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Abstract— The mutual funds play a huge role in today’s financial 

markets. They range from a low risk to very high risk depending on 

the portfolio of financial instruments included and in what 

proportions. Typically, funds that are heavy in bonds are low risk 

while funds heavy in stocks are high risk. Mutual mixed-asset funds, 

due to their portfolio mix, are influenced by market movements in 

either direction. That is one reason why this paper focusses on daily 

price movements and the resulting positive, negative and neutral 

returns. The statistical discriminant analysis and the mathematical 

rough set theory approaches were used in the analysis of Turkish 

mutual fund industry. 14 mixed asset funds were analyzed for daily 

price and return movements using 2,267 data points from January 2, 

2004 to December 31, 2012. Discriminant analysis approach 

provided a moderate classification in terms of positive or negative 

returns. The common structures provide by the rough set approach 

provided generally better results. The resulting models were tested 

with actual data and the results were very promising.  

 

Keywords— Mutual funds, Discriminant Analysis, Rough Set 
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I. INTRODUCTION 

N  today’s dynamic financial markets, millions of people 

prefer to buy mutual funds either because they don’t have 

the time to investigate the financial instruments in detail or 

they don’t have the skills to make sound investment decisions. 

A mutual fund is an investment pool in which thousands of 

investors put money. The mutual fund managers are 

professionals who make the daily decisions on what mix of 

stocks, bonds, and other financial instruments to purchase 

using the money collected in the pool. They are in constant 

touch with the companies and sectors they invest in order to 

make the best possible choices. The investors in a mutual fund 

own shares of all the stocks and bonds owned by the fund. One 

share of a mutual fund could potentially give an investor an 

ownership interest in the stocks and bonds of dozens of 

different corporations. This kind of diversification reduces risk 

and potentially the cost of participation for ordinary people 

who may not have the time and skills to be actively involved in 

the stock market.  
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Depending on the mix, some mutual funds emphasize higher 

risk and potentially higher returns while others will emphasize 

lower risk and potentially lower returns. Given the number of 

financial institutions that can create mutual funds and the 

number of potential mixes, there can be hundreds of mutual 

funds on the market. Even a given financial institution might 

be marketing tens of mutual funds that it has created. 

The main objective of this study was to investigate the 

structure of price movements in mutual funds in Turkey. Daily 

mutual mixed-asset fund prices were collected from the 

Turkish market for the period from January 2, 2004 to 

December 31, 2012, yielding 2,267 (9 years) business day data 

points [1].  There were 324 mutual funds traded in Turkey. Of 

these, 116 were defined as A-type funds and the remaining 209 

were defined as B-type funds. The A-type funds included: 

variable funds, index funds, share funds, contributory funds, 

mixed funds, private funds, private sector funds, and foreign 

securities equity funds. The B-type funds included: gold and 

security funds, variable funds, index fund, fund baskets, 

private funds, mixed fund, liquid fund, government bonds and 

foreign securities equity funds.  

For the purposes of this study, 14 mixed funds were chosen for 

further analysis.  These were all in A-type category and their 

contents covered from low risk to high risk investment 

instruments. Actually there were 16 such funds. However, 

those funds with less than 500 observations (business days) 

were excluded from the analysis, thus ending up with 14 funds. 

These funds were selected because they are easily affected 

from positive or negative market movements. It is believed 

that many of these mutual funds were very similar in nature, 

but confused the consumers in the fund selection process. The 

differences in most cases were artificially created for 

marketing promotions to different market segments. An 

attempt will be made in this study to classify the above-

mentioned mixed funds using two different approaches, rough 

set theory and discriminant analysis to see how they compare. 

It is hoped that the findings will be useful to other researchers, 

mutual fund managers, and the ultimate consumers. 

II. LITERATURE REVIEW 

Mutual funds provide opportunities for small investors to 

participate in the capital market without assuming a very high 

degree of risk [2]. The relationship between risk and return 

usually determines the performance of a mutual fund. Studies 

on mutual funds are abundant for the US market. However, the 

number of studies conducted in the European countries and 

emerging countries are quite limited [3]. Some of these studies 
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focus on the level of investor knowledge and information 

sources. It is generally argued that the individual investors 

(consumers) have limited information about the funds 

available and hence their decisions are easily influenced by 

bank personnel or fund managers. They might also be 

influenced by advertising online or traditional media [4]. 

