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Abstract 

We analyze the efficiency of non-life insurance companies in four of the fastest-growing markets 

in the world—the BRIC (Brazil, Russia, India, China) countries. An innovative feature of this paper is 

its incorporation of uncontrollable variables in the efficiency analysis using a multi-stage DEA 

approach. This approach captures cross-country differences, such as the political and economic 

environment, and allows distinguishing between managerial inefficiency and inefficiency due to 

environmental conditions. We find that the environment strongly affects the efficiency of non-life 

insurers operating in the BRIC countries. Furthermore, we identify three drivers of efficiency in a 

second-stage regression that follows Simar and Wilson (2007). The results enhance our understanding 

of the insurance industry in the BRIC countries, their economic environment, and their efficiency. 

 

JEL classification: D20; G22; L10 ; L11 
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1. Introduction 

After decades of excessive government regulation and restriction, financial liberalization in the 

BRIC countries (Brazil, Russia, India, and China) has resulted in substantial change to the 

insurance industries of these countries in recent years. These changes include a less 

state-directed, more competitive, and now open to foreign insurers market environment. The 

non-life insurance market in the BRIC countries is developing especially rapidly; it has been 
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growing annually by 21.2% between 2000 and 2008 to reach a value of $115.4 billion, which is 

6.49% of the global market volume (see Swiss Re, 2009). It thus constitutes an important 

engine of growth in worldwide non-life insurance demand. Given their sizeable and growing 

economies and their population of approximately 2.86 billion, each of the BRIC countries has 

the potential to become one of the biggest insurance markets in the world. 

Most studies analyzing efficiency in the insurance industry consider a specific country and 

region; only a few take an international perspective and these focus on European countries, the 

United States, and Japan (e.g., Diacon et al., 2002; Fenn et al., 2008; Eling and Luhnen, 2010a). 

Very few studies make comparisons between insurance industries in emerging countries. In 

addition to the immense difficulty of gathering reliable data, there is the difficulty of 

objectively evaluating the performance of decision-making units (DMUs) operating in 

different countries, i.e., how to treat uncontrollable variables that reflect the impact of the 

economic and political environment. 

Characteristics of the external environment could influence management’s ability to transform 

inputs into outputs (Fried et al., 1999). Thus, managerial inefficiency may be classified as 

internal inefficiency, while other types of inefficiency caused by external environmental 

conditions may be classified as exogenous inefficiencies. The latter are external to the firm, but 

internal to society. Traditional studies, employing models using controllable factors only, 

implicitly assume that all DMU inefficiency is caused by poor management and occurs under 

common environmental conditions (Yang and Pollitt, 2009). However, management has 

control only over factors internal to production activities, while the environment is out of its 

control. If the impact of uncontrollable variables is not filtered out, the efficiency of DMUs in 

an adverse external environment could be underestimated. 

We address this problem by using multi-stage data envelopment analysis (DEA) to estimate the 

technical efficiency of non-life insurers in the BRIC countries over the period of 2000 to 2008. 
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This is accomplished by setting up the DEA-based performance evaluation models for a 

production process that incorporates both controllable and uncontrollable variables in these 

four countries. Incorporation of uncontrollable variables in estimation is a widespread practice 

in the banking literature (see, e.g., Dietsch and Lozano-Vivas, 2000; Lozano-Vivas et al., 2002; 

Fries and Taci, 2005; Liu and Tone, 2008). The most basic approach to integrating 

environmental variables in an efficiency analysis involves conducting a second-stage tobit 

regression of environmental variables on efficiency scores; however, this approach is often 

criticized in literature, e.g., due to serial correlation of efficiency scores and high correlation 

between inputs, outputs, and environmental variables (see, e.g., Diacon, 2001; Diacon et al., 

2002). An alternative approach to controlling for environmental factors in efficiency 

estimation using a different methodology (stochastic frontier analysis) is the conditional mean 

approach as employed by Greene and Segal (2004) and Eling and Luhnen (2010a). We are not 

aware of any study that uses the multi-stage DEA approach taken in this paper in the insurance 

context. 

The paper makes two main contributions to the literature. First, this is to our knowledge the 

first study that focuses on efficiency in the BRIC countries. Our paper thus extends the 

insurance literature on efficiency comparisons by comparing four developing insurance 

markets that are all experiencing a high rate of growth with huge potential for even more 

expansion. Second, the cross-country comparison not only provides information about the 

relative efficiency and competitiveness of firms operating in different environments, but also 

increases our understanding of the reasons for efficiency differences in the BRIC insurance 

markets. To this end, we conduct a second-stage regression of efficiency determinants on DEA 

scores using the truncated regression proposed by Simar and Wilson (2007), which permits 

valid inferences as to the regression of contextual variables on efficiency. 

The remainder of the paper is organized as follows. Section 2 presents background information 
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on the BRIC non-life insurance industry. In Section 3, we briefly review the relevant insurance 

literature on efficiency comparisons at the international level and present our methodology. 

Section 4 describes the data and defines traditional variables of input and output, as well as the 

uncontrollable variables. Section 5 contains the results of the efficiency analysis. In Section 6, 

we conduct a truncated regression of efficiency determinants on DEA scores. Conclusions and 

suggestions for future research are presented in Section 7. 

2. Background Information on the Non-Life Insurance Industry in the BRIC Countries 

Reforms enacted in the 1990s aimed at promoting economic development in BRIC countries 

have led to increased consumption spending and industrial production, as well as a broader 

availability of credit (e.g., automobile financing). This has resulted in an extremely rapidly 

increasing demand for property/casualty and other non-life insurance products. Since 2000, the 

non-life insurance industry of BRIC has registered an annual growth rate of 21.2% (see Swiss 

Re, 2002, 2009), which is an impressive figure compared to advanced economies. However, 

despite the strong growth in the non-life insurance market, BRIC has significantly lower 

insurance penetration (premiums/GDP) and density (premiums in USD/person) for non-life 

insurance than the world average level (in 2008, the BRIC average insurance penetration 

(density) was 1.38% ($109.3) compared to the world average of 2.9% ($264.2)), reflecting that 

non-life insurance markets in BRIC have not yet realized their full potential. 

Table 1 provides summary information on the general economic conditions and non-life 

insurance environment in the BRIC countries in 2008. In addition to numbers for the four 

countries, we also present aggregate information at the BRIC level and the worldwide numbers 

(including the BRIC countries) as a reference. In 2008, the four BRIC countries accounted for 

42.4% of the world population. Their GDP growth rate of 6.8% is significantly higher than the 

world average of 2.3%. In terms of market structure, Russia had more than 700 insurers in 2008 

(see Filatov et al., 2009), many more than there were in the other three BRIC countries. India, 
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for example, had 15 private non-life insurers and six public-sector non-life insurers in the same 

period. These numbers reflect differences market entry barriers: In the early 1990s, there were 

no entry barriers in Russia (see Filatov et al., 2009); India’s business climate was far more 

restrictive. 

Table 1: Summary Information (2008)—BRIC Countries Versus World 

Index Brazil Russia India  China BRIC World 

Population (Million) 194.2 141.8 1185.1 1336.0 2857.1 6735.6 
GDP Growth Rate 5.1% 5.6% 7.4% 9.1% 6.8% 2.3% 
Number of Non-Life Insurers 166 (life + 

non-life)* 
786 (life + 
non-life)* 

21 47 / / 

Concentration Ratio (CR 4; Market 
Share of Four Largest Firms) 

53.70% 14.00% 67.13% 76.32% 52.79% / 

Non-life Insurance Premiums  
(in million USD) 

25,074 38,013 7,329 44,987 115,403 1,779,316

Non-life Insurance Premium 
Growth Rate in 2008 

22.31% 31.20% 1.19% 33.06% 21.94% 6.69% 

Non-Life Insurance Density 
(Premiums in USD/Person) 

129.1 268.1 6.2 33.7 109.28 264.2 

Non-Life Insurance Penetration 
(Premiums/GDP） 

1.60% 2.30% 0.60% 1.00% 1.38% 2.9% 

Motor Ins. Premiums to Total 
Non-Life Premiums 

47.3% 19.7% (2007) 42.1% (2007) 69.6% / / 

Market Share of Foreign Insurers 40% (2004) 3.4% (2003) 0% (2006) 2% (2008) / / 

Data Source: Swiss Re (2009) and own calculations; *: For Brazil and Russia, only numbers for the total 
industry (life and non-life) are available. 

