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Measuring Efficiency of Australian Equity Managed Funds: 

Support for the Morningstar “Star” Rating  
 

Abstract 

 
This study evaluates relative efficiency, using data envelopment analysis (DEA), for a sample of 

682 Australian managed funds and then examines the implications associated between efficiency 

and a Morningstar “star” rating. DEA efficiency is investigated by conducting a sensitivity 

analysis of changes that result using various input-output variable combinations. Areas for 

improvement are identified for inefficient funds. The dependence of the DEA score on specific fund 

attributes, management strategy and the operating environment are then examined using a logistic 

regression. This research identifies a strong association between the average DEA efficiency score 

using short-, medium- and long-term information and the Morningstar “star” rating. Additionally 

evidence is provided to support the claim that efficient funds with low Morningstar ratings (lower 

than 5) are upgraded and that inefficient funds with high Morningstar ratings (higher than 1) are 

downgraded. The implications of this study to investors and fund managers alike is that efficient 

funds once identified can be added to a portfolio to enhance returns. Prudential regulators may 

equally be interested in the strong association found between efficiency measures and Morningstar 

“star” ratings.  

 

1. Introduction 

The overall effects of changes in managed fund ratings are only minimally known in Australia as 

most of the relevant literature focuses on the US environment. This paper attempts to bridge the 

gap between the literature that exists with respect to fund ratings as they pertain to the US market 

and the lack of evidence that exists with respect to these widely used measures in other established 

markets such as Australia (Khorana, Servaes and Tufano 2005). One of the most commonly 

available and cited rating measures in the USA and Australia, is the Morningstar “star” rating. 

 

The Morningstar “star” rating (ratings often range from 5 stars - the best performing to 1 star - the 

worst performing) is a piece of information that investors and financial advisors can use when 

formulating their investment strategies. Morningstar Research is a global research company and 

regarded as the preeminent provider of ratings around the world (Pozen 1998) established its 

presence in Australia in 1999. As a result of the global branding connected with the Morningstar 

“star” rating it has been adopted as a proxy in this paper when investigating whether an association 

exists between ratings and efficiency.   

 

Additionally, the unique structure of the Australian investment industry with compulsory 

superannuation legislation has meant an increasing number of individual investors are now 

participating in managed fund investments than in many other markets. With the change in 

government legislation to allow for choice in superannuation funds as of 1 July 2005, these same 

market participants now have the right to direct their employer to pay the compulsory 
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superannuation component of their salaries into a specific superannuation fund which now can 

include their own self-managed superannuation fund.  

  

Given the unique structure of the industry and the recent legislation in place with respect to 

investor choice, managed fund ratings have become an integral part of the financial vocabulary 

within Australia. However, media attention has drawn attention to the fact that there exists 

relatively poor financial literacy within this county (Consumer and Financial Literacy Taskforce 

2004). Empirical evidence exists to support this assertion (Worthington 2006). It can be postulated 

that in a country where people have the power of selection, they are poorly qualified to do so. In 

such an environment, fund ratings might be expected to play a much more important role than 

elsewhere. This is the first study to investigate post the introduction of superannuation choice 

legislation (2005) the impact of a change in managed fund ratings in an environment where 

individuals have the opportunity to freely move between funds.  

 

In the last decade, studies have started to adopt frontier analysis, or more specifically data 

envelopment analysis (DEA) as a tool for assessing managed fund performance. Far removed from 

alternative performance measures, such as the „usual suspects‟, namely, the Treynor measure 

(Treynor 1965), the Sharpe ratio (Sharpe 1966), and the Jensen alpha (Jensen 1968), the DEA 

technique has the capacity to incorporate a number of other variables. These include transaction 

costs and the cost of obtaining and using information (Ippolito 1993), associated with fund 

performance in addition to the traditional risk and return measures. DEA is a nonparametric 

approach and has been applied within the financial sector with extensive coverage pertaining to 

bank efficiency
1
 and to a lesser extent managed funds (Murthi, Choi and Desari 1997; McMullan 

and Strong 1998; Basso and Funari 2001, 2005). The first application of a DEA based relative 

performance measure was the DEA portfolio efficiency index (DPEI) developed by Murthi et al. 

(1997). The DPEI index does not require specification of a benchmark and considers the excess 

return as output and the standard deviation of the return and various transaction costs (such as 

subscription and redemption fees) as inputs. The IDEA-1 index proposed by Basso and Funari (2001) 

was a generalisation of the DPEI that allowed for consideration of different risk measures. In the 

same paper the IDEA-1 index is extended to the case of a two output DEA performance measure, 

IDEA-2. This performance measure includes among the outputs a stochastic dominance indicator that 

reflects not only the investors‟ preference structure but also takes into account time occurrence of 

the returns. The most comprehensive index for managed fund performance measurement to date is 

the generalised DEA performance indicator, IDEA-g (Basso and Funari 2005). The generalised model 

is developed on the basis that each of the traditional indexes may be applicable under certain 

                                                 
1
 For a review of bank efficiency literature refer to Berger and Humphrey (1997) Brown and Skully (2003). 
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circumstances while under different conditions other indicators may be more appropriate. In this 

regard, every performance indicator may be helpful and can shed light on a particular aspect of the 

link between risk and return. Hence, IDEA-g is derived by augmenting output variables in IDEA-2 with 

a few traditional performance indexes. Validation of the models has been provided across a range 

of markets including the US market where the DPEI generated positive and significant correlations 

with both the Sharpe measure and Jensen alpha (Murthi et al. 1997). A positive correlation between 

the DPEI and the Morningstar rating was also reported. The main drawback to these models is that 

they do not really examine efficiency in a traditional sense but rather as an alternative to the “usual 

suspects”. The aim of this paper is to introduce a robust nonparametric method to evaluate and 

explain the relative performance of Australian equity managed funds by examining efficiency in 

the traditional sense and then to determine if a link exists between managed fund ratings and 

efficiency. Limited studies have previously examined this issue which is surprising given the 

findings of Kapur and Timmerman (2005) that identified during a time period where the share 

market has performed very well absolute return performance was an unreliable measure of 

managerial ability. They acknowledge that during a bullish market remuneration of fund managers 

is more appropriate on the basis of relative performance and hence imply support for the use of 

DEA which is a measure of relative efficiency.  

 

The primary objective of this paper is to evaluate both pure technical efficiency and overall 

technical efficiency of Australian equity managed funds. Pure technical efficiency is often referred 

to as economic efficiency and provides information on price, cost or other value considerations of 

importance when measuring fund efficiency relative to a peer group (Avkiran 2006). Overall 

technical efficiency measures how well individual managed funds transform inputs into outputs 

based on a given set of economic factors. Overall efficiency is equal to allocative efficiency plus 

technical efficiency. In measuring efficiency of Australian Equity Managed Funds we aim to find 

support for the Morningstar “star” rating by addressing the following research questions: First, does 

an association exist between DEA efficiency and managed fund ratings? Second, given an 

association between DEA efficiency and managed fund ratings do efficient funds with low 

Morningstar ratings (lower than 5 anyway) receive a rating upgrade in the near to immediate 

future? Third, given an association between DEA efficiency and managed fund ratings do 

inefficient funds with high Morningstar ratings (higher than 1 anyway) receive a rating downgrade 

in the near to immediate future? 

 

The presence of a positive association reported in this paper between DEA efficiency and 

Morningstar “star” ratings addresses the concerns of Taylor (2008) who reported that the role of 

ratings is often misunderstood by the majority of investors. Taylor (2008, p. 1) states “an 

investment product, no matter how high a rating it receives, may not be suitable and ratings should 
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not be seen as a proxy for true decision making”. An important finding in our study is the 

statistically significant association found to exist between efficiency and ratings. Additionally the 

findings in this paper identify that managed funds which are found to be efficient (inefficient) have 

a high likelihood of receiving a rating upgrade (downgrade) within six months of the efficiency 

analysis being conducted. The six month lag allows the opportunity for action to be taken in time to 

add and remove funds from investors‟ portfolios once fund efficiency or inefficiency is identified.  

The totality of the findings provides some confidence to individual and institutional investors in the 

use of ratings in constructing portfolios. 

 

An additional contribution made by this paper is that it is the first study to the author‟s knowledge 

that investigates association between DEA efficiency scores and the Morningstar “star” rating. A 

„two-step‟ procedure is adopted used in previous studies of DEA-efficiency appraisal within the 

financial services sector (Fried, Lovell and Vanden Eekaut 1993) for the US and for Australia 

(Worthington 1999) and the funds management sector in Australia (Galagedera and Silvapulle, 

2002). Step one involves determining the relative efficiency of 682 Australian equity managed 

funds using data envelopment analysis. Step two involves the use of logistic regression to 

investigate how well the variation in the relative inefficiency scores can be explained by investment 

attributes and fund characteristics not included within the DEA analysis. 

