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This paper evaluates the operational practices by African insurance companies from Angola and 
Mozambique, using a finite mixture model that allows controlling for unobserved heterogeneity. More 
precisely, a stochastic frontier latent class model is adopted in this research to estimate the cost frontiers for 
each of the different technologies embedded in this heterogeneity. This model not only enables the 
identification of different groups of African insurance companies from Angola and Mozambique, but it also 
permits the analysis of their cost efficiency. The results indicate the existence of three different technology 
groups in the sample, suggesting the need for different business strategies. The policy implications are also 
derived. 
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1 Introduction 
This study paper aims to contribute to the literature by analysing the efficiency of a sample of 
African insurance companies from Angola and Mozambique, as internalisation is a growing trend 
in this sector (Outreville, 2008). In particular, panel data from 2002-2012 is used to analyse the 
cost efficiency frontier of the insurance industry in these countries, as well as the different 
production technologies embedded within them. Traditionally, there are two major approaches to 
estimating efficiency levels with respect to productive frontiers: the parametric (stochastic frontier 
model - SFA) and the non-parametric approach (Data Envelopment Analysis - DEA). While the 
former is based on econometric techniques and has to specify a functional form for production 
technology, the latter does not demand the a priori use of a functional form. It is also capable of 
handling multiple outputs. The non-parametric approach, however, presents some restrictions, 
such as the vulnerability noted in its outcomes, which are a result of deviant observations. 

More precisely, the contributions of this research to the current body of knowledge on 
productive efficiency in the insurance sector are threefold. 

First, this research fills a gap in the literature by analysing insurance companies in Angola and 
Mozambique, because, to the best of our knowledge, no papers have been published on this 
subject. On the one hand, the relevance of filling this gap in the literature is based on the 
importance of these two countries in the world economy. According to Grande and Teixeira 
(2012), an analysis by The Economist (2011) finds that, over the last decade, no fewer than six of 
the world’s ten fastest-growing economies are in sub-Saharan Africa, including Angola, which is 
ranked in first place, and Mozambique, which is ranked eighth. On the other hand, this literature 
gap contrasts with already published research on insurance companies in other African countries 
(Munro & Snyman, 1995; Giesbert, Steiner & Bending, 2011; Uche, 1999; Chourouk, 2003; 
Ibiwoye & Adeleke, 2008; Olaosebikan, 2012).  
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Second, this research contributes to the literature on productive efficiency in the insurance 
sector by assuming that technology can vary within the analysed sample. This differs from what is 
to be found in previous studies. It is remarkable that all the current literature about insurance 
company efficiency assumes that insurance companies generally use the same technology, 
regardless of the approach followed, whether it be parametric, or non-parametric. If this 
assumption is incorrect, then it could lead to the overestimation of the inefficiency of some 
insurance companies, as technological differences could be interpreted as inefficiency (Orea & 
Kumbhakar, 2004). Given this, a stochastic frontier latent class model is applied in this research to 
control for unobserved heterogeneity (Orea & Kumbhakar, 2004; Greene, 2005). This model 
assumes that there is a finite number of classes using different technologies and that each unit can 
be assigned to a particular group, using the estimated probabilities of class membership. Moreover, 
the number of different groups is also tested by estimation. This study therefore includes all the 
types of insurance companies, both life and non-life companies, that exist in the countries 
analysed, enabling a control for unobserved heterogeneity which underlies different productive 
technologies.  

Third, this research contributes to the literature by proposing a model that accounts for the 
specifics of the insurance sector, using Angola and Mozambique as a base case. Insurance is one 
of the industries in which capital presents the highest marginal productivity. Under these 
circumstances, cost frontiers become quite sensitive to outliers (Amores & Raa, 2014). Hence, 
SFA is adopted here, rather than DEA, as the latter is more affected by influential observations 
than is the former. This occurs because SFA handles all the variations between production units in 
the form of random terms, contrary to the case of DEA, where such variations are interpreted as 
inefficiency. These features are relevant for this research, as randomness is a primary property of 
several production processes, including insurance. 

The remainder of the paper is organised as follows. After this introduction, the contextual 
setting of Angolan and Mozambican insurance companies is presented, followed by a literature 
review of the previous studies conducted on productive efficiency in this sector. After this, the 
methodology is discussed, followed by the presentation of the data analysis and the major results. 
The paper ends with the conclusions. 

