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Literature indicates that mutual fund investors react strongly to 

prior fund performance, though this reaction is not symmetric. 

Many papers suggest that this relation creates incentives for fund 

managers to change the portfolio risk towards the end of the  year in 

order to be placed among the winners. Contrary findings, on the 

other hand, highlight the importance of cross correlation and auto 

correlation in the fund flow data, which may bias the results. Hence, 

this study investigates the existence of this incentive creating convex 

association for Turkish mutual fund industry with spatial modeling 

techniques. I account for the spatial dependence among mutual 

funds.  
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YATIRIM FONLARINDAKĶ TURNUVA HĶPOTEZĶNE MEKĄNSAL 

Y¥NTEMLERLE YENĶ BĶR BAKIķ 
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Nisan  2015, 280  sayfa  

 

 

Literat¿rdeki ­alĕĺmalar, fon yatĕrĕmcĕlarĕnĕn ºnceki dºnem fon 

performansĕna ­ok duyarlĕ olduķunu, ancak bunun simetrik 

olmadĕķĕnĕ gºstermektedir. iyi getiri saķlayan fonlar arasĕnda yer 

alabilmek i­in, dºnem sonuna doķru portfºy riskini arttĕrmasĕna 

neden olduķunu gºstermektedir. ¥te yandan, karĺĕt bulgular, fon 

akĕĺĕ verisinde mevcut olan otokorelasyonun ve ­apraz kesit 

korelasyonun ºneminden ve yanlĕĺ sonu­lar ¿retme potansiyelinden 

bahsetmektedir. Bu nedenle, bu tez ­alĕĺmasĕ, T¿rkiyeõdeki yatĕrĕm 

fonl arĕ i­in sºz konusu konveks iliĺkiyi mek©nsal modelleme 

yºntemleri ile incelemekte ve bºylece mek©nsal korelasyonu da 

dikkate almaktadĕr. 

 

Anahtar Kelimeler:  Yatĕrĕm fonlarĕ, mekansal ekonometri, fon nakit 

akĕĺĕ, portfºy riski 
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CHAPTER 1  

 

 

INTRODUCTION  

 

 

One of the most discussed questions in the finance literature 

is whether active portfolio managers can show consistent 

performance that compensates fund investors for the management 

fees. Addressing this issue reveals an interesting structure between 

new cash flows t o the fund and the fundõs past performance. Many 

papers indicate that mutual fund investors react strongly to prior 

fund performance, though this reaction is not symmetric (Brown, 

Harlow, & Starks, 1996; Chevalie r & Ellison, 1997; Ippolito, 1992; 

Sirri & Tufano, 1998) . More specifically, the flow -performance 

relation is convex in shape, which results in rewarding the winner 

portfolios, while not punishing the losers by the same amount (Sirri 

& Tufano, 1998) . As expli citly demonstrated in the study of 

Chevalier and Ellison (1997) , this convex relation can create 

incentives for risk shifting by the fund managers towards the end of 

the year in order to be placed among the winners, and to attract new 

cash and investors to the fund. Busse (2001)  and Goriaev, Nijman, 

and Werker (2005) , on the other hand, argue that due to the high 

level of correlation in daily returns, prior studies provide biased 

results; in fact the previously found c onvex relation between fund 

flow and performance is spurious. Hence, the primary aim of this 

study is to investigate the existence of this incentive creating convex 

association for Turkish mutual fund industry with a set of new 

techniques. By doing so, I a ttempt to account for both the cross 

sectional and the spatial dependence among mutual funds. This 

spatial dependence among mutual fund performances, to the extent 
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of my knowledge, has not been considered as a factor impacting 

flow -fund performance associa tion in the literature yet.  