Another study has investigated the relationship between 

investors’ financial knowledge and mutual fund advertising. It 

concluded that mutual fund ads with financial disclosures are 

more likely to generate higher levels of recall and positive 

thoughts regarding advertised information [5].  

A number of researchers have studied the structure of 

mutual funds using techniques such as cluster analysis, factor 

analysis, time series, regression analysis, rough sets, fuzzy 

logic, and discriminant analysis. For example, one study using 

factor and cluster analysis looked into investor security in the 

mutual fund market [6]. Strieter and Singh identified specific 

characteristics important in establishing and maintaining 

mutually beneficial relationships between endowment and 

pension fund managers and the providers of investment 

management services [7]. Jonas studied the consumer 

investment patterns in socially reasonable investments, and 

profiled mutual funds by cluster and discriminant analysis [8]. 

This study determined that there is a consumer market segment 

that is primarily concerned about social responsibility over 

financial return. Another study that utilized discriminant 

analysis was conducted in Bosnia and Herzegovina for stock 

selection purposes [9]. Another study investigated mutual 

funds using cluster and recursive factor analysis [10].  

Among the international studies, one can list the following.  

The mutual funds market in India, for example, has been 

studied using cluster analysis [11]. Similarly, the Greek mutual 

fund market has been investigated using a multi-criteria 

methodology [12]. Another study using factor and cluster 

analysis looked into the risk factor in classifying mutual funds 

as in [13]. A 2012 study evaluated the risk, return and 

performance measures of selected stocks traded in Belgrade 

Stock Exchange in Serbia using regression analysis [14]. A 

study conducted in the Euro area using Bloomberg data for the 

2002-2008 period, researchers in Italy have classified stocks 

into cluster using a three-stage pure statistical analysis with a 

great deal of success [15]. These researchers proposed fuzzy 

optimization model to determine the optimal portfolio. During 

the last two decades, there have been many applications of 

rough set theory as well in business, medical, and engineering 

fields.  

Classification of the data used in models constitutes the very 

important part of the statistical analysis. The outcome is 

usually to assign set of alternatives into predefined 

homogenous classes. Most of the existing classification 

methodologies are based on absolute comparisons among the 

alternatives and some reference profiles (cut-off points) that 

discriminate the classes. As one might expect, many financial 

analysis decisions involve the classification of a set of 

observations into one or several groups using techniques 

available to researchers from the operations research field. 

Classification techniques based on traditional statistical 

approaches include discriminant function analysis and logistic 

regression [16]. 

Discriminant analysis is one of the most popular statistical 

methods to estimate the relationship between a dependent 

variable and independent variables. The main purpose is to 

predict group membership based on a linear combination of 

the interval variables. The procedure begins with a set of 

observations where both group membership and the values of 

the interval variables are known. The end result of the 

procedure is a model that allows prediction of group 

membership when only the interval variables are known. A 

second purpose of discriminant analysis is to evaluate data set, 

create prediction models. The dependent variable is 

categorical variable which is the combination of two or more 

categories whereas independent variables are normally 

distributed interval variables. Discriminant analysis has been 

widely used for market segmentation studies and in assessing 

the health of businesses. Several comprehensive review 

articles on the use of alternative technologies for prediction of 

business failures have appeared and have included the work. 

Different approaches and techniques have been used for 

forecasting the likelihood of failures and it is quite common to 

use financial ratios [17].  Another application has been made 

to 24 non-life insurance companies in Turkey for the 2004-

2006 period [16]. Overall, the goal of the analysis is to find 

discriminant function(s) which can differentiate between 

groups. More technical details of discriminant analysis can 

easily be found in literature. 

As was mentioned above, Rough Set Theory was also used 

in this study. It is a technique that can reduce dimensionality 

by using the information contained within the data set and 

preserving the meaning of the features that are clearly 

desirable. Rough Set approach can be used as such a tool to 

discover data dependencies and reduce the number of 

attributes contained in a data set by purely structural methods 

[18, 19]. 

The Rough Set approach accepts both quantitative and 

qualitative variables by deriving a number of decision rules 

(deterministic and non-deterministic sorting rules) or if… then 

rules. First, a range of minimal subsets of independent 

attributes is constructed. A subset of attributes is called a 

minimal subset if this subset has the same sorting quality as the 

whole set of attributes. Then, the core of attributes is defined 

as the intersection of all minimal subsets. Next, a reduced 

decision table is constructed, in which the redundant attributes 

are eliminated. Finally, on the basis of this decision table, the 

set of sorting rules, the sorting algorithm, is derived and firms 

are classified by matching their description to the set of sorting 

rules [20]. In Rough Set Theory, attribute reduction is a key 

research problem and many useful algorithms have been 

proposed [21-23]. A reduct (rough subspace) is a subset of all 

attributes, which not only excludes irrelevant and redundant 

attributes, but also keeps the granular structure of the original 

data [24]. 