2 Contextual setting 

2.1 Insurance in Angola  
The insurance industry in Angola comprises eight companies: ENSA- Empresa Nacional de 
Seguros de Angola, a public company owned by the government; AAA, Angola Agora e Amanhã, 
Pensões, a company with public and private local capital; Nossa Seguros, a private insurance 
company owned by local Angolans; Global Alliance Seguros Angola, a South African insurance 
company with offices in Angola and Mozambique; Global Seguros, a private company owned by 
Angolans; Mundial Seguros; Garantia; and Universal. The last three are private companies owned 
jointly by local Angolans and Portuguese insurance companies. The insurance industry in Angola 
is small, accounting for just 1.25 per cent of GDP in 2012. However, the number of companies has 
increased over the period under study and new agencies are opening in remote areas of the 
country. This growth has accompanied the growth rate of the Angolan economy. In 2010, a total of 
10 insurance companies were already established in Angola, with a further five in the process of 
being licensed. In relative terms, non-life insurance represents 90 per cent of the total market. The 
publication of Decree law nº35/09 requires compulsory motor general liability insurance, which 
boosted the growth of the market. This sector accounted for 27.8 per cent of the market total in 
2010, followed by accident, health and travel insurance, which together account for 26.4 per cent. 
However, a decrease in the market share of non-life insurance companies is forecast, in line with 
other insurance markets, which is a result of the development of a rise in sales of products of a 
financial nature. Furthermore, the share from petrochemical insurance has proportionally 
decreased with the growth in the other sectors.  
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2.2 Insurance in Mozambique  
The Mozambican insurance industry comprises five companies: EMOSE – Empresa Moçambicana 
de Seguros, a public company; SIM - Seguradora International de Mozambique, a private 
company and; Global Alliance Seguros Mozambique, a private South African company which is 
also present in Angola and has banks in Angola and Mozambique; Hollard Mozambique 
Companhia de Seguros, another South African insurance company; and finally MCS, Mozambique 
Companhia de Seguros, a private company owned by local capital. The Mozambique insurance 
industry is also small. In 2012 it represented 1.15 per cent of GDP, which is comparable, in 
relative terms, to the Angolan market.  

The difference in the number of companies in both countries is directly linked to Angola’s 
wealth in terms of oil and diamonds, which attracts more foreign companies. This can be seen in 
Table 1 below, which presents some characteristics of the companies analysed. The Mozambique 
insurance market grew by 2.5 per cent in 2012, with non-life premiums rising by 2.3 per cent. The 
non-life insurance market represents 55 per cent of the total market, 55 per cent of which is fire 
and car insurance, whereas life insurance accounts for a smaller share of the market (44.9 per 
cent). Currently there are 17 insurance companies, some of which manage pension funds: SIM, 
EMOSE, Global Alliance, Hollard Seguros Mozambique, Companhia de Seguros de Africa and 
Mozambique Resseguros SA.  

Table 1 
Mean values for the sample (2012) 

Observation 
number Country Company Number of 

employees 
1 Angola ENSA 24 
2 Angola AAA 18 

3 Angola Nassa 65 
4 Angola Global Alliance-Angola 25 
5 Angola Global 100 

6 Angola Mundial 629 
7 Angola Garantia 256 

8 Angola Universal 150 
1 Moza EMOSE 314 
2 Moza SIM 157 

3 Moza Global Alliance-Mozambique 108 
4 Moza Hollard 61 
5 Moza MCS 29 

3 Literature review 
This section presents a synthesis of the studies previously conducted into the insurance industry in 
different countries, regardless of the approach adopted. As briefly mentioned in the introduction, 
two alternative approaches have been followed  to analyse productivity and efficiency in insurance 
in the past: SFA (Fenn, Vencappa, Diacon, Klumpes & O’Brien, 2008; Ennsfellner, Lewis & 
Anderson, 2004; Fecher, Kessler, Perelman & Pestieu, 1993; Cummins & Weiss, 1993; Gardner & 
Grace, 1993) and the non-parametric DEA (Barros, Nektarios & Assaf, 2010; Mahlberg & Url, 
2010; Cummins & Xie, 2008; Barros, Barroso & Borges, 2005; Cummins, Rubio-Misas & Zi, 
2004; Mahlberg & Url, 2003; Diacon, Starkey & O’Brien, 2002; Cummins, Weiss & Zi, 1999; 
Cummins & Zi, 1998; Fukuyama, 1997; Cummins, Turchetti & Weiss, 1996; Biener & Eiling, 
2011). 

It is worth noting that the literature on productive efficiency in the insurance industry is scarce 
in comparison with other financial areas, such as banking. However, it presents a large 
heterogeneity, not only in terms of the models used within each approach, whether it be parametric 
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or non-parametric, but also in terms of the research subjects analysed and the hypotheses tested, 
according to the comprehensive study conducted by Eling and Luhnen (2010). 