 

The remainder of the paper is organised into a further four sections. In Section 2 a discussion is 

presented outlining the DEA methodology and logistic regression model used.  A brief description 

of the data used in the DEA analysis and logistic regression are presented in Section 3. Results are 

summarised in Section 4 while the final section provides concluding remarks and suggestions for 

further research  

 

2. Methodology 

2.1 Data Envelopment Analysis Model 

Data envelopment analysis (DEA) is a mathematical programming technique developed by 

Charnes, Cooper and Rhodes (1978) and used to estimate the relative efficiency (henceforth termed 

efficiency) of similar decision making units (DMUs) with common inputs and outputs. The 

identification of the efficient units (efficient frontier) in the data set allows DMUs which are 

relatively inefficient to be determined so that corrective measures can be taken to improve them.  

One main feature of DEA is that the efficiency or inefficiency of a DMU is determined relative to 

other units in the data set utilising a benchmark score of unity which no DMU can exceed (Charnes 

et al, 1978). Another important feature is that it allows the incorporation of multiple inputs and 

outputs. It is this latter property of the DEA technique that is of particular interest to this study. The 
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ability to incorporate multiple inputs and outputs is desirable as it enables several investment 

attributes and fund characteristics that the literature has shown to influence managed fund 

performance to be measured in addition to risk and return. 

 

In microeconomic production theory a firm's input and output combinations are depicted using a 

production function (Seiford and Thrall 1990). Using such a function one can show the maximum 

output which can be achieved with any possible combination of inputs, that is, one can construct a 

production technology frontier. 

 

The definition of inefficiency of a DMU for any DEA model can be analysed on either input 

(resource) conservation or output augmentation (Worthington 1999).  In the context of input 

conservation where the objective is to minimize the consumption of resources given a particular 

output level a DMU is said to be inefficient if some other units or some convex combination of 

other units can produce at least the same amounts of all outputs using less of at least one input and 

not more of any other inputs.  In the context of output augmentation, a DMU is said to be 

inefficient if some other DMU or some convex combination of other units can produce at least the 

same amounts of all outputs and more of at least one output using no more of any of the inputs.  

Output augmentation is outside the scope of this paper. It is argued, as in Galagedera and Silvapulle 

(2002), that maximising output (return) is beyond the control of the fund manager. Therefore in 

addressing the relative efficiency of managed funds it is more appropriate to follow Banker, 

Charnes and Cooper (1984) who developed an input conservation model, the BCC model. The 

BCC model is an extension of the original augmentation DEA model formulated by Charnes et al 

(1978): the CCR model. Prior to developing the BCC model, the CCR model is first discussed in 

order to facilitate the discussion.  

 

The CCR application of DEA (Charnes et al 1978) considers n DMUs, for each DMU j utilizing m 

factors (inputs) X1j , .. , Xmj in order to produce s products or services (outputs) Y1j , .. , Ysj.. In the 

context of output augmentation the relative efficiency measure (e) of a DMU is obtained by 

maximizing the ratio of weighted outputs to weighted inputs subject to the constraints that similar 

ratios for every DMU in the data set be less than or equal to unity.  The fractional linear 

programming model used in this case is: 

 

Max e0 = 

xiovi  
m

1 = i

yrour  
s

1 =r 





                                                                                          (Equation 1) 

http://en.wikipedia.org/wiki/Microeconomic
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subject to: n,1,.., = j  :1  

xijvi 
m

1 = i

yrjur 
s

1 =r 





                                                                (Equation 1.1) 

ur, vi  0;  r = 1,..,s;  i = 1, .., m.                                (Equation 1.2) 

 

where ur and vr are variable weights (implicit prices) which are determined by the linear 

programme so that the linear programme accords a particular DMU, say 0, the most favourable 

weighting that the constraints allow (Charnes et al, 1978).  This means each DMU in the data set is 

given the freedom of assigning weights to its input-output factors to make the DMU as efficient as 

possible.  Should a DMU get an efficiency score of less than one then that DMU is said to be 

inefficient relative to other DMUs in the data set because no other combination of weights can 

render it efficient. Those DMUs, with an efficiency score of one, form an efficient frontier which 

envelops the other inefficient DMUs in the data set.  This factional linear programming model 

(Equation 1.1) can be transformed into an equivalent linear programming problem.  

 

Max 0 = yrou r  
s

1 =r 
                                                                                          (Equation 2)  

Subject to:    xijvi 
m

1 = i
 = 1 

                     yrjur 
s

1 =r 
 - xijvi 

m

1 = i
 < 0                                                             (Equation 2.1) 

                      ur     

           vi  



Where  is a non-archimedean (infinitesimal) number. The BCC model adopted for analysing the 

relative efficiency score, , for any DMU is the dual of the equivalent linear program (Equation 2) 

in conjunction with a constraint that captures any return to scale characteristics. The dual BCC 

model is given as follows:  

 

Min                            (Equation 3) 
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subject to:  ,0 

1=
ryrjyj

n

j

    r = 1,2,…,s,          (Equation 3.1) 

 

  



n

j
ijxjix

1

,0   i = 1,2,…,m,       (Equation 3.2) 

  

  



n

j
j

1

1           (Equation 3.3) 

 

  j > 0,   j = 1,2,…,n.       (Equation 3.4) 

 

Where the variables in the dual BCC model are  and j which are both assumed to be non 

negative. The variable  is the proportional reduction applied to all inputs of a DMU in order to 

improve efficiency. The constraints ensure that the model will never generate a result greater than 

1. A DMU is deemed to be efficient when  =1. Otherwise when the generated is less than 1 the 

DMU is classified as inefficient. For every DEA run conducted, a resulting efficiency score will be 

generated and a set of j,j = 1,2,…,n, values will be created for each DMU. The vector  defines a 

point of the envelopment surface. Worthington (1999, p. 236) shows that “this point is either a 

linear combination of units that lie on the surface of the envelopment surface in the case of constant 

returns to scale or a convex combination for the variable returns to scale formulation”. The set of 

efficient funds {j:j > 0} is identified as the peer group of a designated DMU. The inclusion of the 

convexity constraint (Equation 3.4) allows for variable returns to scale (VRS) and is a measure of 

pure technical efficiency. When the convexity constraint is relaxed the resulting model represents 

the constant returns to scale (CRS) and is a measure of overall technical efficiency. Appropriate 

graphical depictions of pure technical efficiency and overall technical efficiency are presented in 

Favero and Papi (1995) and Drake and Weyman-Jones (1996). 

 

2.2 The Logistic Regression Model 

In order to assess the dependence of DMU efficiency with respect to specific fund attributes, 

management strategy and the operating environment a logistic regression of general form is used. 

In order to work, the model requires DEA relative efficiency scores to be converted to an index 

measure of efficiency. Following Fried et al (1993) who evaluated the performance of US credit 

unions, the logistic model in this paper deals with cases where a DMU is found to be DEA efficient 

by  assigning it the value 0, the value 1 otherwise. These transformed relative efficiency scores are 

then regressed against a set of environmental variables using standard binary logistic regression. 



9 

 

The variables included within the regression are identified within the literature as being those best 

able to explain the source of the inefficiency The model used in the second step of the „two-step‟ 

procedure is as follows: 

 

P(fund is inefficient) 
ze


1

1
                                  (Equation 4) 

where, Z = β0 + β1z1 +… … + βkzk. It follows that 










effciient) is P(DMU

t)inefficien is P(DMU
log  β0 + β1z2 +… … + βkzk.          (Equation 5) 

 

The major attraction of the logistic model in its general form is that the independent explanatory 

variables z1, z2, … zk can be either continuous or categorical (Galagedera and Silvapulle 2002). 

One can think of the odds of any given DMU being equal to the likelihood of DMU being found to 

be inefficient divided by the probability of a DMU being found to be efficient. When interpreting 

the model the exponent of the coefficient for an explanatory variable indicates the magnitude of the 

change in likelihood with a unit increase in the explanatory variables, ceteris paribus. 

 

3. Data and variable selection 

3.1 Data 

The input-output data variables on 682 Australian managed funds for a ten year period January 

1998 to December 2007 are obtained from Morningstar Pty Limited. Morningstar provides 

information on qualitative as well as quantitative variables associated with a large number of 

managed funds. The qualitative variables available in the Morningstar database (Morningstar 

Direct version 3.4, 2008) include; specific funds‟ features, management objectives and strategy, 

and the Morningstar qualitative rating, amongst many others. The quantitative variables are mainly 

historical information pertaining to cash flows, net asset size, fund age, asset allocation, fees 

charged and the Morningstar “star” rating.  