Consequently, market concentration of the non-life insurance industry is relatively high in 

some BRIC countries. India and China have the highest market concentration; the four largest 

non-life insurers in those countries were responsible for about 70% of all premiums in 2008 (in 

Table 1, CR 4 gives the premiums of the four largest insurers in relation to the total market 

premium volume). The Brazilian non-life insurance industry is also highly concentrated (see 

also Abreu and Fernandes, 2010). The Russian insurance market is less concentrated, with the 

largest four companies collecting 14% of all premiums in 2008, but concentration has been 

increasing in recent years. Due to increasing activity in establishing insurance groups, 

holdings, and business conglomerates, consolidation in the BRIC non-life insurance market is 

expected to continue in the future. 

The 2008 premium growth shows an extraordinary rise of 20% to more than 30% for China, 
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Russia, and Brazil. The relatively low premium growth for India can be explained by the 

enactment of new rules for deregulation that resulted in a sharp decrease in prices (price 

regulation of general insurance, such as fire and motor, ended in 2007; see ICRA, 2011). The 

number of contracts increased in India, but the price decrease resulted in a growth rate of only 

1.19%. From 2000 to 2008, however, the average premium growth rate in India was 15.99%. 

In regard to specific insurance products, the non-life insurance market in BRIC accounted for 

approximately 50% of total industry premiums in 2008,1 reflecting the importance of the 

non-life insurance business. Auto insurance plays a chief role in the non-life business. The 

customer profile in the BRIC non-life insurance industry is changing with the introduction of a 

large number of insurance intermediaries, such as brokers, corporate agents, and 

bancassurance. Insurers in Russia, India, and China typically specialize in non-life lines, 

whereas in Brazil, most insurers are multi-line firms offering health, life, and property/casualty 

coverage. 

Foreign investment shows a steadily increasing trend in BRIC. The most widespread methods 

of market entry are either forming a joint venture with a domestic insurance firm or becoming a 

shareholder of one. However, there are still substantial differences in the extent of foreign 

presence in the BRIC countries. In Brazil, there are no prohibitions on foreign capital and thus 

the Brazilian non-life insurance market is the widest open to foreign investment of all 

countries. Foreign direct investment reached $2,472 million by the end of 2008 in that country. 

The ten largest non-life companies included four foreign insurers at the end of 2008. Although 

many restrictions on ownership, business scope, and geography have been abolished in China, 

the Chinese market for compulsory automobile insurance is not open to foreign firms, with the 

result being that foreign joint ventures account for less than 2% of market share.2 In India, the 

                                                        
1  In Russia, 98% of the insurance industry is non-life. There are a number of customer-related market entry 

barriers that significantly hamper the development of the Russian life insurance market, including mistrust, 
legislative barriers, and high inflation. See Filatov et al. (2009). 

2  Just like in other more developed markets, motor insurance is a door opener for selling other insurance 
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insurance market is open to the private sector, including foreign companies, but foreign firms 

have difficulty penetrating the market due to the fact that the current cap on foreign ownership 

in Indian insurance companies is 26%. Because of this restriction, none of the Indian insurers 

can be considered as “majority foreign-owned.” Despite the fact that Russia has not yet joined 

the WTO, foreign companies are starting to actively develop a regional presence. 

3. Literature Review and Methodology 

3.1. Literature Review 

The increasing globalization of the insurance industry in the early 1990s aroused an interest in 

studying insurance at the international level. This interest was intensified in the wake of a 

series of negotiations through the General Agreement on Tariffs and Trade (GATT, replaced by 

the World Trade Organization in 1995) regarding trade in insurance services. Much of the early 

research was devoted to macroeconomic studies of the relationship between insurance and 

economic development, especially in developed countries. Additionally, the evolution of the 

European Communities into the European Union in 1992 motivated a spate of productivity and 

efficiency comparisons among the EU member countries. 

Some of the early research studies the efficiency of international insurance markets and 

recognizes the importance of regulation in these markets. For example, Weiss (1991) employs 

a non-frontier approach to examine the productivity of property-liability insurers in the United 

States, Western Germany, Switzerland, France, and Japan from 1975 to 1987. She documents 

considerable diversity between the sample countries. Rai (1996) examines the cost efficiency 

of insurance companies in a sample of 11 developed countries, finding that inefficiencies vary 

by country, size, and specialization. Specifically, the author finds that small firms, compared to 

a worldwide average, are more cost efficient than large firms, and that firms writing both life 

and non-life insurance are less efficient than specialized firms. Katrishen and Scordis (1998) 

                                                                                                                                                                            
products. Thus, this restriction limits the market opportunities for foreign insurers in China, since customers 
tend to choose the same company for both noncompulsory and mandatory coverage. 
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investigate 93 multinational insurers in 15 developed countries for the period 1985 through 

1992 to discover if they achieve economies of scale. All studies show that there are significant 

differences in insurers’ efficiencies and productivities in the cross-country comparison.  

The number of efficiency studies comparing international insurance markets is relatively small 

compared to studies of other financial industries such as banking (e.g., Beck et al., 2000; 

Pastor, 2002; Ataullah et al., 2004; Lozano-Vivas and Pastor, 2006). Eling and Luhnen (2010b) 

survey 14 international insurance studies on efficiency conducted during the last 20 years that 

focused on the relationship between efficiency and market liberalization, mergers and 

acquisitions, and scale economies. The empirical evidence is consistent in finding that 

efficiency in developed countries is higher than that in emerging markets and that technical 

progress has had a positive impact on productivity and efficiency worldwide. Boonyasai et al. 

(2002) study efficiency and productivity in Asian insurance markets. Their results show 

increasing productivity in Korea and the Philippines due to deregulation and liberalization, but 

that liberalization has had little effect on productivity in Taiwan and Thailand.  

Klumpes (2007) provides additional information on how deregulation and consolidation 

impact the efficiency of financial services markets by analyzing the major European insurance 

markets. He finds that acquiring firms are more likely to benefit from efficiency gains 

associated with takeover activity than are the target firms, which is consistent with Fenn et al. 

(2008). Eling and Luhnen (2010a) find steady technical and cost efficiency growth in 

international insurance markets from 2002 to 2006 in their efficiency comparison of insurers 

from 36 countries. Bertoni and Croce (2011) investigate the drivers of productivity evolution of 

life insurance industries in five European countries (Germany, France, Italy, Spain and the 

U.K.). They find the productivity increase has been mostly due to innovation in best-practices, 

which is attributable to technological change.3 

                                                        
3  Not using efficiency analysis, but also related because of its international focus is the work by Oetzel and 

Banerjee (2008). Regarding 35 emerging countries they find that a gradual approach to deregulation may 
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To our knowledge there is no study that focuses on the insurance industry in the BRIC 

countries. Moreover, no study tries to incorporate uncontrollable variables in the analysis in 

order to distinguish managerial inefficiency and inefficiency due to environmental conditions. 