  As implied above, Rough Set approach is especially helpful 

in dealing with vagueness and uncertainty in decision 

situations. The basic idea is to take objects, attributes, and 

decision values, and create rules for upper, lower, and 
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boundary approximations of the set. With these rules, a new 

object can easily be classified into one of the 

regions. Worldwide, there has been a rapid growth in interest 

in Rough Set approach and its applications in recent decade. 

Evidence of this can be found in the increasing number of 

high-quality articles on rough sets and related topics that have 

been published in a variety of international journals, symposia, 

workshops, and international conferences in recent years. 

Rough Set Theory applications have been applied to a variety 

of business and medical problems, such as predicting business 

failure, stock market analysis, marketing,  medical sciences 

[18, 25-28]. 

In summary, grouping analysis is used to divide the units to 

homogenous groups by using some measures depending on 

similarities or differences and to define some definite 

prototypes. While the discriminant analysis classifies the 

examined area in a category, it requires that the independent 

variable meets the normality assumption. Rough Set Theory, 

on the other hand, helps us to determine which independent 

variables are important for the classification using group 

properties. Rough Set approach also classifies dependent 

variable as positive or negative by using the categorization of 

independent variables. Moreover, it allows the independent 

variables to be continuous, discrete and categorical variables. 

Thus, Rough Set approach may be more flexible. This paper 

utilized both discriminant analysis and rough set approach to 

classify the insurance companies in Turkey [16]. 

III. METHODOLOGY 

Daily mutual mixed-asset fund price were collected from the 

Turkish market for the period from January 2, 2004 to 

December 31, 2012, yielding 2267 (9 years) business day 

using the government sources [1]. Data was collected for 324 

mutual funds available in Turkey. Of these, 16 were mutual 

mixed-asset funds. 

However, those funds with less than 500 observations 

(business days) were excluded from the analysis. As a result, 

14 mixed-asset funds were used for further analysis. Mixed-

asset funds were selected because they are easily affected from 

positive and negative market movements. It is believed that 

many of these mutual funds were very similar in nature, but 

confused the consumers in the fund selection process. The 

differences in most cases were artificially created for 

marketing promotions to different market segments. 

This study has three objectives as outlined below: 

 

1. Using discriminant analysis, determine the separation of 

prices as negative or positive change or neutral on a daily 

basis for each fund. Then, test the validity of discriminant 

functions established for each one of the 14 funds using 

150-day real data. 

2. Using Rough Set Theory, establish common investment 

ratios for negative or positive change or neutral. Then, for 

each fund, test the common structures established by the 

Rough Set approach to see the success rate.  

3. Establish the advantages and disadvantages of using 

discriminant analysis and/or Rough Set approach for the 

14 mixed-asset funds that are each owned by a different 

financial institution, investigated in this study. 

IV. APPLICATION AND FINDINGS 

It is generally argued that the individual investors have 

limited information about the potential performance and risk 

level of the funds available. Even though there are many 

financial instruments, the data obtained from market for 14 

mutual mix-asset funds were limited to 6 financial instruments: 

shares, bonds, inverse repo, stock market, foreign investment, 

and others [1]. In this study, to classify mutual mixed asset 

funds two different methods were applied discriminant 

analysis and Rough Set Theory. For both methods, the 

dependent variable (price) was categorized as a positive return, 

negative return or neutral. These categories were defined as 

follows:  if the price increased when compared with the 

previous day’s price, it was coded as 1, reflecting a positive 

change (PC); if the price decreased, it was coded as -1, 

reflecting a negative change (NC); and if there were no change 

in price, it  was coded as 0, reflecting neutrality (N).  In the 

case of independent variables, since the structures of two 

methods are different, the real investment ratios were used for 

discriminant analysis whereas the interval investment ratios 

were used for Rough Set Theory.   

 For discriminant analysis, first, Kolmogorov- Smirnov 

normality test was applied to independent variables for each 

fund to test whether the independent variables satisfy the 

normality requirement. The results indicated that they did not 

satisfy the normality test, due to a light positive skewness. 