General-purpose and/or comparative studies on the efficiency of the insurance sector in a given 
country or region are the most numerous in the literature. For example, Bertoni and Croce (2011) 
applied DEA to a panel of life insurance companies operating in five European countries 
(Germany, France, Italy, Spain and the U.K.) between 1997 and 2004. The authors estimated 
productivity with a Malmquist efficiency model, concluding that productivity increased on an 
annual basis by 6.71 per cent and that this increase was mostly owing to innovation (technological 
change) in best-practices (6.67 per cent), while best-practice management practices contributed a 
mere 0.04 per cent. Nektarios and Barros (2010) analysed the efficiency of Greek insurance 
companies during the period 1994-2003 and found that Greek life insurance companies’ 
productivity growth was 16.1 per cent, followed by non-life insurance companies, which had a 
productivity growth of 6.5 per cent. Mixed insurance companies experienced a productivity 
growth of 3.3 per cent. Mahlberg and Url (2010) analysed the scale efficiency of the German 
insurance industry from 1991 through to 2006, showing that average productivity increased by 18 
per cent. This growth was dominated by technical progress (+16 per cent) and higher scale 
efficiency (+11 per cent), while advances in pure efficiency turned out to be small (+5 per cent). 

Studies on specific market niches in the insurance industry have attracted the attention of 
researchers, as have those which assess the impact of specific contextual, business-related 
variables on levels of efficiency. 

When it comes to specific market niches, such as property-liability and the non-life insurance 
sectors, Luhnen (2009) analysed efficiency levels in the German property-liability insurance 
industry from 1995 to 2006. The author used a two-stage approach - running DEA in the first stage 
and then performing a bootstrapped truncated regression in the second, so as to analyse covariates 
which are able to explain efficiency. On the other hand, Abdul Kader, Adams & Hardwick  (2010) 
studied the cost efficiency of non-life Takaful insurance firms operating in 10 Islamic countries. 
The author also adopted a two-stage approach, using DEA first and then the Tobit regression to 
test for the influence of corporate characteristics on these efficiencies. 

With respect to the impact of a specific contextual variable on efficiency scores, the role of 
corporate governance merited attention in two studies. Xie, Lu, Reising & Stohs (2011) used DEA 
to examine the role of corporate governance in the U.S. life insurance industry during the 1990s 
and 2000s. Their findings suggest that demutualisation is value-enhancing for firms being sold 
through initial public offerings (IPOs), but is value-neutral for firms that convert, but remain 
private. Firms converting into public companies experience increased CEO turnover that leads to 
efficiency improvement. Corporate governance is also the subject of the study by Hsu and 
Petchsakulwong (2010), who examined its impact on the efficiency performance of public non-life 
insurance companies in Thailand from 2000-2007. Their results indicate that the characteristics of 
corporate governance influence the efficiency of the performance of non-life insurers. 
Furthermore, the independence of the Board, together with firm size has a positive impact on the 
efficiency of the performance of Thai non-life insurance companies. However, the audit committee 
size, diligence, divergence between voting rights and cash flow rights, board tenure, board age, as 
well as board ownership have a negative impact on the efficiency performance. Finally, there is an 
unclear relation between the efficiency of the performance by insurers and the size of their board, 
the proportion of financial expertise on an audit committee and the compensation to the board. 

Specifically, with respect to African countries, fewer studies exist than expected and not even 
one discussed the insurance industry in Angola and Mozambique. These studies include those by: 
Munro and Snyman (1995), Uche (1999), Chourouk (2003), Giesbert, Steiner & Bending, (2011) 
and Chantarat, Mude, Barrett & Carter, (2013). More recently, Ibiwoye and Adeleke (2008) 
applied a logistic regression to evaluate the participation in the Nigeria National Health Insurance 
Scheme by employees in the formal sector. The authors concluded that awareness was a major 
factor affecting participation in the scheme. Olaosebikan (2012) examined the profitability of 
micro-life insurers in Nigeria, using a dynamic panel data model, covering data from 2004 to 
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2009. The results indicate that the profitability of micro-life insurers is not influenced by factors 
such as ownership structure, leverage and the size of firms. Profitability is found to be negatively 
related to the level of reinsurance. It is also interesting to note that the South African short-term 
insurance industry realises the importance of fostering consumer trust, which impacts its results 
(Steyn, Mostert & de Jager, 2008).  

Taking into account the scope of methodologies and the assumptions found thus far in the 
literature, this paper departs from previous studies in three respects. First, the method used here, to 
be discussed further in Section 4, allows for the assumption of different production technologies 
within the sample. Studies conducted so far within the ambit of the insurance industry have been 
based on the common ground of homogeneous production technology, making an assumption for a 
sector known to operate in several market niches. Second, this study uses a more robust parametric 
methodology to handle simultaneously, in a one-step procedure, the impact of contextual and 
business-related variables on levels of efficiency. Most previous studies relied on using non-
parametric DEA models with some regression procedure in a two-stage approach. Third, this 
method also allows the clustering of companies, based not only on market-niche classifications, 
but rather on the distance of the cost efficient frontier. Further details are given below. 

4 Methodology 
In this paper, we adopt the stochastic cost econometric frontier approach (Kumbhakar & Lovell, 
2000). This approach, which was first proposed by Farrell (1957), came to prominence in the late 
1970s as a result of the work of Aigner, Lovell and Schmidt (1977), Battese and Corra (1977) and 
Meeusen and Van den Broeck (1977). A detailed presentation and discussion of their formulae can 
be found in Ismail (2012). 