 

In this paper the sensitivity of the DEA relative efficiency score is assessed across a wide range of 

different sets of input-output variable combinations measured across short-, medium-, and long-

term time periods. Spearman rank-order correlation is then used to show that the choice of DEA 

run (and hence input-output selection) has little impact on the overall rankings of funds. 

 

The comprehensive Morningstar Direct database provides information on 2305 Australian open 

ended managed funds with return data over the full ten year period of 1998-2007. However, our 

final sample is reduced to 682 managed funds due to the lack of availability of complete 
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information (input-output variables) on these funds. The sample size in this paper is significantly 

larger than any previous study investigating the relative efficiency score of managed funds within 

the Australian market. The total value of assets in these 682 funds is approximately AUD 314 

billion and represents about 33% of the total size of the entire Australian managed fund industry. 

 

3.2 Input and Output Variable Specification for Data Envelopment Analysis 

For the purpose of the DEA runs in this paper five output and eight input variables are identified. 

With DEA, like any other econometric technique, it is imperative to first establish a priori to 

explain the association between inputs and outputs. Not only is this important as it will minimize 

redundancies in these variables but will also ensure appropriate care is taken in the specification 

and measurement of data. Within the literatures there is no consensus among researchers or 

practitioners as to which input and output variables should be included in a DEA model. Past 

studies on the investment management industry that have adopted a DEA approach have tended to 

select variables by relying upon expert judgement rather than any formal selection process 

(Charnes et al. 1981; Callen 1991; Cholos 1997). Alternative methods for variable selection within 

the investment industry have also used principal components analysis (Adler and Golany 2001) and 

a step-wise approach to input–output variable selection (Norman and Stoker 2001). For this paper, 

the variable selection is determined on a combination of past history (Murthi et al, 1997; McMullen 

and Strong 1998), expert judgement (Investment Company institute 1997), identification of weak 

association between input variables as reported within the literature to be important (Avkiran 

2006), and data availability. 

 

The five output variables (described below) within the DEA runs attempt to capture (i) the short-, 

(ii) the medium-, and (iii) the long term performance. The short-term performance is captured by 

the returns in the final 12 months. The medium-term performance is measured by two- and three-

year annual returns. The ex-post five- and ten-year gross performance indicates the output in the 

long-term.  

 

In order to investigate superior management talents (measured by investigating revenue efficiency 

scores) Jensen (1968) is followed. Jensen argued that when studying the impact of transaction costs 

on performance, the use of gross returns is preferred. Hence the output used in the DEA analysis 

involves the gross performance of funds defined in terms of income. To calculate Gross Return we 

use a method similar to Chen, Hong, Ming and Kubik (2004). Specifically, the average annual 

expense ratio is calculated for each fund over the sample period (1998-2007). The average annual 

expense ratio is then divided by 12 and added to the monthly returns for the period 1998 to 2007. 
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The process for selecting input variables for inclusion within the DEA model are as identified 

above.  Table 1 shows the correlation matrix between the input-output variables included within the 

analysis. The low correlation between the input variables identified in Table 1 indicates that the 

efficiency results will not be biased in any fashion due to highly correlated variables. This is 

important as not only will elimination of highly correlated variables save time in data acquisition, 

storage, and calculation, but the major caveat is that when perfectly (or highly) correlated factors 

are included they do impact on the results (Avkiran 2006).  

 

Table 1 

Correlation Matrix for Input-Output Variables Included Within DEA Runs 
The following table provides the correlation coefficient between inputs and outputs used in the DEA runs. For the 

purpose of illustration the 1 year annual return and 1 year standard deviation have been used within this table. 

Correlations between the various measures of return and risk were positively related. The correlation between the 1-, 2-, 

3-, 5- and 10-year annual returns ranged between 0.52 and 1.00 whereas the correlation between the 1-, 2-, 3-, 5- and 10-

year annual standard deviation ranged between 0.83 and 1.00.  The following abbreviations are used in the table to 

identify inputs and outputs; [1YR] represents the output 1 year annual gross return, [1YSD] the input 1 year annual 

standard deviation, [SC] sales charges, [MER] management expense ratio, [MII] minimum initial investment. 

 

  1YR 1YSD SC MER MII 

1YR 1.00         

1YSD -0.08 1.00       

SC 0.05 0.11 1.00     

MER 0.00 -0.04 0.00 1.00   

MII 0.03 0.06 -0.06 -0.02 1.00 

 

     
The input variables used in the DEA analysis are the following; (i) the standard deviations of the 1-

, 2-, 3-, 5- and 10-year gross returns; (ii) sales charges incurred at the time of purchasing and when 

selling funds; (iii) operating expenses commonly referred to within the literature as the 

management expense ratio (MER); and (iv) minimum initial investment. For details pertaining the 

descriptive statistics associated with the DEA input and output variables refer to Table 2.  

Table 2 

Explanatory Variables and Descriptive Statistics for Data Envelopment Analysis 
The following table provides descriptive statistics for input (X1-X8) and output (Y1-Y5) variables associated with the 

DEA runs as at December 2007. All figures presented are in percentage form with the exception of the management 

expense ratio which is presented in ratio form and the minimum initial investment which is presented in Australian 

dollars and expressed in thousand dollar parcels. 

 

Variable  Mean Std 

Deviation 

Min Max 

Inputs 

     1 year annual standard deviation (%) 

     2 year annual standard deviation (%) 

     3 year annual standard deviation (%) 

     5 year annual standard deviation (%) 

     10 year annual standard deviation (%) 

     Sales Charges (%) 

     Management Expense Ratio  

     Minimum Initial Investment (AUD$‟000) 

 

X1 

X2 

X3 

X4 

X5 

X6 

X7 

X8 

 

6.24 

6.28 

6.32 

6.21 

7.19 

0.20 

1.85 

92.68 

 

4.78 

4.58 

4.45 

4.28 

4.92 

0.86 

12.41 

362.41 

 

0.02 

0.02 

0.02 

0.02 

0.04 

0.00 

0.15 

0.00 

 

27.82 

27.03 

25.88 

23.85 

23.75 

4.50 

325.00 

5,000.00 
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Outputs 

     1 year annual gross return (%) 

     2 year annual gross return (%) 

     3 year annual gross return (%) 

     5 year annual gross return (%) 

     10 year annual gross return (%) 

 

Y1 

Y2 

Y3 

Y4 

Y5 

 

5.51 

9.67 

10.92 

11.15 

7.99 

 

8.58 

7.08 

6.76 

6.92 

4.25 

 

-24.75 

-15.51 

-2.63 

-3.67 

-0.13 

 

51.12 

45.42 

39.89 

43.23 

25.47 

 

 

3.3 Variable Specifications for the Logistic Model 

 
Any variation in the relative inefficiencies that may have occurred in the DEA runs by variables 

that proxy a fund‟s business risk, management strategy, return objective, fund classification and tax 

structure are identified in the second-stage of the analysis by implementation of a logistic model. 

The variables to be included (along with descriptive statistics) in the secondary logistic regression 

are presented in Table 3.   

 

The first category of variables in Table 3 (Panel A) relates to the operational characteristics for 

each fund and is determined by using proxies for experience, magnitude of the operation and the 

level of investor confidence. The proxies adopted for the three operational characteristics 

respectively are fund age (Z1) expressed in months, fund size (Z2) and the 12-month total dollar 

flow (Z3) which are both expressed in millions of Australian dollars. 

 

The second category of explanatory variables‟ in Panel B in Table 3 is related to a funds 

management strategy and are represented by an asset allocation score (Z4) which is calculated by 

close inspection of the investments actually distributed to each specific asset class. Additionally 

strategy is explained by observing the number of funds which invest in each main asset class as at 

December 2007 i.e., a funds major investment sector (Z5-Z8). As shown in Panel C, from the fund 

profiles downloaded from Morningstar direct database and Morningstar total access database, it is 

evident that capital is distributed by funds into eight different asset classes, namely; Australian 

shares, international shares, Australian fixed income, international fixed income, Australian cash, 

international cash, Australian property and a catch all asset class „other‟. In order to strengthen 

results and mitigate the argument of unreliable statistical inference as a result of including all eight 

assets classes within the logistic regression model an asset allocation score is constructed which is 

computed on the allocation of capital to the various asset classes. The asset allocation score is 

computed following Galagedera and Silvapulle (2002) as follows: (i) asset classes are ranked in 

order of risk from least risky to most risky and then assigned a number between 100 and 800 in 100 

block intervals respectively
2
, (ii) for each fund a continuous variable is then constructed by 

                                                 
2
 The asset classes are ranked in order from least risky to most risky and assigned a number (in brackets) 

between 1 and 8 respectively in the following order: (100) Australian cash, (200) international cash, (300) 

Australian fixed income, (400) international fixed income, (500) Australian property, (600) Australian shares, 

(700) international shares, (800) other. For the purpose of this paper the asset class „other‟ was assigned as 

the highest risk class given the contents of this category were primarily unknown. 
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weighting the percentage allocation to each asset class, (iii) this variable is then transformed using 

a linear transformation ax – b where a = 1/7 and b = 100/7. 