Therefore, to reduce the non-normality, the square root 

transformation was applied to the independent variables and it 

was seen that square root transformation worked well and the 

square root of independent variables satisfied the normality 

condition. 

 

Table 1: Classification of mixed-asset funds by discriminant 

analysis 

 
  

 Secondly, discriminant analysis was applied to the 

dependent and the transformed data, the canonical 

discriminant function (with unstandardized coefficients) and 

Fisher’s linear discriminant function were found. Then, Box’s 

M was evaluated for each fund and found that M was 

significant for each funds (p<0.05). When Wilk’s lambda test 

was applied, the significance level of chi-squared statistics 

were found greater than 0.10 for 6 of 14 mutual mixed asset 

funds, therefore these 6 funds were discarded from the 
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evaluation (F3, F4, F7, F8, F12 and F14) and remaining 8 

funds were classified by discriminant analysis as illustrated in 

Table 1. It was seen that the classification percentages of 

original grouped cases ranged between 51.5% and 55.8%. 

These overall percentages show that these 8 of 14 mutual 

mixed-asset funds, each owned by a different financial 

institution, have similar tendencies.   

Market data only gave the information on daily price and 

the investment ratios of financial instruments. To obtain more 

information about the financial instruments for each fund, 

prospectuses of all 14 funds were examined individually. 

Investment ratio intervals of financial instruments are shown in 

Table 2. The F1 fund, for example, has the following limits. 

The fund manager can invest 20-80 percent of the deposits in 

shares [20, 80], 20-80 percent in government bonds [20, 80], 

0-60 percent in reverse repo [0, 60], and 0-60 in foreign 

government and private sector bonds [0, 60]. This particular 

fund does not allow any investments in the stock market and 

“others” categories. Other funds can be read in a similar 

fashion. 

 

Table 2: Investment limit intervals of financial instruments for 

14 mixed-asset mutual funds 

 
 

With daily market data for 2267 business days, there are 

2267 rows of data. Given the 6 financial instruments and 

prices, there are 7 columns. Thus, a 2267x7 information table 

was created for each one of 14 funds. The analysis was 

conducted using these tables as the source. 

In order to apply Rough Set approach on this data or in 

classification of mutual funds with Rough Set approach, the 

first step of the analysis involves recoding the investment 

limits of financial instruments into categorical variables. This 

categorization was done by dividing each investment range 

into 5 equal length sub- intervals with the codes a, b, c, d and 

e. For example, the interval [20, 80] of shares for F1 is divided 

into 5 subintervals as a (very low) = [20, 32), b (low) = [32, 

44), c (medium) = [44, 56), d (high) = [56, 68) and e (very 

high) = [68, 80]. The recoding was done by dividing the 

original domain into sub intervals since such analysis is very 

useful in drawing general conclusion from the 14 mutual mix-

asset funds in terms of dependencies, reducts, and decision 

rules [25]. Actually, the original domain can be divided into 

different number of subintervals using different approaches 

(such as the use of medians and geometric means), but in 

literature, generally quartiles were used for this purpose. This 

recoding is a requirement of the Rough Set Theory, but the 

Rosetta software does not do that automatically. So the user 

recodes the domain manually. Thus, in this study, the 

information tables were created by recoding the original data 

into five subintervals for the actual ratios. Since the investment 

ranges are different for different funds, range of categorical 

variables has different ranges for different funds.  

The second step of the analysis involves converting daily 

prices to a categorical variable. To do so, consecutive daily 

prices were compared. If the price increased when compared 

with the previous day’s price, it was coded as positive change 

(PC); if the price decreased, it was coded as negative change 

(NC); and if there is no change in price, it  was coded as 

neutral (N). As in discriminant analysis, this coding is 

necessary, because this helps the researchers to determine 

patterns for the price changes by examining daily investment 

ratios and the price. In other words, it is expected that we find  

patterns from 2267 business day data for the price chances 

whether negative, positive or no change when investing on 6 

financial instruments in any of the interval very low, low, 

medium, high or very high.  