The frontier is estimated econometrically and it measures the difference between inefficient 
units and frontiers through residuals. This is an intuitive approach, which is based on traditional 
econometrics. If we assume that residuals have two components (noise and inefficiency), then the 
stochastic frontier model emerges. Consequently, the main issue here is the decomposition of the 
error terms. Let us present the model more formally. The general frontier cost function proposed 
by Aigner et al. (1977) and Meeusen and Van Den Broeck (1977) is the following: 

                 1,2,  t N,1,2,  i   ; ).( TeXCC ituitv
itit …=…==

+  (1) 
where Cit represents a scalar cost of the decision-unit i under analysis in the t-th period; Xit is a 
vector of variables, including input prices and the output descriptors present in the cost function; 
and εit = uit + vit is the error term. This term may be decomposed into two components: 
i) The error term vit is traditionally used in econometric models and is assumed to be 

independently and identically distributed, which represents the effect of random shocks (noise 
vit~N(0, σv²)) and is independent of uit ; 

ii) The inefficient term uit, represents technical inefficiencies and is assumed to be positive and 
normally distributed with a zero mean and variance of 2

uσ . The positive disturbance uit is 
reflected in a half-normal independent distribution, truncated at zero, which signifies that 
each insurance company’s cost must lie on, or above, its cost frontier. This implies that any 
deviation from the frontier is caused by management factors controlled by the insurance 
companies.  

The total variance is defined as 222
uv σσσ += . The contribution of the error term to the total 

variation is as follows:  
)1/( 222 λσσ +=v .  

The contribution of the inefficient term is:  
)1/(. 2222 λλσσ +=u  ,  

where λ is defined as: 
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which provides an indication of the relative contribution of u and v to ε = u + v. 
Given that the estimation procedures of equation (1) merely yield the residual ε, rather than the 
inefficiency term u. This term in the model should be calculated indirectly (Greene, 2001). In the 
case of panel data, such as those used in this paper, Battese and Coelli (1988) use the conditional 
expectation of uit, conditioned on the realized value of the error term )( ititit uv +=ε , as an 
estimator of uit. In other words, [ ]itituE ε/  is the mean productive inefficiency for the i-th insurance 
company at any time “t”. Following Orea and Kumbhakar (2004), we can write equation (1) as a 
latent class frontier model: 

                1,2,  t N,1,2,  i   ; .)( TeXCC jj ituitv

jitjit …=…==
+  (2) 

where subscript “i” denotes the insurance company, “t” indicates time and “j” represents the 
different classes or groups. The vertical bar signifies that there is a different model for each class 
“j”, so each insurance company belongs to the same group during all the periods. Assuming that v 
is normally distributed and that u follows a half-normal distribution, the likelihood function (LF) 
for each insurance company “i” at time “t” for group “j” is (Cf. Greene, 2004): 
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where [ ] vjujjvjujjitjjitjit xC σσλσσσβε /   ,   ,'ln 2/122 =+== − , while φ  denotes the standard normal 

density and Φ is the cumulative distribution function. The likelihood function for insurance 
company “i” in group “j” is obtained as the product of the likelihood functions for each period: 
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 (4) 

The likelihood function for each insurance company is obtained as a weighted average of its 
likelihood function for each group j, using as weights the prior probabilities of class j membership. 

∑
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The previous probabilities must be within the unit interval: 10 ≤≤ ijP . Further, the sum of these 
probabilities for each group must be one: 

∑ =
j

ijP 1. 

In order to satisfy these two conditions, we parameterised these probabilities as a multinomial 
logit, which is: 
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where the qi is a vector of variables which are used to split the sample and δj is the vector of 
parameters to be estimated. One group is chosen as the reference in the multinomial logit. The 
overall log-likelihood function is obtained as the sum of the individual log-likelihood functions: 
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The log-likelihood function can be maximized with respect to the parameter set 

),,,( jjjjj δλσβθ = , using conventional methods (Greene, 2004). Furthermore, the estimated 
parameters can be used to estimate the posterior probabilities of class membership, using the 
Bayes Theorem: 

∑
=

= J

j
ijij

ijij

LFP

LFP
ijP

1

)(
 (8) 

An important issue in these models is how to determine the number of classes. The usual 
procedure is to estimate several models with different numbers of groups and then use a statistical 
test to choose the preferred model. Greene (2005) proposed testing ‘down’, by which, beginning 
from a J* known to be at least as large as the true J, one can test down, given that the J-1 class 
model is nested with the J class model, imposing θj= θj-1, based on likelihood ratio tests1. An 
alternative is to use information criteria, such as the Akaike Information Criterion (AIC), or the 
Schwarz Bayesian Information Criterion (SBIC). These statistics are calculated using the 
following expressions: 

mnJLFSBIC ⋅+⋅−= )log()(log2  (9) 

mJLFAIC ⋅+⋅−= 2)(log2  (10) 
where LF(J) is the value that the likelihood function takes for J groups, m is the number of 
parameters used in the model and n is the number of observations. The preferred model will be the 
one for which the value of the statistic is the lowest. 