3.2. Methodology 

We use frontier efficiency analysis, which measures firm performance relative to the “best 

practice” frontier derived from the best firms in an industry. The concept of best practice 

frontier was first formulated by Farrell (1957). Two decades later, Charnes et al. (1978) 

presented a solution algorithm to measure it, which we now know as data envelopment analysis 

(DEA). Since then, several thousand applications of this technique have been presented in the 

literature (see, e.g., Cummins and Xie, 2008; Leverty and Grace, 2010; Mahlberg and Url, 

2010; Xie, 2010; for details on DEA, see Cooper et al., 2007). Frontier efficiency analysis 

techniques are considered superior to traditional financial ratio analysis, since, in measuring 

firm performance, they incorporate different variables in a single measure that controls for 

differences among firms in a multidimensional framework (see Cummins and Weiss, 2000). In 

this paper we use the DEA approach introduced by Charnes et al. (1978). Suppose there are N 

firms each producing K outputs while using M inputs. Farrell’s measure of input technical 

efficiency for the j th firm called decision making unit (DMU; 1, 2, ...j N ) is formulated as 

the following linear programming problem: 

minj jTE   

s.t.  j j jX x   

j jY y   

0( 1, 2,3...... )j j N   , 

where Y  is a K N  output matrix and X  is a M N  input matrix for all firms in the sample, 

                                                                                                                                                                            
produce more favorable outcomes in terms of firm performance; they also find no significant profitability 
differences between foreign and locally owned firms. 
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jy  is a 1K   output vector and jx  is a 1M   input vector for the j th firm, and j  is a 1N  

intensity vector for the j th DMU. We cannot directly compare efficiency scores of the four 

countries estimated by their own separate frontiers. Therefore, we examine a pooled frontier 

encompassing all BRIC non-life insurers together. We use a constant return to scale (CRS) 

DEA model on the pooled frontier and call it Model 1.4 

Model 1 (unadjusted) incorporates only the insurer’s controllable variables, implicitly 

assuming that all observed inefficiency is caused by poor management. This approach thus 

measures differences in insurer efficiency between the four countries without considering 

environmental conditions. Generally, management can control factors internal to the 

production process, whereas the impact by the environment, i.e., uncontrollable variables, is 

beyond its control. Thus Model 1 cannot compare the different insurance systems because it 

does not account for cross-country differences in regulations and economic conditions.  

Our aim is to separate the management component of inefficiency from the influence of the 

external environment when comparing management performance. We thus use a multi-stage 

DEA model, taking into account environmental variables together with the traditional variables 

of the unrestricted DEA model. A comparison between the two models will reveal whether 

country-specific environmental conditions have an influence on the efficiency scores. The 

multi-stage approach can be traced back to Fried et al. (1999), who introduce a four-stage 

model to measure the impact of uncontrollable variables on efficiency. An alternative 

three-stage model was introduced by Fried et al. (2002). The major difference between these 

two models is the functional form used in the second stage regression (for further details, see 

Yang and Pollitt, 2009). The four stages we use in this paper are as follows. 

                                                        
4  The constant return to scale (CRS) model is widely used in the insurance literature. CRS represents the optimal 

outcome from an economic perspective, i.e., CRS firms are not consuming unnecessary resources because 
they are too large or too small (Cummins et al., 1999). Yang and Pollitt (2009) argue that CRS might be more 
appropriate for the inclusion of uncontrolled variables, since the assumption of variable returns to scale (VRS) 
might screen out the effects of uncontrollable variables. Fried et al. (1999) and Fried et al. (2002), however, 
use VRS. Furthermore, we restrict our analysis to technical efficiency, but it is possible to extend the analysis 
to cost efficiency if appropriate input prices are available. 
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Stage 1 - Calculate efficiency scores using traditional inputs and outputs: In the first stage, 

a basic DEA model  is constructed using traditional inputs and outputs without considering the 

impact of uncontrollable variables. 

Stage 2 - Regress slack variables against uncontrollable variables: In the second stage, 

total input slacks from the first-stage DEA result are regressed against selected uncontrollable 

variables and so-called allowable input slacks can be estimated.5 The objective is to quantify 

the effect of external conditions on the excessive use of inputs. There are two functional forms 

used in the regression analysis of the second stage, Tobit slack regression and stochastic 

frontier analysis (SFA) slack regression (for a comparison of different second-stage regression 

approaches, including advantages and disadvantages, see Yang and Pollitt, 2009). These 

equation systems identify the variation in total by variable measures of inefficiency attributable 

to factors outside management’s control (see Fried et al., 1999). 

For the Tobit slack regression (we use this for our Model 2), the percentages of total input 

slacks6 are regressed against the uncontrollable variables using the Tobit regression with 

bootstrapping.7 In line with the M inputs, M input slack equations are specified as follows: 

);;( mm
j

m
mj ZfS   

m=1, 2, ……, M; j=1,2,….., N, 

where ( ) /mj mj m mjS x X x  are the percentages of total slacks from Stage 1 in the usage of 

the mth input for the jth DMU. jZ is the vector of uncontrollable variables for the jth DMU. 

m is a vector of coefficients; m is the statistical noise. 
                                                        
5  The allowable input slacks mean that a certain amount of input waste is acceptable because it is caused by an 

adverse external environment, not by managerial inefficiency. 
6  The magnitude of the total slacks might correlate with the size of inputs. Therefore, the total slacks are 

expressed as percentages both here and in Model-3 presented later. 
7  The use of Tobit models cannot resolve the problem that the DEA efficiency scores are dependent on each 

other. According to Simar and Wilson (2007), these scores are thus invalid, particular for making inferences. 
Bootstrap statistical techniques can be used instead of Tobit models to explain differences in efficiency. See 
Simar and Wilson (2007) for more detail. Note that we use bootstrapping only for this second-stage regression, 
not in the first-stage DEA. Boostrapping of efficiency scores is helpful when the sample size is extremely 
small, which is not the case here. See Biener and Eling (2011) for the use of first- and second-stage 
bootstrapping. 
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In the SFA slack regression (Model 3), the percentages of total input slacks are regressed 

against uncontrollable variables using SFA regression.8 For the mth input, 

mjmj
m

j
m

mj uvZfS  );(   

m=1, 2, ……, M; j=1,2,….., N, 

where mjS , jZ , m  all have the same notation as in Model 2. We then assume that mjv  

(normally distributed with zero mean and variance 2
vm ) reflects statistical noise and mju  

(half-normal distributed with variance 2
um ) reflects managerial inefficiency. Estimates of 

coefficients in the function make it possible to measure the contributions of different factors to 

the input slacks. In addition, the impact of statistical noise, which would be collected in a 

random error term in a regression-based evaluation of producer performance, is also 

considered. Hence,

m indicates the contribution of each uncontrollable variable, while 


mv

and 

mu explain the effects of statistical noise and managerial inefficiency. A value close to zero 

for )/( 222
vmumum

m    indicates that deviations from the frontier are entirely due to noise; 

a value close to one indicates that all deviations are due to managerial inefficiency. 

Stage 3 - Adjust the input values: In the third stage, the values of the inputs are adjusted by 

obtaining the slacks filtered for the impact of uncontrollable variables. Unfavorable external 

conditions mean that additional inputs are required to produce the same level of output so as to 

overcome the external disadvantage. Thus the inputs of those DMUs that have a favorable 

operating environment should be adjusted upwards based on the difference between maximum 

allowable slack and predicted slack. We make the adjustments to the inputs on an annual basis.  

For Model 2 (adjusted, Tobit), the general form of the adjusting equation is: 

                                                        
8  We need an assumption about the functional form of fm. Following prior studies, we assume a simple linear 

form. Note that we need SFA only for the second-stage regression and not for the determination of efficiency 
scores. See Yang and Pollitt (2009) for more details on the methodology. 
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1 [max { ( ; )} ( ; )]A m m m m
mj mj j j jx x f z f z 

  
   

 
 

m=1, 2, ……, M; j=1,2,….., N, 

where A
mjx and mjx are adjusted and original input data, respectively. The adjusted input values 

are the original input values plus a penalty depending on the environment. The penalty is 

determined by taking the least favorable environment across all insurers (given as the 

maximum across all insurers) minus the environment of insurer j. The predicted slack below 

the maximum predicted slack is thus attributable to external conditions that are more favorable 

than the least favorable conditions in the sample, resulting in an increase in the adjusted input. 

The insurers operating under very good conditions are thus penalized with higher adjusted 

inputs, which will, ceteris paribus, lower their efficiency.9 

In Model 3 (adjusted, SFA), the inputs of those DMUs that have relatively favorable operating 

environments again are adjusted upward. The general form of the adjusting equation is: 

1 [max { ( ; )} ( ; )] [max { } ]A m m m m
mj mj j j j j mj mjx x f z f z v v 

    
     

 
 

m=1, 2, ……, M; j=1,2,….., N, 

where A
mjx and mjx are adjusted and original input data, respectively. The first part of the 

penalty function is the same as in Model 2. The second part of the penalty function is 

determined as the maximum statistical noise across all insurers minus the statistical noise of 

insurer j. We thus have two adjustments in Model 3, one for the environment and one for 

statistical noise. 

Stage 4 - Calculate efficiency scores with the adjusted inputs: In the fourth stage, the DEA 

model is rerun using the adjusted input values. 