 

The next three categories of variables are included to account for; the investment objective of the 

funds (Z9 – Z11) in Panel D in Table 3 as stipulated within the prospectus; economic variation as 

determined by the funds classification as either wholesale or retail funds (Z12) in Panel E; and the 

impact of legislative practices as determined by the investment tax structure under which the funds 

operate (Z13-Z16) as shown in Panel F. The fourth category of variables that provide proxies for 

investment objective (refer to Panel D) are a set of dummy variables that allocates funds to three 

broad fund objectives, namely; Capital growth (z9), income (z10) or balanced (z11). This 

classification is determined by the objectives outlined within the prospectus of the fund. The fifth 

category, Panel E of Table 3, comprises a dummy variable that assigns funds to one of two trading 

classes, retail or wholesale. All other things being equal, a wholesale fund will attract greater fund 

flows than retail funds (Sawicki 2000). In general this means the prospects for attaining an efficient 

scale of operation are higher for wholesale funds than with the case of retail funds. Finally the sixth 

category (Panel F of Table 3) provides a set of dummy variables that classifies funds by investment 

tax structure and ensures funds are taxed at the same rate. The Morningstar classification system 

introduced in December 2005 ensures that funds are closely grouped together with those 

considered to be close investment alternatives. The most important criteria for determining whether 

funds are recognised as „close investment alternatives‟ involve insuring that the tax treatment and 

the legal characteristics of each fund in a given category are the same. Morningstar currently has 51 

separate category listings for Australian open ended managed funds. For the logistic regression 

model these funds have been linked with other like categories (as determined by Morningstar) 

within four broad asset classes, namely allocation
3
, alternative investments, equity and fixed 

income. The Morningstar category classification system, which has achieved widespread market 

acceptance, has been designed to ensure the `analysis does not suffer from inconsistency of 

taxation treatment (Morningstar 2005). 

 

. 

                                                 
3
 Allocation funds seek to provide both capital appreciation and income by investing in three major areas: 

stocks, bonds, and cash. These funds typically have 20% to 50% of assets in equities and 50% to 80% of 

assets in fixed income and cash. 
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Table 3 

Explanatory Variables and Descriptive Statistics for Logistic Regression Model  
The following table provides descriptive statistics for the explanatory variables associated with the logistic regression model. The table provides the summary statistics for managed funds. 

Operational characteristics (Z1-Z3) provide information regarding the business risk of a fund. Age is presented in months of operation since inception through December 2007. Fund size and 12-

month total dollar flow are expressed in Australian dollars and are presented in millions of dollars. The fund‟s management strategy is explained by a constructed asset allocation score expressed 

out of 100 (Z4) and a set of dummy variables used to explain the major assets which funds invest in as at December 2007 (Z5-Z8). The investment objective of a fund as detailed within each 

funds‟ prospectus (Z9-Z11) is a set of dummy variables that best explains the objective of a given fund at time of print. Fund classification (Z12) comprises a dummy variable that assigns funds to 

one of two trading classes, retail or wholesale. Finally the impact of legislative practices as determined by the investment tax structure under which the fund operates is explained by assigning 

funds to a Morningstar broad asset category (Z13-Z16).  Summary statistics are provided in columns 3-6 and the total number of funds for each explanatory variable is provided in column 7. 

 

Variable  Mean Std Deviation Min Max No. of Funds 

PANEL A (Operational Characteristics) 

Age (months) 

Fund Size (AUD$‟M) 

12-month Total Dollar Flow (AUD$‟M) 

PANEL B (Management Strategy) 

Asset Allocation Score 

PANEL C (Fund Major Sectors) 

     Cash  

     Fixed Interest 

     Property 

     Shares (and other assets) 

PANEL D (Fund Objectives by Prospectus) 

     Capital Growth 

     Income 

     Balanced 

PANEL E (Fund Classification) 

     Retail 

     Wholesale 

PANEL F (Tax Structure by Asset Class) 

      Allocation 

      Alternative 

      Equity 

      Fixed Income 

 

Z1 

Z2 

Z3 

 

Z4 

 

Z5 

Z6 

Z7 

Z8 

 

Z9 

Z10 

Z11 

 

Z12 

 

 

Z13 

Z14 

Z15 

Z16 

 

179.87 

460.29 

-2.10 

 

53.05 

 

53.44 

1,221.61 

222.20 

 

21.90 

 

 

120 

0.18 

1,543.16 

 

0.00 

 

525 

17,768.34 

3,395.10 

 

90.93 

 

 

 

 

682  

682  

682   

 

682  

 

79 

154  

36 

413  

 

329 

159 

194 

 

492 

190 

 

227 

13 

297 

145 
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4. Analysis and Results 

4.1 DEA analysis and empirical results 

In this paper we consider 56 combinations of input-output variables in the DEA analysis. The 56 

DEA runs evaluate the impact on pure technical efficiency and overall technical efficiency by 

changing the combinations of input and output variables included in the models. Table 4 provides a 

detailed summary of variables included within each of the DEA runs examined. Of most 

importance the DEA runs can be categorised as follows; DEA runs 1, 9, 17, 25, 33, 41 and 49 are 

concerned with short term performance (identified by 1YR-Return in column 2); DEA runs 6, 14, 

22, 30, 38, 46  and 54 are concerned with  medium term performance (identified by 2YR-Return 

and 3YR-Return in column 3 and 4); and DEA runs 7, 15, 23, 31, 39, 47 and 55 are concerned with 

long term performance (identified by 5YR-Return and 10YR-Return in column 5 and 6) . Pure 

technical and overall technical efficiency results for the 56 DEA runs are presented in Table 5. In 

order to identify pure technical and overall technical efficiency scores variable returns to scale 

(VRS) and constant returns to scale (CRS) are adopted respectively using the software DEA-

solver-pro, version 5.0 (Cooper, Seiford and Tone 2000). The total number of input-output 

variables included within any given DEA run ranges between 3 and 14.  

 

It is evident from the results presented in Table 5 that the number of funds which are deemed to be 

efficient varies noticeably across the spectrum of DEA runs executed. Findings of importance 

include the following; (i) regardless of assumption (VRS or CRS) the greater the number of 

variables included in any given DEA run the greater the number of efficient funds, (ii) the longer 

the time horizon used for computing gross performance the higher the number of efficient funds 

identified, (iii) more times than not funds which are found to be pure and overall technically 

efficient for DEA runs that capture short term performance are found to be pure and overall 

technically efficient in the long term. A brief discussion of each of these findings is provided now 

First, consistent with the literature (Avkiran 2006) findings identify the greater the number of 

variables included within any DEA run the greater the number of funds which are found to be 

efficient from a technical (VRS) and an overall (CRS) efficiency perspective. For example, in 

Table 5 (refer column 2), 87 and 79 Australian equity managed funds are found to be technically 

efficient under the assumption of VRS for runs 8 and 16 which included both 13 (the maximum 

available) and 12 input-output variables respectively. Similar findings under the assumption of 

CRS are reported for overall efficiency in Table 5, found in columns 2-5 and 7-10 and presented in 

(parenthesis). Second, it is evident from the results in Table 5 that as the time horizon increases 

from the short to the medium to the long term the number of equity managed funds becoming 

efficient increases. To clarify this finding the 56 DEA runs can be broken down further into seven 

categories determined by the use of input variables included within each run. DEA runs 1-8 

examine (i) short, (ii) medium and (iii) long term performance when considering the appropriate 
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time horizon risk levels measured by standard deviation (SD), sales charges (SC), management 

expense ratio (MER) and initial investment (II). DEA runs 9 – 16 examine the three levels of 

performance taking into account the appropriate time horizon SD as well as MER and II. DEA runs 

17-24 examines the three levels of performance taking into account appropriate time horizon SD, 

SC and II whereas DEA runs 25-32 take into account appropriate time horizon SD, SC and MER. 

