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Introduction 

Ratings should play a significant role in differentiating between good and bad funds. An 
Gottesman and Morey (2006) examination, and a Kinnel (2006) study showed that the 
new Morningstar rating system, introduced in June 2002, can predict future fund 
performance, at least in the first three years out of sample. However, a Neuberg and 
Terraza (2007) study shows that among a sample of funds, 60% get a different 
classification in function of the rating agencies. These results involving the consistency 
of the ratings, our research problem has naturally oriented towards the question: Can the 
ratings forecast fund’s performance? 
In order to help the investors to select appropriate funds, an attempt is made to specify 
the relationship between an investment funds’ performance and its ratings.  
At first, to take into account the sample size constraint and to measure forecasting ability, 
we have focused our attention on the Granger causality analysis in Panel Data referring to 
Hurlin (2007). The principal limit of this approach is the stationarity hypothesis and 
aggregated daily returns.  
Secondly, we propose a structural approach with incertitude reductions. Based on Toque 
(2006), it combines a technical analysis of oscillators borrowed from Wilder (1978) and 
the Shannon (1948) theory of information, with factorial techniques of visualization. This 
method is interesting since it does not require any a priori assumption like the stationarity 
hypothesis while working with short series, panel data analysis and monthly returns since 
it avoids the problem of time aggregation.  
In this paper, we propose a complementary approach to enrich information by series of 
states and to facilitate the interpretation by incertitude reduction. 
The rest of the paper proceeds as follow: section 2 summarizes the first approach and 
discusses rating’s forecasting ability on two panel data: only the French funds and the 
Luxembourg funds. Section 3 describes our structural approach and presents empirical 
results for the two panels. Section 4 compares the results and concludes the paper.  

1 Short-Run common trends in two Panels 

1.1 Data 
From the database of Lipper, we get funds observed from January 1 2004 to December 31 
2006 which represent 784 daily returns. In order to compare the results, we reduced our 
panel of funds to 28 French funds and 24 Luxembourg funds. Each fund is described by 
two series of 36 monthly ratings since we focused our study on the Europerformance and 
Morningstar agencies. 



   
1.2 Granger causality in two balanced panels 
First, unit root test for panels developed by Im et al. (2002) is performed and reports of 
one integrated for the monthly rating series (denoted dRMS for Morningstar and dRPerf 
for Europerformance) and zero integrated for the monthly returns series (denoted 
ReturnM). 
Second, in order to specify common trends and forecasting ability between the monthly 
returns and the ratings, we test the Granger causality in Panels as it is suggested by 
Hurlin (2007) with the exact fixed T and N test and critical values. 
The results of the test are given in Table 1 for the ‘French’ panel and in Table 2 for the 
‘Luxembourg’ panel. 
 

The WHnc statistic for fixed T and N sample 
  dRPerf -> ReturnM 1.036512   
  ReturnM -> dRPerf 0.844818   
       
  dRMS -> ReturnM 2.265559   
  ReturnM -> dRMS 1.643362   

Table 1. Granger Non-causality in the ‘French’ panel 

 
The WHnc statistic for fixed T and N sample 
  dRPerf -> ReturnM 1.877706   
  ReturnM -> dRPerf 0.7196445   
       
  dRMS -> ReturnM 1.525686   
  ReturnM -> dRMS 0.7190612   

Table 2. Granger Non-causality in the ‘Luxembourg’ panel 

For the French panel, two Granger causalities are significant at 5%, referring to the 1.61 
critical values. The first one is with a strong effect of one lagged dRMS on ReturnM and 
the second one is the inverse relation with a weakly effect. 
For the Luxembourg panel, only one Granger causality is significant at 5% with one 
lagged dRPerf on ReturnM referring to 1.68 critical value. 
We can conclude on forecasting ability of Morningstar ratings for the French funds and 
forecasting ability of Europerformance ratings for the Luxembourg funds. 
Europerformance rating seems to favour Luxembourg funds and Morningstar rating 
French funds. 



   
2 A structural approach with incertitude reduction 

2.1 Methodology 
The first stage of our structural method provides the identification of series of symbols: if 
the series is directly described by qualitative or quantitative symbols, we pursue the 
algorithm. Otherwise, we change the initial series in oscillators of T period by 
differentiating the data. We use the following code: a negative result that represents a 
decline is coded by the symbol (0), and a positive result or an advance is coded by the 
symbol (1). Finally, we obtain series of states with (0) and (1) symbols that reflect for 
T=1 return points. 
The second step consists in measuring frequencies of symbols and sequences of k 
symbols, denoted k-grams, on each series of states to estimate the different probabilities.  
For that, we use the theory of information with Shannon entropies, and Yaglom (1959) 
and Bavaud (1999) results to qualify the information about the previous probabilities and 
to reduce the incertitude. 
Let { }1 1,1 1,2 1,, ..., mP p p p= , the empirical probabilities of the m states or modalities of a 

( )tZ  series.  
An expected property of any incertitude measure would be to be minimal if and only if all 
the probabilities are concentrated in only one modality (determinist case: 1, 1ip = , 
1 i m≤ ≤ ), and maximal if and only if all the probabilities are equal (equiprobability: 

1,1 1,2 1,
1... mp p p
m

= = = = ). 