Based on the panel data, this paper presents the maximum likelihood estimators of Model (1), 
which are the same as those found in other authors’ recent studies (Greene, 2001, 2004, 2005).  

5 Data and Empirical Specification 
Frontier models require the identification of inputs (resources) and outputs (transformation of 
resources). Several criteria can be used in their selection. The first of these, an empirical criterion, 
is availability. Second, the literature survey is a way of ensuring the validity of the research, which 
represents another criterion that should be taken into account. The third criterion for measurement 
selection is that of the professional opinion of relevant individuals. In this paper, we abide by all 
three  criteria and take into account the overview by Cummins and Weiss (2002). To estimate the 
cost frontier, we used balanced panel data for insurance companies in Angola and Mozambique, 
during the period 2002-2012. The data were obtained from the annual financial reports of the 
insurance companies, which are published by the chosen regulatory agencies (Instituto de 
Supervisão de Seguros de Angola and Instituto de Supervisão de Seguros de Mozambique). The 
insurance companies considered for this analysis were presented above in Section 2 and were 
selected on the basis of the available data. They comprise 100 per cent of the insurance companies 
in Angola and Mozambique. Their pooled sample densities are presented in Figure 1. 

Given the scarce guidance from the literature review as to which variables to use for the 
analysis, we rely on microeconomics (Varian, 1987) to choose the outputs and inputs. Outputs are 
variables that measure the results of production, such as dividends paid to stockholders and 
investments. Examples of inputs are labour, capital and other relevant microeconomic prices. In 
our study, the cost equation includes two outputs (net profit and investments) and two input prices 
(the price of labour and the price of capital premises). Whilst Table 1 provides some values for 
2012, Table 2 shows the descriptive statistics for the variables used in the empirical analysis. We 
note that the average Angolan and Mozambican insurance company is characterised as having a 
high level of heterogeneity. 
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Figure 1 
Sample densities (2002-2012) 
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Table 2 

Data descriptives (2002-2012) 
Variable Description Min Max Mean SD 

Ln (Costs) Ln of total costs in USD at constant price 2002=100 4.605 12.883 8.676 1.939 
Ln (PL) Ln of price of labor, measured by dividing total wages by 

number of employees 3.408 6.840 5.289 0.644 
Ln(PK) Ln of price of capital-premises measured by amortisations 

divided by the value of total assets 0.000 9.629 0.305 0.878 

Ln (Inv) Ln of investments at constant price 2002=100 14.56922 22.41980 19.69871 20.57378 
Ln (NP) Ln of net profits at constant price NaN 20.26399 17.22604 18.17070 

Trend Trend variable from 2002=1 to 2012=11 1.000 11.000 6.000 3.173 
ROI Return on Investments, calculated as the ratio between 

Net Profits and Investments - 3.777 0.476 0.629 

Angola Whether the company operates in Angola (1 Yes/0 No) - 1.000 0.615 0.488 

The empirical specification of the average cost frontier used is the Translog. We have chosen a 
flexible functional form in order to avoid imposing unnecessary prior restrictions on the 
technologies to be estimated. Each explanatory variable is divided by its geometric mean. In this 
way, the Translog can be considered as an approximation to an unknown function and the first 
order coefficients can be interpreted as the cost elasticities, evaluated at the sample geometric 
mean. We also included time dummies for each year, in order to obtain some temporal changes. 
Thus, the equation used to estimate this is: 
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where C is the endogenous variable, Inv is the investment level, NP is the net profit, PL is the 
price of labor, PK is the price of capital, t is a time trend, v is a random error which reflects 
statistical noise and is assumed to follow a normal distribution centered at zero, and, finally, u 
reflects inefficiency and is assumed to follow a half-normal distribution. 

6 Results 
The latent model in Eq. (11) was estimated by maximum likelihood, starting from the R packages 
frontier (Coelli & Henningsen, 2013) and flexmif (Leisch, 2004) and then observed the 
discussion in Murillo-Zamorano (2004) for separating the composed error term and for getting 
estimates on sigma and lambda, which is necessary for efficiency analysis. The preferred model 
was the one with three groups, in accordance with AIC criteria.  

Table 3 presents the results for the standard cost frontier, assuming that only one cost frontier 
represents all the data in the sample. Table 4, in turn, displays the estimates of the three-class 
model, while Figure 2 presents their distribution densities. As expected, total variance is smaller 
when three different groups are allowed. In fact, latent class models usually classify observations 
by reducing group variance in order to maximise the value of the total likelihood function. On the 
other hand, high lambda values for latent class model estimations tell us that randomness is less 
important than inefficiency, when we want to explain the distance of insurance companies to the 
frontier. Insurance companies from group 3 could be characterised as capital intensive, in 
comparison.  