In the third step, the 2267x7 data matrices formed by 6 

coded variables with the price for each 14 mutual funds are 

examined individually for each day by using the ROSETTA 

GUI Version 1.4.41 software [29]. For this purpose, genetic 

algorithms are used for reduces. The process on ROSETTA 

GUI works as in the following order: 1- select “Reduce”; 2- 

select “Genetic Algorithm”; 3- select “All objects” for “Object 

Related” in “Discernibility”; 4- select “Modulo Decision” in 

“Table interpretation”; 5- select “Okay”. As a result of this 

process, two tables are obtained. While the first one has three 

columns “reduct”, “support” and “length”, the second one has 

nine columns; rules, LHS Support, RHS Support, RHS 

Accuracy, LHS Coverage, RHS Coverage, RHS Stability, LHS 

Length and RHS Length. The first table shows the logic and 

structure of rules. The second table shows all the detail of the 

rules. Analysing the data with ROSETTA, the following 

feasible situations have appeared for 14 mutual funds: F1: 23-

150; F2: 27-104; F3: 3-8; F4: 12-69; F5: 6-22; F6: 26-120; F7: 

12-64; F8: 10-46; F9: 7-31; F10: 10-32; F11: 20-42; F12: 6-

16; F13: 17-42; and F14: 5-28. The first number represents the 

number of feasible solutions for the combination of reduct, 

support and length; and the second number represents the 

number of feasible solutions with rough sets.  

Examination all feasible situations will take time and may 

cause ignoring of main necessary subjects, thus, basic filtering 

is used. The basing filtering process on ROSETTA GUI works  

in the following order: 1- select “Filter”; 2- select “Basic 

Filtering”; 3- select “Rule Filter”; 4- select “Remove rules with 

RHS support” in “Criteria”; 5- select “ RHS coverage” in 

“Remove Rules”; 6- select “Interpret the composed set of 
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criteria as a “Disjunction (OR)” “ in “Connective”; and 7- 

select “Reduct”. In basic filtering, the intervals [0, 50] and [0, 

0.10] are assigned to RHS (right hand side) support and RHS 

coverage, respectively. By eliminating alternative situations 

that appear other than these ranges, a new table is established 

with Rough Set approach values consist of 79 rules. Since 

there is limited space, a table with 79 rows cannot be shown on 

paper. For this reason, the system was run also with the new 

remove restriction interval [0, 0.17] on LHS (left hand side) 

coverage and a new table was obtained with 18 rules. These 

rules were met by only 11 funds, and they are illustrated in 

Table 3. 

 

Table 3: Important structures of financial instruments for 11 

mutual mix-asset funds  

 
 

Table 3 shows which portion of financial instruments is 

invested for each mutual mix-asset fund to obtain whether 

negative, positive or no change in price with given limits. The 

first 7 columns show the type of financial instrument invested, 

and in which interval the investment was made for 11 mutual 

funds. Decision column shows the price change according to 

the investments while LHS support column shows how many 

days these price changes were seen out of 2267 days with this 

investment. RHS support column shows how many days 

positive, negative or no changes occurred with this investment 

while RHS Accuracy column shows the percentages of these 

price changes out of total occurrence.  LHS Coverage column 

represents the ratio of number of occurrence days by 2267, 

while RHS Coverage column shows the ratios of number of 

positive, negative or no change occurrences by the 

corresponding total occurrences in 2267 days with any 

investment. In addition, LHS Length represents the number of 

different investments while RHS Length represents how many 

decision variables occurred.  

Another objective of this study was to test the validity of the 

obtained linear discriminant functions. These tests were 

conducted for the remaining 8 mutual mixed asset funds with 

150-day real data (from January 2nd, 2013 to August 1st). This 

was done and predicted group membership scores were found. 

These predicted group membership scores were compared with 

the original membership scores and the results are shown in 

Table 4. The linear discriminant functions were obtained for 

the remaining 8 mixed-asset funds. These functions were then 

tested with 150 days of real data for prediction accuracy. The 

results showed that two of the predictions are worse than the 

actual percentages shown in Table 1. Five of the predictions 

are about the same as the actual values, and one prediction is 

better that the actual. The overall results indicate that, although 

not ideal, discriminant analysis and classify mixed-asset funds 

in an effective way.  