                                                        
9  The purpose of maximum predicted slack is to establish a base equal to the least favorable set of external 

conditions. A firm with external variables corresponding to this base level would no adjustments made to its 
input vector. A firm with external variables generating a lower level of predicted slack would have its input 
vector adjusted so as to put it on the same basis as the firm with the least favorable external environment. For 
more details, see Fried et al. (1999). 



WORKING PAPERS ON RISK MANAGEMENT AND INSURANCE, NO. 94 – NOVEMBER 2011 
 

 13

In summary, DMUs operating in relatively unfavorable environments are disadvantaged in the 

basic DEA model. Therefore, to objectively evaluate managerial inefficiency, the playing field 

needs to be leveled. The adjusted DEA model decomposes the input slacks and makes the best 

use of the information contained in the input slacks, as well as accommodate uncontrollable 

variables. An advantage of this multi-stage approach is that incorporates various uncontrollable 

variables without requiring a prior assumption or understanding as to their direction of 

influence on the efficiency scores (see Yang and Pollitt, 2009). 

4. Data and Sample 

4.1. Traditional (Controllable) Variables: Inputs and Outputs 

Similar to all service sectors, it is difficult to identify outputs and their measures in the 

insurance industry. Berger and Humphrey (1992) distinguish three alternative approaches to 

measuring outputs in the financial service industry: the asset (intermediation) approach, the 

user-cost approach, and the value-added approach. Cummins and Weiss (2000) argue that the 

value-added approach is the most appropriate for studying efficiency in the insurance industry, 

and specify three main services produced by insurers as outputs: risk pooling/bearing services, 

intermediation, and financial services related to incurred losses. The most common proxies 

used in the literature for risk pooling/bearing services are either premiums or the present value 

of real losses incurred. From a theoretical point of view real losses are the more appropriate 

proxy (for a theoretical derivation based on the Pratt-Arrow concept of the insurance premium, 

see Cummins and Weiss, 2000). However, like most international research on efficiency, we 

cannot use this measure due to data unavailability. We thus use premiums as a proxy for the risk 

pooling/bearing services.10 Invested assets are a good proxy for the intermediation function 

and often used in literature (see, e.g., Cummins et al., 1999; Berger et al., 2000). Both 

premiums and invested assets are highly correlated with the third function (financial services of 

                                                        
10  Cummins et al. (2010) compute efficiency scores using both premiums and present value of losses as output 

measures and find that the premium-based efficiency scores are highly correlated with the loss-based scores. 
They thus argue that basing output on premiums rather than on losses does not change the conclusions of the 
analysis. 
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the insurer), which is why, typically, the financial services function is not modeled as a separate 

output variable in efficiency studies (see, e.g., Eling and Luhnen, 2010b). We thus use net 

premium written（ 1y ）and the total invested assets（ 2y ）as two output variables. 

There is general agreement in the literature with regard to the choice of inputs. Accordingly, we 

use number of employees（
1X ）, equity capital（

2X ）, and debt capital（
3X ）. However, given 

that data on the number of people employed by insurers in BRIC are not publicly available, we 

use a proxy derived by dividing management expenses by the price of labor. This approach is 

used also in many other efficiency studies (e.g., Cummins et al., 2004). The price of labor is 

determined by using employee wages in the insurance (Brazil, India) or financial services 

(China, Russia) sector. The data are provided by the International Labor Organization (ILO; 

see http://laborsta.ilo.org/) and have been used in a variety of efficiency applications (see, e.g., 

Fenn et al., 2008). Regarding the second input, insurance firms are required to maintain capital 

both to guarantee promised payments to policyholders and to satisfy regulatory requirements. 

Financial capital is thus an important input in the insurance industry and capital costs represent 

a significant expense for insurers. This input is given by the “paid-in capital + capital surplus” 

figure from insurance company balance sheets. Our third input is based on the fact that insurers 

raise debt capital by issuing insurance policies and then “intermediate” this capital into 

invested assets. Debt capital is used as an input in numerous insurance studies (see, e.g., 

Leverty and Grace, 2010). This figure is obtained from the “net technical reserves” figure 

contained in insurance company balance sheets. 

4.2. Environmental (Uncontrollable) Variables 

The environmental variables we use include macroeconomic, regulatory, and insurance 

industry conditions that are important factors in demand and operational efficiency of non-life 

companies. All environmental variables are measured on a per-country basis, that is, these 

variables take the same value for each non-life insurer in each country. The selection of 

variables (see Table 2) is founded in the banking literature on the use of uncontrollable 
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variables (e.g., Dietsch and Lozano-Vivas, 2000; Lozano-Vivas et al., 2002; Fries and Taci, 

2005; Liu and Tone, 2008), but adapted to the insurance context. Furthermore, below we refer 

to papers that analyze factors that affect non-life insurance demand (e.g. Enz, 2000). 

1. Macroeconomic Variables 

(1) Growth of GDP (∆GDP) and per-capita GDP (PCG): These two indicators of economic 

activity are important drivers of non-life insurance demand (see Enz, 2000). 

(2) Total vehicles per 1,000 persons (VPP): Third-party liability is mandatory in all four BRIC 

countries, which is one of the reasons that the number of vehicles is an important driver of 

overall non-life insurance. A high value for VPP implies a high demand for auto insurance. 

(3) Consumer price index (CPI): The CPI reflects inflation, which has implications for many 

aspects of an general insurer’s operations, including the design of policy terms and conditions, 

pricing, reserving, asset/liability matching, risk management, and capital management (see 

Ravin and Fowlds, 2010). Moreover, the cost of claims may rise due to a fall in the value of 

money (see Qaiser, 2006). It is expected that the higher the CPI, the higher the inflation risk, 

which will incur more input and, thus, lower efficiency for non-life insurers. 

(4) Deposit interest rate (DIR): Changes in interest rate directly affect investment income of 

non-life insurers (see Qaiser, 2006). 

2. Regulatory Variables 

(1) Ratio of shareholder equity to assets (SEA): This ratio is used to identify differences in the 

regulatory requirements among countries. A higher SEA may be perceived as less risky (see 

Fries and Taci, 2005) since it reduces the insolvency probability. 

(2) Corruption perception index (CPIX): This index is provided by Transparency International 

(available at http://www.transparency.org). It ranges from 0 to 10, with 10 indicating the lowest 

level of corruption and 0 the highest. 

3. Insurance Industry Variables 

(1) Insurance density (ID): ID, expressed by per-capita premium, indicates how much each 

inhabitant of a country spends each year for insurance services and shows the extent of market 
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development. 

(2) Market concentration ratio (CRn): Bikker and Gorter (2008) investigate competition in the 

Dutch non-life insurance industry by measuring scale economies and X-inefficiency, assuming 

that strong competition forces insurance firms to exploit unused scale economies and push 

down inefficiencies. Thus, considering the empirical evidence relating competition and 

efficiency in the non-life insurance industry, we choose CRn as an environmental variable, 

defined as the sum of top nth firms’ market share of the non-life market, based on premium 

revenues, to indicate market competition, which is also used in many studies (see Cummins et 

al., 2004; Fenn et al, 2008). In our empirical tests, we consider CR4, i.e. the four largest firms. 

The database for our study consists of all non-life insurers operating in BRIC over the period 

2000–2008 that reported to the BRIC countries’ regulatory authorities. Some firms were 

eliminated from the sample because of extreme financial data such as zero or negative 

premiums. The final sample consists of 821 DMUs. The subsamples of BRIC countries, Brazil, 

Russia, India and China, consist of 427, 118, 62, and 214 DMUs, respectively, financial data 

for which are collected from the Bureau van Dijk ISIS database and official statistical 

yearbooks. Panel A of Table 2 presents an overview of the inputs, outputs, and environmental 

variables used in this analysis. Panel B of Table 2 shows summary statistics of the data set. For 

comparative purposes, all numbers were deflated to 2000 using the ILO consumer price indices 

and converted into U.S. dollars using the exchange rates published in China’s insurance 

yearbooks. Summary statistics indicate that the mean of outputs and inputs in India and China 

are all significantly higher than those in Brazil and Russia, which can be traced back to the 

lower number of insurers and the high market concentration in India and China. 