Shannon showed that 1 1( )H P  entropy, i.e. the first order entropy, presents these 
properties: 
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Let { }22 2,1 2,2 2,, ...,
m

P p p p=  the empirical probabilities of the 2m  pairs of states of a { }tZ  

series, { }33 3,1 3,2 3,, ...,
m

P p p p=  the empirical probabilities of the 3m  triplets of states, etc. 
Shannon’s entropy can be easily extended for the simple entropies of order k )1( >=k  as 
follows: 
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For the conditional entropies, conditional probabilities are estimated in order to show 
what effect the probability of an event can be conditioned by the information brought by 
another event. 



   
We conclude from the results that conditional entropies of order k , denoted kh , can be 
written as: 

 1 1( )kh H P=
  
if

  
1k =

 
Otherwise  

 1 1 1( / ) ( ) ( )k k k k k k k kh H P P H P H P− − −= = −
 

This kh  entropy is interpreted as the average incertitude on the k th symbol of one k -
gram whose first 1k −  symbols are known. 
According this result, we can specify the residual entropy of order k , denoted kd , by: 

 1k k kd h h += −
 

1k ≥
 

This entropy measures the average reduction of incertitude on a symbol according to we 
know the k - gram rather than the 1k −  gram1 only.  
Once the vectors of simple, conditional and residual entropies are estimated, we 
investigate the extension of factorial techniques like principal component analysis (PCA) 
to make time series reference factorial models. 

2.2 The results 
Firstly, the ‘R’ project is applied on the two monthly ratings. We can directly define the 
following symbols: (1) for the ‘1 star’ rating, (2) for the ‘2 star’ rating until (5) for the ‘5 
star’ rating. The symbol (6) is added for the special Euro performance ‘5h star’ rating. 
For the six modalities, we choose m=6 and for the orders of entropies, k=1 to 10. We 
compute the frequencies and the entropies to keep only residual ones to facilitate the 
following interpretations. For each fund, we obtain a first vector of residual entropies of 
dimension 18(=2*9=2*(10-1)).  
Secondly, the project is applied on the daily return series. The series of symbols is 
referred as (0) and (1) for the first differences. For the two modalities, we define m=2 and 
for the orders of entropies, k=1 to 10. As previously, only residual entropies are retained 
and for each fund, we estimate a second vector of residual entropies of dimension 9(=(10-
1)).  
Applying the methodology on the panel of 28 French funds and 24 Luxembourg funds, a 
first PCA is carried out on the matrix of residual entropies of dimension (52x3*9). The 
results reveal that a maximum order of 5 is sufficient. Finally, we present in (Fig. 1.), the 
correlations circles, in (Tab. 3.) the value of variables and in (Fig. 2.) a 3D scores 
graphic. 

                                                 
1 For the calculation of these entropies, a module is developed under the software ‘R’ (see 
the Fortran source code in Toque, 2006) 



   

 

Fig. 1. Correlations circles in (F1,F2) and (F1,F3) plans  for Luxembourg and French funds 

Variables Axe 1 Axe 2 Axe 3 
res1RMS 0,08 -0,58 0,11 
res2RMS 0,37 -0,73 0,25 
res3RMS 0,19 -0,74 0,16 
res4RMS 0,09 -0,5 -0,67 
res1RPerf -0,98 -0,14 -0,06 
res2Rperf -0,99 -0,12 -0,04 
res3RPerf -0,98 -0,12 -0,03 
res4RPerf -0,98 -0,13 -0,06 
res1Retquot 0,35 0 -0,77 

Tab. 3. Correlations between variables and axes.  



   

 

Fig. 2. 3D scores graphic for Luxembourg and French funds 

The analyses of eigenvalues histogram and correlations between variables and axes show 
that the best factorial visualization is obtained in the 3D (F1,F2,F3) principal components 
graphic which explains near 80% of the initial information.  
We observe that variables are near the correlation circles, near between them and with the 
factorial axes. Then, we can link the different axes by the variables. On the negative side 
of the correlation circle, the F1 axis is explained by reductions of incertitude measured on 
Europerformance ratings, the F2 axis is characterized by reductions of incertitude 
measured on Morningstar ratings and the F3 axis is essentially characterized by 
reductions of incertitude measured on daily returns.  
The Fig. 2 permits to show the good representation of two groups of funds in the 
(F1,F2,F3) space. We observe that the Luxembourg funds group explains essentially the 
negative part of the F1 axis and the F3 axis, and the French funds group explains 
essentially the F2 and F3 axes. 
Then, we can link up the Luxembourg funds by incertitude reductions measured on 
Europerformance ratings against the French funds by incertitude reductions on 
Morningstar ratings, according their performance with incertitude reductions measured 
on daily returns. 
The results confirm that a PCA on incertitude measures is necessary and sufficient to 
differentiate between the funds 2. 

                                                 
2 We verified that classical temporal PCA didn’t give any results to differentiate between 
the French and Luxembourg funds. 



   
3 Conclusion  

For the two methodologies, we conclude on similar associations between funds and 
ratings. For the French funds, forecasting ability is given by Morningstar agency, and for 
the Luxembourg funds by Europerformance agency. Indeed, we find two groups of funds 
depending on their domiciliation. Our empirical study indicates that the two approaches, 
with above all the structural analysis which is more robust to our data, can generate 
valuable investment information. The results of this paper have implications for the 
management of fund portfolios, but we can extend the approach of others financial 
applications in order to identify remarkable properties and decision rules. 
Finally, the structural approach must be a first process to build forecasting models on 
significant factorial components using multidimensional regressions. This will be the 
next step of our research. 
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