Finally DEA runs 33-40, 41-48 and 49-56 evaluate performance in the short, the medium and the 

long term by taking into account the appropriate time horizon SD along with, in isolation, SC, 

MER and then II respectively. In each of the seven categories for Australian equity managed funds 

it can be identified that the highest number of efficient funds coincides with the long term horizon 

(refer to DEA runs 7, 15, 23, 31, 39, 47 and 55). Again consistent findings under the assumption of 

CRS are found and presented in parenthesis in columns 2-5 and 7-10 in Table 5. It is therefore 

possible to infer from these findings that an age bias may exist with efficiency.  
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Table 4  

Variables Considered in Different Data Envelopment Analysis Runs  
The following table presents a summary of the variables included within each of the 56 DEA runs conducted.  The outputs variables are categorised according to the following 

abbreviations; [1YR_R] represents 1 year annual gross return, [2YR_R] the 2 year annual gross return, [3YR_R] the 3 year annual gross return, [5YR_R] the 5 year annual 

gross return, [10YR_R] the 10 year annual gross return. The input variables are categorised as follows;  [1YR_SD] represents 1 year standard deviation, [2YR_SD] the 2 year 

standard deviation, [3YR_SD] the 3 year standard deviation, [5YR_SD] the 5 year standard deviation, [10YR_SD] the 10 year standard deviation, [SC] sales charges, [MER] 

management expense ratio and [MII] minimum initial investment. 

RUN 1YR_R 2YR_R 3YR_R 5YR_R 10YR_R SC MER MII 1YR_SD 2YR_SD 3YR_SD 5YR_SD 10YR_SD 

1                           

2                           

3                           

4                           

5                           

6                           

7                           

8                           

9                           

10                           

11                           

12                           

13                           

14                           

15                           

16                           

17                           

18                           

19                           

20                           

21                           

22                           

23                           

24                           

25                           

26                           
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Table 4 (Continued) 

Variables Considered in Different Data Envelopment Analysis Runs  

RUN 1YR_R 2YR_R 3YR_R 5YR_R 10YR_R SC MER MII 1YR_SD 2YR_SD 3YR_SD 5YR_SD 10YR_SD 

27                           

28                           

29                           

30                           

31                           

32                           

33                           

34                           

35                           

36                           

37                           

38                           

39                           

40                           

41                           

42                           

43                           

44                           

45                           

46                           

47                           

48                           

49                           

50                           

51                           

52                           

53                           

54                           

55                           

56                           
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Table 5 

Summary Statistics of Pure Technical Efficiency Scores Under the Assumption of Variable Returns to Scale 
The following table presents summary statistics for pure technical efficiency scores under the assumption of variable returns to scale and overall technical efficiency statistics 

under the assumption of constant returns to scale. Statistics are presented in columns 2 through 5 and 7 though 10 for the 56 DEA runs conducted for both pure technical 

efficiency (VRS) and in (parenthesis) overall technical efficiency (CRS) respectively.  In column 1 and in column 6 the DEA run number is provided along with the total 

number of input and output variables indicated in [parentheses] for each of the alternative DEA runs. Details of the variables within each DEA run are provided in Table 6.4 

DEA Run Number of 

Efficient 

Funds 

Mean 

Efficiency 

Score 

Std Deviation 

of Efficiency 

Score 

Median 

Efficiency 

Score 

DEA Run Number of 

Efficient 

Funds 

Mean 

Efficiency 

Score 

Std Deviation 

of Efficiency 

Score 

Median 

Efficiency 

Score 

01 [5] 30 (13) 0.433 (0.305) 0.245 (0.266) 0.335 (0.229) 29 [4] 9 (4) 0.413 (0.267) 0.231 (0.185) 0.405 (0.221) 

02 [5] 30 (13) 0.475 (0.396) 0.232 (0.234) 0.408 (0.345) 30 [6] 19 (7) 0.438 (0.291) 0.245 (0.198) 0.400 (0.246) 

03 [5] 29 (10) 0.519 (0.431) 0.225 (0.203) 0.475 (0.391) 31 [6] 22 (9) 0.487 (0.316) 0.239 (0.196) 0.478 (0.282) 

04 [5] 28 (13) 0.532 (0.458) 0.224 (0.208) 0.502 (0.434) 32 [12] 45 (19) 0.541 (0.348) 0.267 (0.224) 0.530 (0.304) 

05 [5] 38 (16) 0.539 (0.436) 0.242 (0.222) 0.518 (0.408) 33 [3] 7 (1) 0.148 (0.072) 0.240 (0.193) 0.011 (0.011) 

06 [7] 39 (15) 0.528 (0.447) 0.232 (0.216) 0.479 (0.398) 34 [3] 6 (1) 0.156 (0.060) 0.201 (0.155) 0.045 (0.015) 

07 [7] 50 (23) 0.596 (0.502) 0.238 (0.219) 0.580 (0.474) 35 [3] 5 (1) 0.220 (0.057) 0.220 (0.138) 0.155 (0.016) 

08 [13] 87 (40) 0.638 (0.538) 0.251 (0.234) 0.622 (0.500) 36 [3] 4 (1) 0.233 (0.045) 0.200 (0.107) 0.200 (0.016) 

09 [4] 25 (12) 0.422 (0.297) 0.235 (0.261) 0.334 (0.225) 37 [3] 6 (1) 0.270 (0.066) 0.239 (0.128) 0.230 (0.022) 

10 [4] 29 (13) 0.475 (0.395) 0.231 (0.234) 0.408 (0.345) 38 [5] 11 (3) 0.229 (0.064) 0.231 (0.157) 0.156 (0.017) 

11 [4] 26 (10) 0.517 (0.430) 0.223 (0.202) 0.475 (0.391) 39 [5] 15(5) 0.351 (0.081) 0.264 (0.152) 0.339 (0.032) 

12 [4] 26 (12) 0.527 (0.453) 0.219 (0.205) 0.500 (0.429) 40 [11] 32 (14) 0.402 (0.105) 0.302 (0.208) 0.370 (0.033) 

13 [4] 34 (15) 0.537 (0.434) 0.239 (0.220) 0.518 (0.391) 41 [3] 14 (4) 0.313 (0.212) 0.243 (0.232) 0.231 (0.137) 

14 [6] 27 (15) 0.526 (0.445) 0.230 (0.215) 0.479 (0.398) 42 [3] 12 (4) 0.372 (0.260) 0.241 (0.204) 0.312 (0.209) 

15 [6] 46 (22) 0.593 (0.499) 0.235 (0.217) 0.577 (0.471) 43 [3] 13 (3) 0.430 (0.280) 0.239 (0.185) 0.392 (0.238) 

16 [12] 79 (37) 0.632 (0.534) 0.247 (0.232) 0.620 (0.498) 44 [3] 10 (3) 0.418 (0.283) 0.213 (0.171) 0.405 (0.256) 

17 [4] 16 (4) 0.443 (0.075) 0.356 (0.197) 0.421 (0.012) 45 [3] 9 (4) 0.413 (0.267) 0.231 (0.185) 0.405 (0.221) 

18 [4] 14 (4) 0.673 (0.069) 0.311 (0.163) 0.537 (0.021) 46 [5] 19 (7) 0.438 (0.291) 0.245 (0.198) 0.400 (0.398) 

19 [4] 14 (3) 0.260 (0.074) 0.246 (0.158) 0.199 (0.026) 47 [5] 22 (9) 0.487 (0.316) 0.239 (0.196) 0.478 (0.282) 

20 [4] 13 (3) 0.287 (0.102) 0.230 (0.165) 0.246 (0.058) 48 [11] 45 (19) 0.541 (0.348) 0.266 (0.224) 0.530 (0.304) 

21 [4] 17 (6) 0.344 (0.098) 0.270 (0.178) 0.317 (0.039) 49 [3] 12 (3) 0.167 (0.074) 0.253 (0.196) 0.019 (0.012) 

22 [6] 20 (5) 0.272 (0.080) 0.259 (0.175) 0.210 (0.026) 50 [3] 14 (3) 0.188 (0.062) 0.229 (0.158) 0.076 (0.016) 

23 [6] 29 (10) 0.408 (0.125) 0.281 (0.199) 0.405 (0.060) 51 [3] 11 (2) 0.247 (0.061) 0.237 (0.143) 0.191 (0.018) 

24 [12] 43 (21) 0.460 (0.151) 0.315 (0.238) 0.432 (0.073) 52 [3] 11 (2) 0.268 (0.066) 0.217 (0.128) 0.242 (0.030) 

25 [4] 14 (4) 0.313 (0.212) 0.243 (0.232) 0.231 (0.137) 53 [3] 14  (4) 0.342 (0.092) 0.268 (0.171) 0.316 (0.034) 