 

 



SAJEMS NS 19 (2016) No 1:64-81 
 

73  
 

Table 3 
Stochastic frontier analysis results - translog cost function (dependent variable: Ln cost) 

Stochastic frontier analysis 
Variables Estimate Std. error z value Pr(>|z|) 

(Intercept) 2.2036653 12.6084789 0.1748 0.861255   
Trend -0.1640797 0.1546889 -1.0607 0.288823   
Trend^2 0.021791 0.0124904 1.7446 0.08105 . 
Ln (PL/PK) -1.9933053 1.2748459 -1.5636 0.11792   
0.5 Ln (PL/PK)^2 0.0026965 0.0035186 0.7663 0.443469   
Ln (Investments/PK) 2.4728074 1.1843226 2.088 0.036802 * 
Ln (Net profits) -1.3347643 1.2548893 -1.0637 0.287487   
Ln (Investments)^2 -0.1499526 0.0952105 -1.575 0.115266   
0.5 Ln(Net profits)^2 0.0824711 0.0479575 1.7197 0.085492 . 
Ln (Investments)*Ln(PL/PK) 0.0155644 0.0144503 1.0771 0.281436   
Ln (Net Profits)*Ln(PL/PK) 0.0169311 0.019183 0.8826 0.377448   
Ln (Net profits) * Ln (Investments) -0.007615 0.0697819 -0.1091 0.913103   
ROI -0.0943559 0.3538257 -0.2667 0.789721   
Angola -1.6750777 0.6115002 -2.7393 0.006157 ** 
Sigma 5.365858 2.2712913 2.3625 0.018154 * 
Lambda 0.7450211 0.1144171 6.5115 7.44E-11 *** 

Significance codes: 0 ‘***’ 0.001 ‘**’ 0.01 
Log likelihood value: -240.6067 

Table 4 
Latent class model results - translog cost function (dependent variable: Ln cost) 

Group 1 
 Estimate Std. Error z value Pr(>|z|)  

(Intercept) -30.4745337 34.6722182 -0.8789 0.379438  
Trend 0.4141974 0.1539866 2.6898 0.007149 ** 
Trend^2 -0.0117996 0.0118999 -0.9916 0.321407   
Ln (PL/PK) -7.7588760 1.0359525 -7.4896 6.908e-14 *** 
0.5 Ln (PL/PK)^2 0.0099944 0.0057916 1.7257 0.084405 . 
Ln (Investments) 6.8880091 0.9278930 7.4233 1.143e-13 *** 

Ln (Net Profits) -0.2946262 4.6306727 -0.0636 0.949269  
0.5 Ln (Investments)^2 -0.3305627 0.3095992 -1.0677 0.285651  
0.5 Ln(Net Profits)^2 0.2748919 0.3339636 0.8231 0.410440  
Ln (Investments)*Ln(Pl/PK) 0.1001283 0.0235025 4.2603 2.041e-05 *** 
Ln (Net Profits)*Ln(Pl/PK) 0.0199213 0.0266636 0.7471 0.454981  
Ln (Net Profits) * Ln (Investments) -0.2108435 0.3699178 -0.5700 0.568695  
ROI -1.6076798 0.7782598 -2.0657 0.038853 * 
Angola -1.0703608 0.3543401 -3.0207 0.002522 ** 

Group 2 
 Estimate Std. Error z value Pr(>|z|)  
(Intercept)  18.9057150 7.8648334 2.4038 0.016224 *  
Trend -0.1658689 0.2696543 -0.6151 0.538478  
Trend^2 0.0217726 0.0214912 1.0131 0.311016  
Ln (PL/PK) -3.3730282 1.8962044 -1.7788 0.075267 .  

0.5 Ln (PL/PK)^2 -0.0021575 0.0066371 -0.3251 0.745126  
Ln (Investments) 4.3031972 1.7421309 2.4701 0.013508 * 

Ln (Net Profits) -3.9649775 NA NA NA  
0.5 Ln (Investments)^2 -0.4589532 0.1065082 -4.3091 1.639e-05 *** 
0.5 Ln(Net Profits)^2 -0.0791694 0.0876910 -0.9028 0.366620  
Ln (Investments)*Ln(Pl/PK) 0.0104630 0.0359250 0.2912  0.770864   
Ln (Net Profits)*Ln(Pl/PK) -0.0101695 0.0232096 -0.4382 0.661270  

continued/ 
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 Estimate Std. Error z value Pr(>|z|)  
Ln (Net Profits) * Ln (Investments) 0.2444148  NA NA NA  

ROI 1.5108177 NA NA NA  
Angola -8.4097975 2.6472536 -3.1768 0.001489 **  

Group 3 
 Estimate Std. Error z value Pr(>|z|)  
(Intercept) 4.2855364 19.6962919 0.2176 0.8277557  
Trend  0.0901902 0.2005511 0.4497 0.6529181  
Trend^2 -0.0012647 0.0163856 -0.0772 0.9384791  
Ln (PL/PK) -3.1192593 1.3027492 -2.3944 0.0166491 * 
0.5 Ln (PL/PK)^2  -0.0063855 0.0035337 -1.8070 0.0707614 . 
Ln (Investments) 2.1745936 1.2064724 1.8024 0.0714763 . 