Table 2. Sample of BRIC Non-Life Insurers 
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Panel A: Overview of Controllable and Uncontrollable Variables 
Index Variables Proxy 

Controllable 
variables 

Inputs 
x1 Number of employees (in 1,000s) 
x2 Paid-in capital and capital surplus (mil USD) 
x3 Net technical reserves (mil USD) 

 Outputs 
y1 Net premium written (mil USD) 
y2 Total invested assets (mil USD) 

Uncontrollable 
variables 

Macro- 
economy 

∆GDP Growth of GDP (%) 
PCG Per-capita GDP (USD) 
VPP Total vehicles per 1,000 persons (unit) 
CPI Consumer price index (year 2000 = 100) 
DIR Deposit interest rate (%) 

 Regulation 
SEA Ratio of shareholder equity to assets 
CPIX Corruption perception index 

 
Insurance 
industry 

ID Per-capita premium (USD) 
CR4 Ratio of market concentration 

Panel B: Summary Statistics for Variables 

Variables 
Brazil Russia 

Mean St Dev. Min. Max. Mean St Dev. Min. Max. 
x1 2.87 4.35 0.00 29.95 1.71 3.72 0.00 21.94 
x2 92.49 479.98 0.01 9596.36 16.01 19.27 0.61 99.19 
x3 161.15 423.08 0.00 4474.30 52.99 81.32 0.01 372.31 
y1 134.19 209.48 0.00 1374.87 66.37 105.12 0.05 503.08 
y2 275.94 800.75 0.00 9219.10 40.17 59.42 0.03 250.16 

∆GDP 0.04 0.02 0.01 0.06 0.07 0.01 0.05 0.10 
PCG 4323.89 1507.45 2790.00 7350.00 5220.85 2226.16 1710.00 9620.00 
VPP 175.94 36.38 121.00 230.00 201.40 38.89 124.00 260.00 
CPI 140.24 23.81 100.00 172.80 202.52 41.06 100.00 272.50 
DIR 16.02 3.56 10.58 22.00 4.59 0.69 3.80 6.51 
SEA 0.37 0.01 0.35 0.39 0.37 0.04 0.27 0.44 
CPIX 3.73 0.24 3.30 4.00 2.54 0.18 2.10 2.80 

ID 74.65 28.22 45.00 129.10 135.81 64.66 22.30 268.10 
CR4 0.59 0.03 0.54 0.64 0.15 0.01 0.14 0.16 

Variables 
India China 

Mean St Dev. Min. Max. Mean St Dev. Min. Max. 
x1 54.80 40.95 0.40 147.30 35.59 95.72 0.04 769.95 
x2 377.51 571.92 8.55 2151.49 166.79 352.77 2.03 2412.26 
x3 713.83 456.46 10.67 1871.56 588.75 1707.10 0.15 13108.45 
y1 405.37 278.06 13.55 1259.90 630.94 1672.54 0.12 10085.99 
y2 1314.90 1186.18 21.48 4440.40 708.34 1922.62 0.00 16130.80 

∆GDP 0.08 0.02 0.04 0.10 0.10 0.02 0.08 0.13 
PCG 698.71 204.41 450.00 1070.00 1915.25 793.16 900.00 3236.00 
VPP 13.70 2.89 9.30 18.60 24.07 7.37 11.23 33.00 
CPI 120.54 13.58 100.00 147.50 107.48 5.74 100.00 114.90 
DIR 7.44 0.22 7.10 8.00 2.89 0.88 2.00 4.14 
SEA 0.40 0.09 0.24 0.55 0.50 0.04 0.45 0.57 
CPIX 3.02 0.31 2.70 3.50 3.41 0.15 3.10 3.60 

ID 4.30 1.35 2.30 6.20 18.11 9.40 5.70 33.70 
CR4 0.77 0.07 0.67 0.89 0.86 0.08 0.76 0.97 
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5. Empirical Results  

Stage 1: DEA Without Adjustment 

We first apply Model 1 to estimate the efficiency scores of all the BRIC insurers together (see 

Table 3). The result shows that Brazilian insurers are more technically efficient than insurers in 

the other three countries. China’s efficiency score is the lowest. We conclude that if all non-life 

insurers in BRIC operated under the same environmental conditions, Brazilian insurers would 

operate more efficiently than insurers in Russia, India, and China. 

Table 3. Summary Statistics of Efficiency Scores 

 Model 1 

 Brazil Russia India China 

Mean 0.5811 0.5272 0.4689 0.4220 
Std. Deviation 0.2401 0.3005 0.3730 0.2755 

Skewness 0.5066 0.5034 0.5046 0.7302 
Kurtosis -0.8941 -1.2213 -1.5690 -0.4478 
Minimum 0.1363 0.1306 0.0602 0.0032 

25th percentile 0.3965 0.2864 0.1318 0.1940 
Median 0.5174 0.4117 0.2643 0.3681 

75th percentile 0.7604 0.8032 0.9851 0.5818 
Maximum 1.0000 1.0000 1.0000 1.0000 

 Model 2 Model 3 

 Brazil Russia India China Brazil Russia India China 

Mean 0.5798 0.5277 0.4914 0.4545 0.7650 0.6791 0.5755 0.5768 
Std. Deviation 0.2412 0.2969 0.3615 0.2800 0.1663 0.2327 0.3241 0.2530 

Skewness 0.5092 0.5201 0.4484 0.6139 -0.2684 0.0053 0.2971 -0.0125 
Kurtosis -0.9020 -1.1719 -1.5950 -0.7193 -0.5765 -1.2337 -1.7059 -0.9712 
Minimum 0.1446 0.1290 0.0659 0.0036 0.2482 0.2640 0.1322 0.0073 

25th percentile 0.3927 0.2780 0.1631 0.2221 0.6479 0.5037 0.2606 0.3617 
Median 0.5172 0.4199 0.3077 0.3892 0.7579 0.6500 0.4307 0.5779 

75th percentile 0.7547 0.8022 0.9829 0.6225 0.9097 0.9082 0.9950 0.7733 
Maximum 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 

Rank-Sum Test 
-0.106 -0.121 -0.963 -1.371 -11.790

***
-4.455

***
-2.685

***
-6.266

***

T-Test 
0.075 -0.014 -0.341 -1.211 -13.015

***
-4.342

***
-1.698

*
-6.054

***
Note: *** (**, *) represents significance at the 1% (5%, 10%) level. Rank-Sum Test and T-Test for differences of 
efficiencies estimated by Model 1 and Model 2 (left) and Model 1 and Model 3 (right), respectively. 

The Model 1 efficiency estimates do not consider differences in the environmental conditions, 

an omission that might lead to erroneous conclusions regarding the managerial efficiency of 

the DMUs. We apply Models 2 and 3 to incorporate environmental variables into the DEA, and 

then evaluate the pure efficiency of management after eliminating the impact of environmental 
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conditions. We first present the results for the second- and third-stage adjustment and then 

return to Table 3 in a discussion of the adjusted efficiency results. 

Stage 2: Alternative 1—Using Model 2 to Quantify Environmental Effects 

Based on the Tobit regression technique with bootstrapping, the estimated coefficients of the 

slack regressions are listed in Table 4. The result shows that environmental variables have a 

significant impact on the DEA slacks. The macroeconomic variables ∆GDP, PCG, CPI, and 

DIR all have a positive influence on the input slacks and can thus be classified as adverse 

environmental factors. VPP has a negative coefficient, which shows that a country with a high 

level of VPP has favorable environmental conditions. The coefficients of SEA indicate that 

firms with higher solvency have higher input slacks. ID has a negative influence on the input 

slacks, demonstrating that the higher the ID, the higher the efficiency. 