26 [4] 14 (4) 0.372 (0.260) 0.241 (0.204) 0.312 (0.209) 54 [5] 18 (4) 0.260 (0.068) 0.253 (0.162) 0.202 (0.019) 

27 [4] 13 (3) 0.430 (0.280) 0.239 (0.185) 0.392 (0.238) 55 [5] 26 (9) 0.401 (0.109) 0.280 (0.187) 0.393 (0.047) 

28 [4] 10 (3) 0.418 (0.283) 0.213 (0.171) 0.405 (0.256) 56 [11] 46 (16) 0.448 (0.127) 0.309 (0.225) 0.426 (0.048) 
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Additionally, further detailed analysis of fund efficiency (not shown in this paper) reveals that in at 

least half of the cases (54%) funds which are found to be pure technically efficient in the short term 

are still found to be pure technically efficient in the long term. Empirical evidence supports this 

claim with 64 out of the 118 funds deemed to be pure technically efficient in the short term across 

the seven different categories (differentiated only by inputs used within the DEA runs) still found 

to be pure technically efficient in the long term. It can be inferred that once a fund is found to be 

performing efficiently in the short term fund managers ensure that they maintain fee structure 

consistent with the returns generated so as not to hurt their relative performance ranking. An 

identical proportion of funds under the assumption of CRS was found to be technically overall 

efficient in the long term having been found overall technically efficient in the short term. Once 

again closer investigation reveals that 22 out of the 41 funds that are found to be technically overall 

efficient maintained this label in the long term. 

 

In order to compare Australian equity managed funds‟ efficiency scores (both pure technical and 

overall) on the basis of the 56 DEA runs Spearman rank-order correlation coefficients (1596 pair 

correlations in total) are computed. In nearly all the cases (under the assumption of both VRS and 

CRS) the rank-order correlation is found to be highly positively correlated. The range of Spearman 

rank-order correlations for Australian equity managed funds (assuming VRS) lies between 0.38 – 

1.00 (with 99% over 0.60) and 0.25 – 1.00 (Assuming CRS) with 92% over 0.60. These findings 

suggest that the choice of DEA run has little impact on the overall rankings of funds.  

 

The next stage of the analysis is to examine areas where improvements can be made with identified 

inefficient funds, i.e., implementation of strategies that may result in aligning operations with the 

observable best practice observed in efficient funds.  In Table 6 the slack component is provided 

for the eight inputs and the five outputs managed funds under the assumption of both VRS and 

CRS. The results (following Worthington 1999) are presented in percentage form in Table 6 and 

identify the total input excess to best practice and the total output shortfall to best practice. The 

averages are calculated for all 682 Australian equity funds over all of the 56 DEA runs. Emphasis 

should be placed upon VRS which as identified by Galagedera and Silvapulle (2002) is a more 

reliable measure of efficiency in the case of evaluating the investment fund industry. 
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Table 6 

Total Slack Identified for Australian Managed Funds 
The following table presents the total input excess (+) and the total output shortfalls (-) identified assuming 

variable and constant returns to scale for Australian equity managed funds. 

 

Variable Managed Funds 

(VRS) 

Managed Funds 

(CRS) 
Inputs 

     1 year annual standard deviation (%) 

     2 year annual standard deviation (%) 

     3 year annual standard deviation (%) 

     5 year annual standard deviation (%) 

     10 year annual standard deviation (%) 

     Sales Charges (%) 

     Management Expense Ratio  

     Minimum Initial Investment (AUD$‟000) 

Outputs 

     1 year annual gross return (%) 

     2 year annual gross return (%) 

     3 year annual gross return (%) 

     5 year annual gross return (%) 

     10 year annual gross return (%) 

 

 

3.78 (+) 

3.17 (+) 

2.20 (+) 

3.06 (+) 

1.02 (+) 

30.82 (+) 

10.92 (+) 

23.32 (+) 

 

65.25 (-) 

18.09 (-) 

4.35 (-) 

4.56 (-) 

6.88 (-) 

 

 

 

2.05 (+) 

1.44 (+) 

1.46 (+) 

1.55 (+) 

1.40 (+) 

15.58 (+) 

11.34 (+) 

7.82 (+) 

 

67.43 (-) 

13.13 (-) 

4.10 (-) 

2.82 (-) 

20.86 (-) 

 

 

First, with respect to inputs a number of improvements are possible. On average, sales charges are 

excessive for inefficient Australian equity managed funds where these charges are 30.82% on 

average higher than best practice (see column 2, Table 6). The minimum initial investment and 

management expense ratio are also significantly higher than best practice for Australian equity 

funds indicating that investment levels and the already identified problem of excessive 

management fees still requires further investigation by many fund families. The results in Table 6 

also show that volatility exposure by fund managers in Australia is well managed with inefficient 

funds only marginally higher than best practice across the full spectrum of time horizon. The 

findings are consistent under both the assumption of VRS and CRS. 

 

Second, for outputs the underperformance of managed funds is significant on the basis of short 

term performance (1 year gross return) with both in the case of VRS (65.25%) and CRS (67.43%) 

inefficient funds significantly below the performance of efficient funds.  In the long term (5 and 10 

year gross performance) underperformance with respect to best practice is also alarming, 

particularly when assuming CRS. The ability to identify efficient funds provides investors and fund 

managers (when constructing portfolio of funds) with an advantage with respect to enhancing both 

short and long term returns and ultimately their bonuses. Conversely, fund managers who are 

suddenly outperformed by the market or their peers can face cash withdrawls (Del Guerico and 

Tkac 2008) and even the possibility of being replaced as indicated by recent media reports (Collett 

2007: Ferris 2008). The practical relevance of this problem is particularly confounded in the 

Australian fund industry given the compulsory nature of superannuation, and the freedom of choice 
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that now prevail within the industry with respect to where these funds are invested (i.e., in managed 

funds). A few inopportune security selections can result in sharp and sudden divergences amongst 

fund performance. Given the high profile the industry receives in Australia, daily coverage of stock 

market performance across five free-to-air television channels and the magnitude of pay-for-view 

(Pay-TV) channels, investors are readily aware if the performance of their fund lags behind other 

funds in the same investment category.  

 

4.2 Logistic Regression Analysis 

In step one the relative efficiency of 682 Australian managed funds was determined using data 

envelopment analysis as discussed in the previous section. Inefficiencies were identified and 

strategies suggested as how to improve performance were suggested. In step two of the analysis, 

discussed in this section, a logistic regression model is used to investigate how well the variation in 

the relative inefficiency scores can be explained by investment attributes and fund characteristics 

not included within the DEA analysis (these explanatory variables were previously listed in Table 

3). The logistic model is estimated for all 56 DEA runs for Australian equity managed funds 

assuming VRS and CRS. In total this represents 112 separate logistic regressions. Findings are 

presented in summary form (see Table 7) addressing the salient points. For the purpose of 

presentation in this paper managed fund results assuming VRS reported are for DEA runs 1, 9, 17, 

25, 33, 41 and 49, which represent short term performance and also for DEA runs 7, 15, 23, 31, 39, 

47 and 55, which represent long term performance. Coefficient estimates, standard errors and 

significance values for the Wald test of the logistic regressions presented are in Table 7. 

 

As far as pure technical efficiency of Australian equity managed funds is concerned, the estimates 

reveal that fund age, fund size and fund flow are positive and significant for the majority of DEA 

runs with both the short and long term information (see Table 7, Panel A and B respectively). This 

finding suggests an existence of a size and age bias indicating that the longer the time since a 

fund‟s inception date the greater the chance that it will be of a larger size and hence attract 

additional fund flow. The net result is a decreased likelihood of that fund being labelled inefficient. 

The effect of asset allocation score on a fund‟s inefficiency is negative and significant when using 

long term information, indicating that well diversified funds with a long term horizon and 

appropriate safe guards in place tend to enhance their chances of becoming efficient (or decrease 

the chances of being labelled inefficient). This finding is in line with finance theory by supporting 

Markowitz (1952, 1959) who endorses the idea of a well diversified portfolio. 

 

The effect of categorical variables, (i.e., major sector, fund objective, fund classification and fund 

tax structure) on relative efficiency is now discussed. The coefficients, standard error and Wald test 

significance level are not reported for the fore-mentioned in Table 7.  
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First, with regards to the funds major sector, no findings of significance are identified with the 

short term information. With long term information, the cash sector and the property sector have 

positive coefficients and are statistically significant indicating, compared to shares and fixed 

income, that investment in these sectors enhances the chance of a fund being labelled inefficient. 