Ln (Net Profits) 0.0136010 2.1186422 0.0064 0.9948779  

0.5 Ln (Investments)^2 0.2689546 0.0764459 3.5182 0.0004344 *** 
0.5 Ln(Net Profits)^2 0.5574715  0.1485227 3.7534 0.0001744 *** 
Ln (Investments)*Ln(Pl/PK) 0.0819763  0.0113040 7.2520 4.108e-13 *** 
Ln (Net Profits)*Ln(Pl/PK) 0.0345453 0.0254326 1.3583 0.1743667  
Ln (Net Profits) * Ln (Investments)  -0.5288206 0.0112142 -47.1563 < 2.2e-16 *** 
ROI -0.5878676  0.4045617 -1.4531 0.1461967  
Angola  0.5983175 0.7589090 0.7884 0.4304677  
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
AIC (2 GROUPS): 471.8525 / AIC (3 GROUPS): 454.1377 / AIC (4 GROUPS): 429.1479 
Lambdas: Group 1= 57.86, Group 2 = 27.79, Group 3 = 77.06 / Sigmas: Group 1 = 1.24, Group 2 = 2.94, Group 3 = 1.08 
log likelihood value: -188.9262 

Figure 2 
Efficiency score densities for each group or latent class 

  

A perusal of the results of Table 4 reveals that the estimated coefficients’ signs for the labour-
capital price ratio are the same for all the groups. Therefore, the higher the labour-capital price 
ratio (capital intensity), the lower the cost for obtaining a positive financial result in the insurance 
industry. An important result in support of the latent class model estimation is that the differences 
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of the input price-ratio coefficients among the groups are statistically significant, especially with 
respect to Group 3, which encompasses smaller insurance companies (lower total costs). These 
results suggest that at least three different technologies are used to generate financial results in the 
African insurance industry. Furthermore, we verify that the labour-capital price ratio coefficients 
are lower than one in all the models, which verifies the homogeneity restriction that was not 
imposed on the function.  

In Table 5, we show the means of some representative variables for the groups obtained with 
the latent class model. This verifies that large Angolan and Mozambican companies are 
concentrated in Group 2, small Angolan companies in Group 3 and medium-sized companies, 
predominantly from Mozambique, are in Group 1. This means that insurance companies are not 
defined by cultural issues, but rather by their size. Moreover, in all three groups, the efficiency 
with the latent class model tends to be higher than that of the pooled model (cf. Figure 3). This 
result suggests that, to some extent, the standard stochastic frontier, which imposes only one 
technology, overestimates inefficiency as opposed to the case of the latent class model. Besides, 
insurance companies were assigned into groups on the basis of the posterior probability of class 
membership.  

Table 5 
Mean values for representative variables, computed within each group (2002-2012) 

Latent Group Low Efficiency Intermediate Efficiency High Efficiency 
Group Number Group 1 Group 3 Group 2 

Efficiency 29.82% 39.16% 44.60% 

Angola 33.33% 100.00% 60.00% 
Costs $ 421,930,336.55 $ 119,112,023.09 $ 1,052,094,452.42 
Employees 68.16 65.87 220.90 

Wages $ 40,031,477.17 $ 17,502,153.39 $ 34,457,664.91 
Investments $ 890,385,810.55 $ 46,955,403.94 $ 352,099,309.34 

Amortisations $ 5,475,974.03 $ 4,187,456.13 $ 12,282,060.17 
Assets $ 1,113,341,565.90 $ 285,471,402.80 $ 652,107,300.24 
Net Profits $ 76,391,488.56 $ 12,266,055.10 $ 20,635,811.30 

ROA 24.14% 26.61% 28.21% 
ROI 33.93% 52.82% 50.62% 
PK 0.19 0.46 0.22 

PL 5.64 5.35 5.02 
Ln (Average Wages) 12.99 12.31 11.55 

Ln (Cost per Employees) 14.98 13.87 14.12 
Ln (Cost/Asset Ratio) (0.27) (0.08) 1.02 
Ln (Costs/PK) 6.66 5.45 5.32 

Ln (PL/PK) 5.69 4.49 4.29 
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Figure 3 

Efficiency score means for each model - group comparison 
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Figure 4 
Comparison between efficiency groups 

 

 