Table 4. Estimation Results of Models 2 and 3 

 Model 2 Model 3 

Slack 1 Slack 2 Slack 3 Slack 1 Slack 2 Slack 3 

Constant -0.7007** -0.6547** -0.8379*** 0.1833 0.1924 -0.1630
(0.2829) (0.2654) (0.2592) (0.1384) (0.1462) (0.1339)

∆GDP 3.7708*** 3.9722*** 4.0578*** 1.8554*** 2.2562*** 2.6826***
(0.8462) (0.8403) (0.8065) (0.5606) (0.5792) (0.5495)

PCG 0.00015*** 0.00014*** 0.00013*** 0.00011*** 0.00012*** 0.00009***
(0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)

VPP -0.00199*** -0.00213*** -0.00175*** -0.00156*** -0.00189*** -0.00138***
(0.0006) (0.0006) (0.0006) (0.0004) (0.0004) (0.0004)

CPI 0.0057*** 0.0051*** 0.0061*** 0.0056*** 0.0048*** 0.0067***
(0.0014) (0.0013) (0.0012) (0.0008) (0.0008) (0.0008)

DIR 0.0281*** 0.0283*** 0.0266*** 0.0122*** 0.0158*** 0.0171***
(0.0061) (0.0059) (0.0061) (0.0035) (0.0036) (0.0034)

SEA 1.3632*** 1.0948*** 1.0119*** 0.6078*** 0.6272*** 0.6191***
(0.3101) (0.2840) (0.2789) (0.1925) (0.1921) (0.1840)

CPIX -0.1314* -0.0866 -0.0597 -0.0991*** -0.0828** -0.0610*
(0.0694) (0.0641) (0.0664) (0.0360) (0.0379) (0.0353)

ID -0.0068*** -0.0058*** -0.0063*** -0.0065*** -0.0059*** -0.0067***
(0.0013) (0.0013) (0.0012) (0.0008) (0.0008) (0.0008)

CR4 -0.1000 -0.1752 -0.1595 -0.1273* -0.2313*** -0.1708***
(0.1353) (0.1265) (0.1291) (0.0703) (0.0701) (0.0647)

Log likelihood 
function 

-298.5719 -265.8605 -269.3807 25.4011 43.1369 47.1347 

Wald chi2(9) 236.4 181.02 202.68 285.16 261.34 308.18 
Sigma_v - - - 0.0804 0.0771 0.0680 
Sigma_u - - - 0.3996 0.3924 0.3994 
γm - - - 0.9611 0.9629 0.9718 
Note: *** (**, *) represents significance at 1% (5%, 10%) level; the numbers in parentheses are standard deviations. 
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Stage 2: Alternative 2—Using Model 3 to Quantify Environmental Effects 

Based on the SFA slacks regressions, total input slacks are decomposed into three parts: those 

attributable to uncontrollable environmental impacts, those attributable to management 

inefficiency, and those attributable to statistical noise. The stochastic slack frontier constructed 

here can be interpreted as the minimum slacks that can be achieved in a noisy environment. 

The stochastic frontier estimation results are summarized in Table 4. The table reveals that the 

estimated value of   in the SFA regression for the three inputs slacks is very close to one, 

indicating that the hypothesis that   is equal to zero can be rejected for all three input slacks. 

Therefore, both tests disclose that managerial inefficiency actually exerts a significant impact 

on the usage of these three inputs. The results for   thus indicate that the SFA regression is an 

appropriate model in our context. Nevertheless, we include both Models 2 and 3 for the sake of 

robustness and to compare the model results. It can be seen that the sign and significance of the 

coefficients in Model 3 are fairly consistent with those of Model 2, except that the variables 

CPIX and CR4 have a significantly positive impact on the improvement of technical efficiency 

(indicated by a negative coefficient), which again demonstrates the important impact of the 

operating environment on input slacks. 

Stage 3: Adjusting the Input Data 

Based on the results in Table 4, the input data are adjusted according to Models 2 and 3. The 

summary statistics of the input data after adjustment are presented in Table 5. In the Table we 

also present the percentage increase of inputs by comparing Model 2 and Model 1 and Model 3 

and Model 1 respectively (column “adjustment”). According to the equations presented in 

Section 3.2, a small (large) difference between the adjusted data and the input data indicates a 

bad (good) environment. Comparing the adjusted data with the original data in Model-2, we 

see the smallest increase in inputs for India and the largest increase for Brazil. We thus 

conclude that India has the worst environment of the BRIC countries and Brazil the best. 
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Russia has the second best, and China the third best environment regarding the changes in the 

input values. 

Table 5. Summary Statistics of Adjusted Input Data 

Varia- Mean St Dev. Min. Max. Adjustment Mean St Dev. Min. Max. Adjustment 

bles Panel A: Adjusted Input Data (Model 2) 

 Brazil     Russia     

x1 4.299 6.581 0.000 43.538 49.78% 2.468 5.286 0.001 30.255 44.35% 

x2 127.080 629.299 0.016 12533.894 37.40% 22.399 27.390 0.766 127.986 39.90% 

x3 228.970 620.743 0.001 7244.807 42.09% 72.950 111.476 0.016 497.242 37.67% 

 India     China     

x1 71.175 53.107 0.405 185.275 29.88% 46.278 129.900 0.053 1007.176 30.03% 

x2 432.807 617.608 13.945 2309.114 14.65% 204.854 436.561 2.725 2667.995 22.82% 

x3 903.018 545.321 14.715 2030.284 26.50% 754.383 2257.563 0.203 18938.412 28.13% 

 Panel B: Adjusted Input Data (Model 3) 

 Brazil     Russia     

x1 6.466 10.354 0.001 73.389 125.30% 3.468 7.811 0.002 60.076 102.79% 

x2 225.758 1452.088 0.029 29513.507 144.09% 35.586 43.558 1.233 181.183 122.27% 

x3 352.248 1047.002 0.001 12591.635 118.58% 123.869 205.142 0.041 1156.979 133.76% 

 India     China     

x1 117.097 92.859 1.400 304.572 113.68% 77.351 214.013 0.071 1474.621 117.34% 

x2 707.220 1157.565 24.918 6217.615 87.34% 341.738 739.983 3.041 4709.284 104.89% 

x3 1637.449 1307.533 16.575 6264.466 129.39% 1317.680 4245.217 0.459 39332.426 123.81% 

The results are more complex to interpret when considering Model 3 since we have an 

adjustment for the environment here as well as an adjustment for the statistical noise (see 

formula for adjusted inputs with the SFA model). Two important aspects can be observed here. 

The first one is that the adjustment due to the statistical noise can be quite substantial since the 

increase inputs for Model 3 are much higher than the increase in inputs for Model 2 (for Model 

3 they range from 87.34% to 144.09% while for Model 2 they range from 14.65% to 49.78%). 

The second important aspect is that the cross-country variations in the adjustments are not as 

clear as those for Model 2. For example, in Model 2 we observed the smallest increase in inputs 

for India. In Model 3, the increase in Indian inputs is still the smallest for x2, while for x3 the 

adjustment for India is the second-largest one in the sample.  

Stage 4: DEA Using Adjusted Data 

Using the adjusted data, we rerun the first stage of the DEA model. Summary statistics of the 

efficiency scores resulting from the multi-stage model are presented in Table 3. Compared with 



WORKING PAPERS ON RISK MANAGEMENT AND INSURANCE, NO. 94 – NOVEMBER 2011 
 

 22

the results of Model 1, the efficiency ranks of BRIC non-life insurance industries in Model 2 

are not significantly different, but those in Model 3 show significant change based on various 

parametric and nonparametric significance tests.11 Considering that Model 3 can differentiate 

between managerial inefficiency and statistical noise and also provides a better explanation of 

DMU inefficiency, it is the preferred model. After using Model 3 to adjust the inputs based on 

the different environmental conditions in the different countries, Indian insurers are shown to 

be less efficient than the other BRIC insurers. Brazil continues to have the most efficient 

non-life insurance industry; Russia and China rank second and third, respectively. We thus see 

significant changes in the efficiency values and ranking of insurers after controlling for 

environmental variables and statistical noise, meaning that country-specific environmental 

conditions do, indeed, have a strong influence on the efficiency of each country’s insurance 

industry. These results again emphasizes that it is important to both account for the 

environment and for the statistical noise in the data. 