Second, the objective of the fund, where funds were classified as either capital growth, income or 

balanced identified an increased chance of a fund becoming inefficient in the case of income funds 

with both short and long term information. This finding was statistically significant in the case of 

short term information for DEA runs 1, 9 and 49 and in the case of long term information for DEA 

runs 7, 15, 23, and 55. Fund classification did not provide statistically significant results for either 

short term or long term information and therefore is identified as failing to provide any further 

information with respect to the variation in the relative inefficiency scores. Finally, fund tax 

structure provides consistent findings in the case of allocation where the positive coefficient is 

found to be statistically significant again indicating a greater likelihood of a fund, classified 

accordingly, being found to be inefficient. The analysis for Australian equity managed funds under 

the assumption of CRS provides similar results to those obtained under VRS.  
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Table 7 

Estimates of Logistic Regression Parameters for Managed Funds 
The following table presents the estimates of the binary logistic regression parameters for explaining the variation in relative inefficiencies for Australian equity managed 

funds under the VRS assumption. The results presented are for DEA runs 1, 9, 17, 25, 33, 41 and 49 which represent short term performance and also for DEA runs 7, 15, 23, 

31, 39, 47 and 55 which represents long term performance. The following notation ***signifies significance at the 99% level, ** at the 95% level, and * at the 90% level. 

Under the heading other significant characteristics; Z_05 refers to cash as major sector , Z_06 refers to Fixed Income as major sector ; Z_07 refers to Property as major sector; 

Z_10 refers to Income as fund objective ; Z_12 refers to fund classification ; Z_13 refers to Allocation for fund tax structure ; and Z_14 refers to Alternative for fund tax 

structure. 
PANEL A: SHORT TERM DEA RUNS (% Correct) DEA Run 01 (96.2%) DEA Run 09 (97.1%) DEA Run 17 (97.7%) DEA Run 25 (97.9%) DEA Run 33 (99.1%) DEA Run 41 (97.9%) DEA Run 49 (98.2%)
Z1_FundAge

Coefficient 0.0088 0.0101 0.0099 0.0203 0.0206 0.0203 0.0142

Std. Error 0.0037 0.0043 0.0046 0.0060 0.0077 0.0060 0.0052

Wald Test (Sig) 0.018*** 0.017*** 0.031** 0.001*** 0.008*** 0.001*** 0.007***

Z2_FundSize

Coefficient 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

Std. Error 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

Wald Test (Sig) 0.018*** 0.023*** 0.383 0.046** 0.263 0.046** 0.408

Z3_FundFlow

Coefficient 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

Std. Error 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

Wald Test (Sig) 0.006*** 0.008*** 0.331 0.039** 0.259 0.039** 0.393

Z4_AA Score

Coefficient -0.0442 -0.0331 -0.0607 -0.0306 0.0051 -0.0306 -0.0543

Std. Error 0.0401 0.0410 0.0619 0.0469 0.0583 0.0469 0.0697

Wald Test (Sig) 0.271 0.419 0.326 0.514 0.930 0.514 0.436

Other Significant Characteristics Z_10***; Z_13*** Z_10***; Z_13*** Z_10***; Z_13*** Z_12*** Z_12*** Z_10***; Z_13***

PANEL B: LONG TERM DEA RUNS (% Correct) DEA Run 07 (92.4%) DEA Run 15 (93.0%) DEA Run 23 (95.6%) DEA Run 31 (97.2%) DEA Run 39 (97.8%) DEA Run 47 (97.2%) DEA Run 55 (96.0%)
Z1_FundAge

Coefficient 0.0031 0.0041 0.0061 0.0070 0.0085 0.0070 0.0068

Std. Error 0.0029 0.0029 0.0033 0.0040 0.0044 0.0040 0.0033

Wald Test (Sig) 0.289 0.160 0.063* 0.080* 0.053* 0.080* 0.041**

Z2_FundSize

Coefficient 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

Std. Error 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

Wald Test (Sig) 0.057* 0.071* 0.322 0.252 0.297 0.252 0.380

Z3_FundFlow

Coefficient 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

Std. Error 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

Wald Test (Sig) 0.012*** 0.013*** 0.810 0.224 0.728 0.224 0.978

Z4_AA Score

Coefficient -0.1010 -0.1130 -0.0898 -0.0891 -0.0797 -0.0891 -1190.0000

Std. Error 0.0371 0.0396 0.0481 0.0552 0.0610 0.0552 0.0541

Wald Test (Sig) 0.006*** 0.004*** 0.062* 0.106 0.192 0.106 0.028**

Other Significant Characteristics Z_05***; Z_06 ** Z_05***; Z_06 * Z_05**; Z_06 * Z_05*; Z_13*** Z_13*** Z_05*; Z_13*** Z_05***; Z_06*

Z_07***; Z_10*** Z_07***; Z_10*** Z_07*; Z_10** Z_07**; Z_10***

Z_13**; Z_14*** Z_13**; Z_14*** Z_13***; Z_14* Z_13***; Z_14***



 

25 

 

4.3 Morningstar „Star‟ Rating versus DEA Ranking 

In constructing Morningstar star ratings each fund is first placed within the category as indicated in 

the latest monthly record. For each category, Morningstar calculates a three year Morningstar 

rating for all member funds that have at least 36 months of total return data, up to and including the 

evaluation month. In extreme situations where funds within a particular category vary widely with 

respect to their risk exposure (i.e., it is a “convenience category”), a Morningstar star rating would 

have little value and is thus not assigned. In order to assign three-year ratings to funds within a 

given category, Morningstar calculates the load-adjusted Morningstar risk adjusted return (MRAR) 

of total returns for the 36 months ending in the evaluation month. All funds within each specific 

category (peer group) are then ranked on the basis of the MRAR from highest to lowest with the 

distribution of funds being assigned as follows. The funds in the top 10% of the distribution obtain 

a five star rating; those within the following 22.5% obtain a four star  rating; those in the middle 

35% receive a three star rating; the bottom 10% receive a one star rating; and the remaining 22.5% 

a two star rating. The rankings are updated on a continuing basis, the 9th business day of each 

calendar month, and a new star rating assigned. In Australia, star ratings are calculated on longer 

periods of data if the data is available. Five year ratings are calculated and assigned using 60 

months of data. An overall star rating is assigned for each fund is then based on the weighted 

average of the number of stars allocated to it in the three-year and five-year rating periods.  

 

In order to determine if an association between relative efficiency and Morningstar “star” ratings 

holds, a contingency table of DEA relative efficiency scores (assuming VRS and CRS) for 

Australian equity managed funds and the Morningstar “star” rating assigned a particular fund as at 

December 2007 is constructed (see Table 8).  A chi-square test for independence is then conducted 

in order to test H0: there is no relationship between Morningstar ratings and the DEA efficiency 

score. The four panels presented in Table 8 test the null hypothesis by examining the average DEA 

efficiency score for each fund across all 56 DEA runs (Panel A), DEA runs that evaluate short-term 

performance (Panel B), DEA runs that evaluate medium term performance (Panel C), and finally 

DEA runs that evaluate long term performance (Panel D). The chi-square test rejected the null 

hypothesis in all four scenarios at the 1% level of significance. Similar results were found under the 

assumption of CRS. 

 

The findings across all four panels are similar. Equity managed funds with an average DEA 

efficiency score over 0.80 tend to receive a 5 star rating. This finding is consistent across panels A-

C with 55% (Panel A, column 6), 70% (Panel B column 6), and 49% (Panel C, column 6) of high 

efficiency score funds receive the top 5 star rating. The high proportion (70%) of high efficiency 

scoring funds receiving the top 5 star rating in the short term suggests that efficiency is an 

important measure that can be taken into account by financial advisors and investors alike when 
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constructing their portfolios. High efficiency scores are also likely to result in high ratings on the 

basis of long term performance results, (see Panel D column 6 where 58% of funds with a high 

DEA efficiency score received a 4 or 5 star rating) but these findings are not quite as conclusive as 

found on the basis of 1 year annual gross returns.   