 

Table 4: Discriminant analysis test results 

 
 

The other objective of the study was to test the validity of 

the common structures of rough set results with the 150-day 

real data. Findings were tested with 150-day (7 months) real 

data from January 2nd, 2013 to August 1st, 2013 to see validity 

of the patterns and how these patterns can be used in the 

future. To test the findings, the number of days in 150-day data 

was searched to see whether the same pattern would be 

observed as in Table 3. Then, the rough set was applied to 

those numbers manually.  The results are shown in the last five 

columns of Table 5. When the corresponding five columns in 

Table 3 and Table 5 were examined with respect to, “LHS 

Support - LHS Support tested”, “RHS Support - RHS Support 

tested”, “RHS Accuracy - RHS Accuracy tested”, “LHS 

Coverage - LHS Coverage tested” and “RHS Coverage - RHS 

Coverage tested” it was seen that 16 out of 18 Rough Set 

approach results matched with each other with 88.89 percent 

accuracy. Two of 18 Rough Set approach results did not match 

with each other and they were shown in shaded rows in Table 

5. Finally, an examination of the first 7 columns of Table 5 

indicates that the funds issued by different companies show 

similarities in terms of content. 

As was noted earlier, only 8 of the 14 mixed-asset mutual 

funds could be analyzed using discriminant analysis (the 

remaining 6 funds could not be analyzed because they did not 

meet the normality conditions). Likewise, when the data was 

analyzed using the Rough Set approach only 11 funds met the 

conditions for inclusion. There was a common set of funds that 

were included in both results. These funds were F2, F5, F9, 

F10, F11, and F13. These observations indicate that there are 

similarities between discriminant analysis and Rough Set 

approach in classifying mutual mixed-asset funds. 
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Table 5: Rough set theory test results  

 
 

In general, discriminant analysis provided a moderate 

amount level of classification with respect to daily positive and 

negative price changes. Similar results were obtained when 

actual data was applied to the linear discriminant functions. On 

the other hand, the analysis conducted with Rough Set 

approach indicated that common structures could be obtained 

for positive and negative returns. This was also valid with the 

test data. It should be noted that the two approaches are quite 

different in terms of their methodology and solution 

procedures. Discriminant analysis categorises daily price 

movements as positive or negative. The Rough Set approach 

determines positive or negative return structures. Thus, one 

might argue that the rough set theory approach provides more 

specific information for the fund managers.  

V. CONCLUSION 

 

The growing literature indicates that a variety of statistical 

and mathematical models are applied to business problems. 

These applications are especially very common in the finance 

field due to evaluate data. Between these two techniques, 

discriminant analysis usually gets wider acceptance. One of the 

objectives of the study was to use the same data set for 

discriminant analysis and Rough Set approach to find out 

whether the results similar or not.  

In this study, the price movements in 14 Turkish mutual 

mix-asset funds for a 9-year period (2267 business days) were 

investigated using discriminant analysis and rough sets 

approaches. The resulting patterns were then tested using 

additional data for 150 business days. It was noted the two 

models matched pretty well with a moderate to high level of 

accuracy. With Rough Set Theory, the accuracy rate was 89 

percent while the corresponding value for discriminant 

analysis was 63 percent.  

These findings should be very valuable for fund managers. 

They should read the daily negative and positive price 

movements very carefully before they make investment 

decisions. They should specifically study the classification of 

investment instruments with Rough Set approach before they 

make their daily purchases of financial instruments.  

Although the patterns determine the positive, negative changes 

or neutral on the fund prices, it seems that they are not very 

strong indicators since the differences between the percentages 

of positive, negative changes or neutral are very small for all 

investigated funds using the two approaches.  

This could be because of other factors that were not 

considered in this study. It is hypothesized that by including 

changes in inflation rates and exchange rate fluctuations will 

improve the results. This is an area that we will focus on in 

further studies. 

One might argue that the investment instruments for the 

mixed-asset funds are affected from market conditions more 

than the all other funds. Thus, it is strongly believed that a 

studying low risk funds with discriminant analysis and Rough 

Set approach will provide better results. Our immediate 

research agenda will include a study of low risk and high risk 

funds using the same methodologies used in this study. This 

will enable us to view similarities and differences between the 

two types of funds and provide investment strategies for the 

fund managers. Our longer-term agenda will include 

replication of this current study with the introduction of 

additional environmental factors such as inflation and 

exchange rates. We also plan to add sensitivity analysis for 

both studies.  

In conclusion, it can be said that the Rough Set approach 

provided very promising results.  The predictions were better 

than discriminant analysis predictions.  Thus, when time is 

limited to analyze data using both methods, the rough set 

approach can be useful to fund managers in their daily 

purchase decision. It is noted that mixed-asset funds are 

affected by a number of economic factors. It is expected that 

the findings will be a lot more useful when one uses the same 

methodology with low-risk funds in future studies. 
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