Development of Efficiency Over Time and Consistency of Efficiency Scores 

In this section, we focus on the development of efficiency over time. The efficiency analysis is 

conducted separately for every year. Figure 1 presents the efficiency results per year for the 

total sample (results for individual countries are available upon request). The results show, on 

average, a decrease in efficiency over time, for which we posit two explanations, one of a 

purely technical nature, the other of an economic nature. The purely technical reason for the 

decrease in efficiency over time is the increasing sample size in our estimation. Differences in 

sample size lead to differences in efficiency scores, with smaller samples receiving, on 

average, higher efficiency scores (see Zhang and Bartles, 1998). The second explanation has to 

do with the economic development of the markets under investigation. Our sample markets 

experienced a massive increase in size, presenting the opportunity for a great deal of premium 
                                                        
11  We consider the two-sample median standard t-test as a parametric approach and the Wilcoxon rank-sum test 

as a nonparametric approach. Other nonparametric tests included in our analysis as robustness tests are the 
Kruskall-Wallis chi-square test and the Van der Waerden test. 
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growth without the need to worry overmuch about efficiency. We thus believe that there are 

plausible reasons for the average decrease in efficiency observable in these countries, as 

illustrated by Figure 1. 

Figure 1: Efficiency Over Time 

 

To further investigate this theory about BRIC market development and separate the technical 

effect (differences in sample size) from the economic effects, we analyze total factor 

productivity growth. We follow Cummins and Rubio-Misas (2006) and analyze both a sample 

of firms present in each adjacent two-year period (Table 6) and a smaller, more balanced panel 

of firms present in all years (see Table A1 in the Appendix). We consider change in total factor 

productivity (∆TFP), which can be decomposed into two principal sources (Luhnen, 2009): 

technical change (TC), which is a shift in the production frontier between two periods (due to 

an improvement in the production technology), and technical efficiency change (TEC), defined 

as a change in a firm’s distance from the efficient frontier between two periods. We use the 

reciprocal of the original index defined by Färe and Grosskopf (1996) so that values >1 (<1) 

indicate productivity growth (decline). 

Looking at the results for the total sample (see Table 6), we see an increase in total factor 

productivity of 6% (Model 3) to 11% (Model 2) depending on which model is considered. We 

see both an increase in technical change and in technical efficiency change, that is, production 

technology has been improved, but also the firms’ distance from the frontier has decreased. We 
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also see, however, large differences in the Model 3 results across the four BRIC countries. The 

highest factor productivity growth is observed in Brazil (9% in Model 3), whereas China show 

negative growth. In this country, we find that a technical change of -2%, but the distance of the 

firms from the best companies in the industry is increased by 1%. 

Table 6. Total Factor Productivity (Firms Present in Each Adjacent Two-Year Period) 
Model Year Brazil Russia India China Total Sample 

  TEC TC ∆TFP TEC TC ∆TFP TEC TC ∆TFP TEC TC ∆TFP TEC TC ∆TFP

Model 1 2000/2001 1.04 0.89 0.95 0.76 1.00 0.82 0.90 0.87 0.79 1.84 0.69 1.16 1.24 0.84 0.99 

2001/2002 1.16 0.99 1.14 0.96 0.79 0.76 0.98 0.85 0.85 1.14 0.92 1.03 1.13 0.95 1.07 

2002/2003 0.99 1.34 1.33 1.36 1.39 1.90 0.98 0.98 0.96 0.86 1.18 1.01 1.00 1.28 1.29 

2003/2004 1.17 0.89 1.04 1.03 0.85 0.87 1.01 1.01 1.01 1.10 1.04 1.15 1.12 0.92 1.03 

2004/2005 0.89 1.23 1.06 1.01 1.21 1.20 1.01 1.17 1.14 0.89 1.11 1.00 0.92 1.20 1.07 

2005/2006 1.11 1.09 1.21 1.00 1.04 1.07 1.23 1.12 1.54 0.99 1.02 1.01 1.07 1.07 1.17 

2006/2007 1.09 1.01 1.07 1.05 0.99 1.06 1.08 0.98 1.05 0.85 1.00 0.85 1.02 1.00 1.02 

2007/2008 1.09 0.95 1.03 1.23 0.97 1.19 1.31 0.95 1.08 1.01 0.89 0.88 1.08 0.93 0.99 

2000/2008 1.06 1.06 1.11 1.06 1.03 1.12 1.07 1.01 1.08 1.06 0.97 0.99 1.07 1.02 1.08 

Model 2 2000/2001 1.03 0.85 0.89 0.69 0.91 0.68 0.89 0.85 0.76 1.64 0.70 1.06 1.17 0.81 0.92 

2001/2002 1.16 1.05 1.20 0.89 0.85 0.75 0.98 0.93 0.92 1.12 0.95 1.05 1.12 1.00 1.11 

2002/2003 0.98 1.50 1.47 1.40 1.56 2.17 0.96 1.12 1.08 0.82 1.29 1.05 0.98 1.43 1.42 

2003/2004 1.18 0.88 1.05 1.02 0.84 0.86 1.08 1.03 1.10 1.11 1.06 1.18 1.13 0.93 1.05 

2004/2005 0.89 1.25 1.07 1.03 1.23 1.25 1.06 1.17 1.21 0.92 1.12 1.06 0.93 1.21 1.10 

2005/2006 1.06 1.15 1.22 1.06 1.15 1.23 1.28 1.26 1.73 1.13 1.05 1.18 1.10 1.13 1.26 

2006/2007 1.07 0.99 1.04 1.05 0.97 1.03 1.01 0.95 0.95 0.84 0.98 0.84 1.01 0.98 0.98 

2007/2008 1.10 1.00 1.09 1.18 1.04 1.21 1.31 1.00 1.11 0.94 0.94 0.87 1.06 0.98 1.02 

2000/2008 1.05 1.09 1.13 1.07 1.07 1.16 1.07 1.05 1.14 1.05 1.00 1.02 1.06 1.06 1.11 

Model 3 2000/2001 1.01 0.89 0.91 0.89 1.03 0.96 0.96 0.88 0.85 1.50 0.69 0.96 1.14 0.84 0.92 

2001/2002 1.07 1.03 1.10 0.98 0.84 0.82 1.00 0.85 0.85 1.07 0.93 0.99 1.06 0.97 1.03 

2002/2003 1.03 1.44 1.48 1.13 1.39 1.59 1.04 1.25 1.30 0.93 1.38 1.29 1.02 1.41 1.43 

2003/2004 1.11 0.91 1.01 1.01 0.87 0.87 0.97 0.99 0.96 1.02 1.04 1.06 1.06 0.94 1.00 

2004/2005 0.93 1.19 1.08 1.02 1.14 1.15 1.05 1.04 1.07 0.92 1.00 0.93 0.95 1.14 1.06 

2005/2006 1.06 1.08 1.15 0.92 1.02 0.95 1.09 1.09 1.26 0.93 1.02 0.94 1.01 1.06 1.07 

2006/2007 1.03 1.02 1.03 1.04 1.01 1.06 1.07 0.99 1.06 0.84 1.02 0.86 1.00 1.01 1.00 

2007/2008 1.01 0.94 0.94 1.18 0.95 1.11 1.19 0.95 1.01 0.99 0.87 0.84 1.02 0.92 0.92 

2000/2008 1.03 1.07 1.09 1.03 1.03 1.06 1.05 1.01 1.06 1.01 0.98 0.96 1.03 1.03 1.06 

Note: TEC: technical efficiency change, TC: technical change, ∆TFP: total factor productivity change. 

For the smaller balanced panel of firms present in all years (Appendix A), the growth numbers 

are in general smaller. It thus seems that efficiency improvements are especially due to new 

market entries that have increased average efficiency levels. One might argue that the entry of 

new market participants improved the production technology. Given that the sample period 

occurs during a time of increasing market entry by foreign market participants, it could be that 

foreign insurers helped increase efficiency. On a country level, the finding that the growth 
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numbers are smaller applies only to Brazil and India; for Russia and China, the growth 

numbers are higher. Thus, whether new market entry is chiefly responsible for efficiency 

improvements appears to be country-specific. 

Bauer et al. (1998) present consistency conditions for efficiency scores, i.e., the efficiency 

estimates should be consistent in their efficiency levels, rankings, identification of best and 

worst firms, over time, and with standard non-frontier measures of performance. The 

consistency of our different models and over time can be judged by reference to Figure 1. For 

consistency in identification of best and worst firms, we calculated rank correlation between 

the three models and always found values higher than 0.95. To measure consistency of standard 

non-frontier measures of performance, we compared our efficiency scores with the return on 

equity and found a positive significant relationship as documented also by Leverty and Grace 

(2010). We thus conclude that our efficiency estimates fulfill the consistency conditions set by 

Bauer et al. (1998). 