 

Table 8 

Contingency Table Between Morningstar “Star” Ratings and DEA Efficiency Scores 
The following table presents the contingency table and chi-square test statistic for independence between 

Morningstar star ratings and the DEA efficiency scores (assuming VRS). Panel A presents the contingency 

table for the average DEA score across all 56 DEA runs. Panel B presents the contingency tables for the 

average DEA score across DEA runs 1, 9, 17, 25, 33, 41 and 49 which all evaluate short term performance (1 

year annual gross return). Panel C presents the contingency tables for the average DEA score across DEA 

runs 6, 14, 22, 30, 38, 46 and 54 which all evaluate medium term performance (2 and 3 year annual gross 

return). Panel D presents the contingency tables for the average DEA score across DEA runs 7, 15, 23, 31, 

39, 47 and 55 which all evaluate long term performance (5 and 10 year annual gross return). The chi-square 

test statistic is provided in each case. * signifies significance.  
PANEL A: OVERALL

(χ2 = 0.02185)*RANGE 

RATING DEA score < 0.2 0.2 < DEA score < 0.40 0.40 < DEA score < 0.6 0.6 < DEA score < 0.8 DEA score > 0.8 Grand Total

1 32 53 24 4 113

2 42 51 26 10 1 130

3 49 86 40 33 5 213

4 11 66 48 50 8 183

5 2 5 5 14 17 43

Grand Total 136 261 143 111 31 682

PANEL B: SHORT TERM

(χ2 = 0.03305)*RANGE 

RATING DEA score < 0.2 0.2 < DEA score < 0.40 0.40 < DEA score < 0.6 0.6 < DEA score < 0.8 DEA score > 0.8 Grand Total

1 89 21 3 0 113

2 88 26 12 2 2 130

3 123 37 35 14 4 213

4 68 47 34 30 4 183

5 7 1 4 8 23 43

Grand Total 375 132 88 54 33 682

PANEL C: MEDIUM TERM

 (χ2 = 0.02499)*RANGE

RATING DEA score < 0.2 0.2 < DEA score < 0.40 0.40 < DEA score < 0.6 0.6 < DEA score < 0.8 DEA score > 0.8 Grand Total

1 37 54 19 1 2 113

2 56 34 33 5 2 130

3 68 70 34 37 4 213

4 11 66 54 40 12 183

5 3 5 3 13 19 43

Grand Total 175 229 143 96 39 682

PANEL D: LONG TERM

(χ2 = 0.01419)*RANGE 

RATING DEA score < 0.2 0.2 < DEA score < 0.40 0.40 < DEA score < 0.6 0.6 < DEA score < 0.8 DEA score > 0.8 Grand Total

1 31 25 38 13 6 113

2 38 29 39 19 5 130

3 39 61 47 45 21 213

4 6 36 64 54 23 183

5 1 4 6 11 21 43

Grand Total 115 155 194 142 76 682  
 
Conversely the opposite is found in that the majority of funds with low DEA efficiency scores are 

found to have low ratings. Across the four panels funds with low DEA efficiency scores (less than 

0.20) and a 1-3 star rating represented 90% (Panel A, columns 2-4), 80% (Panel B, columns 2-4), 

92% (Panel C, columns 2-4) and 94% (Panel D, columns 2-4) respectively.  These findings identify 

that DEA inefficiency is a clear signal that a fund will not receive a high rating either in the short-, 
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medium- or long term. Fund managers who are identified as managing inefficient funds should be 

very concerned about the long term prospects of the fund and make immediate changes to areas 

identified as contributing to the inefficiency. The findings in this study clearly identify over the 

short, the medium and the long term that a strong association exists between DEA relative 

efficiency scores and the Morningstar “star” rating. Hence, DEA-based efficiency offers an 

important signal to investors who are interested in identifying the future direction of a fund‟s 

rating, particularly given the recent important findings of Del Guerico and Tkac (2008) that 

identified an important link between fund flows and managed fund ratings. 

 

Table 9  

Probit Analysis for Testing the Link Between Managed Fund Efficiency and 

Morningstar Upgrades (Downgrades) 
The following table presents the Berndt-Hall-Hall-Hausman probit analysis results for testing the relationship 

between high DEA efficiency scores and Morningstar rating upgrades (column 2 and 4) and the relationship 

between low DEA efficiency scores and Morningstar rating downgrades (column 3 and 5). Findings are 

reported assuming both VRS and CRS. T-statistic are reported in parentheses while *** signifies significance 

level at the 99% level. The McFadden R-Square, LR statistic, p value for the LR statistic and sample size (N) 

are also reported. 

 
 Rating  

Upgrade (VRS) 

Rating  

Downgrade (VRS) 

Rating  

Upgrade (CRS) 

Rating  

Downgrade (CRS) 

High Efficiency Score 0.219535 

(0.0344)*** 

  0.106034 

(0.0005)*** 

Low Efficiency Score  -1.264887 

(0.0000)*** 

-0.614419 

(0.0000)*** 

 

McFadden R
2 

LR Statistic 

P value – LR 

N 

0.037238 

33.72354 

0.000000 

682 

0.012451 

11.27558 

0.000785 

682 

0.032821 

29.72366 

0.000000 

682 

0.076004 

55.93404 

0.000000 

682 

 
Also as presented in Table 9 Australian equity managed funds with a high efficiency score and a 

low rating (lower than five anyway) are found to receive an upgrade in rating within six months of 

the analysis. Statistically significant results are found and reported in Table 9 in the case of both 

VRS and CRS. Conversely, Australian equity managed funds with a low efficiency score and a 

high rating (higher than 1 anyway) are found to receive a downgrade in rating within six months of 

the analysis. These findings are also found to be statistically significant at the 99 percent level and 

found to hold both under the assumption of VRS and CRS.  

 

5. CONCLSUIONS AND FUTURE RESEARCH 

In this paper, the relative DEA efficiency of 682 Australian equity managed funds are assessed 

across 56 DEA runs using a wide range of input and output variables. Findings of importance 

suggest that the greater the number of variables included in any given DEA run the greater the 

number of funds found to be efficient, the longer the time horizon used for computing gross 

performance the higher the number of efficient funds identified, and funds which are found to be 
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efficient for DEA runs that capture short term performance are more likely than not to be efficient 

in the long term. These observations make a significant contribution to the literature with respect to 

measuring the relative efficiency of funds within the investment management industry as they 

provide guidance for future analysis with respect to identifying appropriate input and output 

variables.  

 

Areas where improvements can be made with identified inefficient funds are also observed. With 

respect to inputs a number of improvements are possible. On average, sales charges are found to be 

excessive when compared with best-practice for inefficient funds, allowing fund managers to 

identify when changes to the fee structure are necessary. Also the minimum initial investment and 

management expense ratio are found to be significantly higher for inefficient funds than best 

practice. For output variables the underperformance of managed funds compared to best practice is 

alarming both on the basis of short term and long term performance. Given the long term horizon 

associated with this type of investment vehicle, and armed with this knowledge, investors are likely 

to revise portfolio holdings in favour of efficient funds over that of inefficient funds  in order to 

maximise the time invested in a fund performing efficiently and hence maximising investor returns. 

This issue is probably exacerbated in markets with similar institutional details to that of Australia, 

particularly given the recent change in legislation encouraging super choice and ease of movements 

between funds. Sudden under-performance on behalf of a fund may result in dramatic fund 

outflows endangering not only the fund managers‟ reputation but the continued existence of the 

fund.  

A logistic regression model is then used to investigate how well the variation in the relative 

inefficiency scores can be explained by investment attributes and fund characteristics not included 

within the DEA analysis. Findings suggests an existence of a size and age bias indicating that the 

longer the time since a fund‟s inception date the greater the chance that it will be of a larger size 

and hence attract additional fund flow decreasing the likelihood of that fund being labelled 

inefficient. The effect of categorical variables, (i.e., major sector, fund objective, fund classification 

and fund tax structure) on relative efficiency is also investigated and findings of significance 

reported.  

 

Finally a strong positive association is found to exist in all cases between the average DEA 

efficiency score, (computed using short-, medium-, and long-term information) and the 

Morningstar “star‟ rating. The strong association provides confidence in the use of ratings by 

individual investors and financial advisors alike when constructing their investment portfolios. 

Identification of efficiently performing funds with a current high rating should be desired from an 

investment perspective as this type of fund stands a significantly higher chance of maintaining this 

high rating in subsequent periods, attracting additional fund flows as a result, ultimately enhancing 
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investor returns in future periods. Portfolio fund managers also will be interested in this important 

finding as it allows identification of how well they are performing with regards to best practice. 

Importantly this enables identified problems to be rectified. Finally funds that are found to be 

efficient (inefficient) have a high likelihood of receiving a rating upgrade (rating downgrade) 

within six months following the analysis which allows the opportunity for action to be taken, by 

individuals and fund managers, to add and remove funds from portfolios in time to benefit from 

potential enhanced fund returns.  

 

The main limitation of this study is that findings are limited to that of only Australian equity 

managed funds and Morningstar “star” ratings. It is necessary to therefore explore alternative asset 

classes and alternative providers of rating information both in Australia and other markets to 

determine if findings hold under different settings. 
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