sensitivity and risk coverage of the regulatory mode, provides incentives for more complex 

risk-taking and risk management, and promotes operators to focus on risks instead of scales, 

which is meaningful for solvency regulation of the insurance industry in emerging markets.  

SOR is a comprehensive indicator reflecting the risk status and sustainable operation 

ability of insurance companies. The following two insights can be obtained from the results of 

this paper, on the one hand, C-ROSS should aim to improve the risk management and 

sustainability of the insurance industry, reduce as much as possible the inconsistency of 

regulation and business decisions, in order to accommodate the integrated management of asset 

and liability management, capital allocation, risk management and performance evaluation. On 

the other hand, insurance companies need to improve their sustainability by taking their asset 

and liability situations into account, controlling payout levels, reasonably planning business 

scales and reinsurance allocation, enhancing risk management abilities, instead of pursuing 

investment profitsby increasing capital or excessive investments. 
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