 
Figure 4 presents a comparison between groups for selected variables and puts these different 
production technologies into perspective in terms of their levels of efficiency. Although levels of 
efficiency appear to increase when traditional financial ratios are used, such as ROI and ROA 
(upper Figure 4), the role of two major production inputs, measured in terms of labour and capital, 
cannot be neglected. While the impact of labour prices on efficiency - lower labor prices imply 
higher efficiency levels - is clearly in evidence, the impact of capital prices is more subtle (middle 
Figure 4). The levels of efficiency tend to increase when capital prices account for larger 
proportions of the total cost (lower ln(Cost/PK) ratios. Furthermore, a quick inspection of the 
single-output, single-input measurement of capital productivity (ln(Cost/Asset ratio)) corroborates 

0.00%

10.00%

20.00%

30.00%

40.00%

50.00%

60.00%

Low Efficiency Intermediate Efficiency High Efficiency

ROA
ROI
Efficiency

(1.00)

-

1.00

2.00

3.00

4.00

5.00

6.00

7.00

8.00

Low Efficiency Intermediate Efficiency High Efficiency

PK
PL
ln(Costs/PK)
ln(Cost/Asset Ratio)
ln(PL/PK)

8.00

9.00

10.00

11.00

12.00

13.00

14.00

15.00

16.00

Low Efficiency Intermediate Efficiency High Efficiency

ln(Average Wages)
ln(Cost per Employee)



78  
SAJEMS NS 19 (2016) No 1:64-81  

 
the finding that the most efficient companies are those that deliver a greater number  of outputs 
(costs), given a current level of assets (inputs). 

In summary, the results indicate that those insurance companies from Mozambique and Angola 
that belong to Group 2 can be characterised as being large insurance companies, with capital-
intensive production processes and lower labour costs, resulting in greater financial indicators and 
better levels of efficiency. Group 3 consists of small Angolan firms, without access to cheap 
capital prices, although the average cost per employee is similar to that of larger firms (Figure 4). 
This constraint for accessing low-price capital sources may jeopardise this group in the long term. 
On the contrary, Group 1 firms are middle-sized, with low capital-prices, similar to those of Group 
2. These companies, however, account for the largest wages paid by the industry, which 
contributes to lower financial indicators and levels of efficiency. 

7 Conclusions 
This paper proposes a simple framework for the comparative evaluation of African insurance 
companies located in Angola and Mozambique and also for the rationalization of their operational 
activities. The analysis was conducted by implementing a finite mixture stochastic frontier model, 
which allows the incorporation of a broad variety of inputs and outputs, while at the same time 
permitting researchers to account for segments in the sample and for the existence of heterogeneity 
in the data. The main result is that three groups are identified among the sample of insurance 
companies from Angola and Mozambique, adopting different production technologies to obtain 
the results for both countries. Therefore, as long as general guideline policies can be defined for 
the whole sample, based on common value, such as the same sign for the variables between 
groups, no common policy can cater simultaneously for all the specificities embedded within each 
group.  

The main policy implication of the findings of this analysis is that heterogeneity must be 
considered a major factor for African insurance companies located in Mozambique and Angola. 
The insurance companies are not clustered according to their nationality, which signifies that 
nationality is not a crucial determinant of efficiency. This being the case, authorities could 
implement policies by defining groups by size, with the aim of regulating the insurance industry. 
Besides, two out of the three groups identified indicate that most insurance companies are still 
relatively small in comparison with their peers in foreign, more-developed countries. Future 
mergers and acquisitions thus appear to be the natural path for achieving gains in efficiency and 
for absorbing new production technologies. Consequently, it is forecast that the frequency of 
mergers and acquisitions in the Angolan and the Mozambican insurance industry will increase in 
the near future. 

The results also give insight into the main causes of the differences in levels of efficiency. 
These are basically related to the differences between relative prices within groups. More 
specifically, levels of efficiency are lower in Group 1, owing to higher relative labour prices in 
comparison with the two other groups, in both absolute and relative terms. Capital prices, 
however, exert a beneficial impact on the levels of efficiency of Group 2 companies, together with 
lower labour prices, which supports the perspective that insurance is one of the industries where 
capital presents the highest marginal productivity (Amores & Raa, 2014). Regulatory policies and 
incentives could be designed to ensure access to cheap sources of capital for small-sized insurance 
companies in Angola (Group 3), which would foster competition is this country. 

Ruling implications can also be derived according to these results. Insurance companies in 
Angola and Mozambique should adopt a benchmark procedure as a means of evaluating their 
efficiency throughout the year and then could follow the same best practice procedures used by 
more efficient companies, especially when it comes to the labour prices observed in Group 1. This 
exercise could be carried out by the association of those insurance companies that belong to the 
same group, in order to facilitate the adoption of procedures that will empower them to achieve an 
increase in efficiency.  
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Endnote 
1 The statistic is constructed as – 2 (logLFr – logLFu), where LFr  and LFu are the log-likelihood functions evaluated at the 

restricted and unrestricted estimates. The statistic under the null hypothesis, θj= θj-1, follows a chi-squared distribution, with 
degrees of freedom equal to the number of restrictions being tested. If the null hypothesis is rejected, then the preferred 
model is the one with J classes. 
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