6. Regression of Firm Characteristics on Efficiency Scores 

To discover the factors that impact the efficiency of insurers in BRIC, we employ regression 

analyses and investigate the relationships between firm characteristics and efficiency scores. 

To control for firm characteristics in the regressions, we consider four major financial indices 

for size, profitability, steadiness, and solvency. Efficiency scores are treated as dependent 

variables obtained from Models 1 to 3. As the scores are bounded, the use of a limited 

dependent variable (Tobit) model is required. Definitions of the explanatory variables are given 

in Table 7. Note that all variables included in the regression are on a firm level, while in Section 

5 SEA is included at the country level. 12 

 

                                                        
12  An extended regression including 13 different indicators on scale, profitability, steadiness, and solvency is 

available upon request. For clarity of presentation, we consider only one indicator from each group in this 
analysis. Furthermore, we do not add country level variables such as the level of competition here, since we do 
not want to mix environmental influences (filtered in Section 5) and firm influences (considered here). 
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Table 7. Definitions and Descriptive Statistics of the Independent Variables 

Index Variables Definition 
Brazil Russia India China 

Mean St Dev. Mean St Dev. Mean St Dev. Mean St Dev.

Size TA 
LN (total assets 

(mil USD)) 
6.33 7.25 5.31 5.62 7.70 7.62 7.25 8.22 

Profitability ROE return on equity 0.14 0.30 0.14 0.24 0.07 0.06 -0.07 0.33 

Steadiness CPP 
ratio of claims 

paid to premiums 
0.55 0.29 0.41 0.20 0.63 0.19 0.49 0.79 

Solvency SEA 
ratio of equity 
capital to total 

assets 
0.37 0.18 0.37 0.17 0.40 0.15 0.47 0.26 

Table 8 shows results of the truncated regression analysis. As we use the Shephard (1970) 

input-oriented distance functions as dependent variables in the regression, which are bounded 

between unity and infinity, a negative coefficient indicates a positive impact on efficiency. As 

proposed by Simar and Wilson (2007), we estimate bootstrap intervals based on 2,000 

bootstrap estimates for each coefficient. Upper and lower bounds for the 95% confidence 

interval (CI) are displayed in the last two columns of Table 8. We present the results for the 

original efficiency scores (before adjustment, Panel A), the efficiency scores using the Tobit 

adjustment (Panel B), and the efficiency scores using the SFA adjustment (Panel C). 

Table 8. Regression Results 

Variable Coefficient St. Error P-Value 5% 95% 

 Panel A:  Model 1 Original data   

TA 3.50 5.81 0.55 -7.89 14.88 

ROE -140.02 76.60 0.07 -290.15 10.10 

CPP 53.68 30.97 0.08 -7.02 114.37 

SEA 395.84 224.50 0.08 -44.18 835.86 

 Panel B:  Model 2 Adjusted data Tobit  

TA -0.17 4.98 0.97 -9.94 9.59 

ROE -109.85 70.12 0.12 -247.29 27.59 

CPP 46.17 27.63 0.10 -7.99 100.33 

SEA 312.66 204.94 0.13 -89.03 714.34 

 Panel C:  Model 3 Adjusted data SFA  

TA 1.83 2.84 0.52 -3.74 7.40 

ROE -70.05 31.50 0.03 -131.78 -8.32 

CPP 24.46 13.72 0.08 -2.42 51.34 

SEA 199.73 94.05 0.03 15.40 384.06 

The results are consistent for all three models, but the effects show up most clearly in Panel C 

(in the sense that the p-values are smallest). For size, as measured by total assets (TA), the 

estimator is always insignificant. We thus cannot document significant size effects on 

efficiency in our sample. For profitability, here measured by return on equity (ROE), we see a 
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negative sign. This indicates a positive relation between return on equity and efficiency, i.e., 

the higher the ROE, the higher the efficiency. For steadiness (measured by the ratio of claims 

paid to premiums), we have a positive sign and thus a negative correlation with efficiency. The 

higher the ratio of claims paid to premiums, the lower the efficiency. Finally, we find a positive 

sign of solvency—measured by equity to total assets (SEA)—which indicates that companies 

with a high safety level on average receive lower efficiency scores (confirming the positive 

influence of SEA on input slacks documented in Table 4). All findings are also confirmed by 

Model 1. In Model 2, the sign of all coefficients is the same, but the p-values of the significant 

variables are slightly above 10%. 

The results indicate that size expansion is not helpful in improving efficiency in the BRIC 

countries. Insurers should thus pay more attention to profitability and steadiness, and less to 

size expansion. Although a cautious strategy represented by high solvency cannot improve 

firm efficiency, sustainable and sound development (focusing on profitability and steadiness) 

will contribute to efficiency improvement. More research is necessary to evaluate the drivers 

for efficiency in the emerging countries. An example might be to analyze the role of economies 

of scale using alternative methodologies (see, e.g., Cummins et al., 2010), which goes beyond 

the scope of this paper. 

7. Conclusions 

Over the last 20 years many efficiency studies on the insurance industry have been published. 

However, due to the difficulty of gathering reliable data and the existence of different operating 

environments, the geographic scope of these studies is limited to certain countries or regions. 

This study contributes to the field by providing new information on technical efficiency for 

insurance companies in the BRIC countries for the period 2000 to 2008. 

We use the input-oriented DEA model to obtain efficiency scores. Considering that each of the 

BRIC countries has a substantially different environment for its non-life insurance industry, we 
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cannot imitate traditional studies and use only controllable variables as this would implicitly 

assume that all DMU the inefficiency is caused by poor management and that all DMUs 

operate under common environmental conditions. Therefore, to draw a meaningful comparison 

among BRIC non-life insurers, this paper adopts a “multi-stage” DEA model, obtaining slacks 

filtered for the impact of uncontrollable variables by regressions, and adjusting the values of 

primary inputs by using Tobit regressions and stochastic frontier analysis slack regressions to 

eliminate the impact of different environmental conditions. 

The results show that directly comparing efficiency in the four countries by setting a pooled 

frontier with all the DMUs together is not appropriate. Our results imply that country-specific 

environmental conditions have a strong influence on a country’s insurance industry. After 

eliminating the impact of environmental conditions and statistical noise, i.e. solely considering 

management practices and the technology level of the firms, we obtain the result that Indian 

insurers are less efficient than other BRIC insurers. Brazil has the most efficient non-life 

insurance industry, with Russia and China second and third, respectively. The efficiency results 

thus significantly depend on the adjustments made for environmental factors, perhaps partly 

explaining the reasons for differences in efficiency found in the BRIC non-life industry. 

Finally, we investigate the relationship between efficiency scores and firm-specific features in 

BRIC using a limited dependent variable (Tobit) model to explore the appropriateness of our 

independent variable choices and test these against the regression results. We find that three 

firm-level factors—return on equity, ratio of claims paid to premiums, and ratio of equity 

capital to total assets—have significant explanatory power for technical efficiency. 

The analysis presented here can be extended in several directions. For example, other types of 

efficiency (e.g., cost efficiency, revenue efficiency) or other specifications of the DEA model 

(e.g., variable returns to scale) could be investigated. The adjustment used in this paper could 

be compared with other methods used to account for environmental effects, such as, for 
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example, the conditional mean approach that has been used in stochastic frontier analysis. 

Other environmental factors could be added to the analysis, for example, cultural differences in 

the form of insurance consciousness and illiteracy, other sociocultural variables (see Park et al., 

2002) or also data on natural and man-made catastrophes (Park, 2011). It might also be very 

interesting to study the role of state-ownership for BRIC insurers. 

The analysis could be extended to other countries. For example, future research might compare 

the influence of environmental variables in the increasingly converging European insurance 

markets. Alternatively more developed insurance markets could be added to the BRIC sample 

analyzed here; for example, the U.S. could be included as a benchmark country. In this context, 

it would also be interesting to analyze efficiency changes over time and how these depend on 

the development of the political and economic environment. Overall, the analysis presented 

here should provide a motivation for future research on environmental factors and efficiency. 
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