As the literature suggests, fund managers have to compete 

with each other to be among winners and to attract more investors 

to the fund. For instance, Brown et al. (1996)  point out a 

tournament like situation in the mutual fund industry due to the 

continuo us ranking of funds in the market. They indicate that òthe 

amount of remuneration that a fund receives for winning this 

tournament depends upon its performance relative to the other 

participantsó (pg.85). Likewise, Del Guercio and Tkac (2002)  note a 

high degree of autocorrelation among mutual fund flows. They argue 

that the main reason behind this situation is that some funds draw 

more cash inflows relative to the others, and they will continue to do 

so in the future as well. Putting it differently, a fund will be called as 

a winner, and will receive a higher remuneration/ cash inflow only if 

it shows a better perfor mance. Due to the high level of 

autocorrelation in the mutual fund industry, winners of past terms 

will maintain to be winners in the next term as well. Del Guercio and 

Tkac (2002)  explain this autocorrelation with the herding behavior 

towards specific funds. Busse (20 01) and Goriaev et al (2005)  

account for the possible consequences of this fund flow -risk 

autocorrelation in their analysis as well. In this dissertation, I argue 

that the winner of the tournament is identified according to where 

the fund is in the spac e relative to other funds as first suggested by 

Brown et al. (1996). I also argue that, this location impact causes 

spatial dependence as well, since the position of a fund according to 

its risk -return structure in the mutual fund space will be important 

for the evaluation/reaction of the investors. This is the link that has 

been left unaccounted for by the papers discussing cash flow 

structure and fund manager behavior. This dissertation aims to fill 
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this gap by including the spatial interactions in the ex planation of 

tournament behavior.  

Another major difference of this dissertation from the existing 

literature is the fund flow data it possesses. To date, studies 

investigating this fund flow -performance association have used an 

estimated flow into or out o f the fund. The basic estimation method 

for the net flow is suggested by Sirri and Tufano (1998)  as the net 

percentage growth when all the dividends are reinvested. It also 

assumes that all new fund flows occur at the end of the period. This 

estimation is widely used by many papers such as Chevalier and 

Ellison (1997); Huang, Wei, and Yan (2007); Huang, Sialm, and 

Zhang (2 011); Ferreira, Keswani, Miguel and Ramos (2012b) .  Some 

of these papers also use net dollar growth or percentage change in 

the number of clients as robustness checks (Del Guercio & Tkac, 

2002) . However, Turkish mutual fund data provided by the Capital 

Markets Boards of Turkey contains both the number of shares of a 

fund and per share total net asset values, from which the actual net 

fund flow can be obtained. The se computed net fund flows are 

compared to the value of participation certificate account in the 

annual balance sheets of funds to assure accuracy. This actual fund 

flow data will allow me to examine the fund flow -performance 

relation without the presence of estimation errors or some 

simplifying assumptions, and hence will contribute to the literature.  

Spatial econometrics is a branch of techniques that deals with 

the location based issues in regional science which impedes the use 

of standard econometric te chniques due to spatial effects (Anselin, 

1988) . These spatial effects or interactions emerge depending on the 

relative position of the resea rch units in a space. These effects are 

classified into two types: spatial dependence and spatial 

heterogeneity. I argue in this dissertation that since the mutual fund 

managers attempt to maximize their gains from altering the risk -
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return structure of the  fund according to their relative  positions; the 

results would be biased unless the methods employed to measure 

the association between fund flow and past performance consider 

these spatial effects. This argument is in fact in line with the 

conclusions rea ched by both Busse (2001)  and Goriaev et al. (2005) . 

These studies state that one cannot be sure abo ut the true structure 

of the flow -performance relation for mutual funds without taking 

into account the autocorrelation in the data. Here, one should note 

that this mentioned autocorrelation that biases the flow -

performance association has only one directi on throughout the time 

period. Busse (2001)  and Goriaev et al. (2005)  note that fund flows 

realized in the prior period influence the fund flows in the 

subsequent period. That is, there is a dependence to a timeline, 

which can only be from past to future. Nevertheless, spatial 

dimension of this flow -performance relation has infinite number of 

directions,  which is not investigated in a cross sectional study. I 

model this location impact, which has not been studied in the 

literature before by addressing these spatial interactions. By doing 

so, I attempt to explain the conditions creating tournament like 

inc entives better.  

Despite its limited application to financial issues, spatial 

econometrics has been extensively used in many research areas, 

especially in regional science where the conventional geographical 

distance is taken as the spatial measure. Regiona l economic 

convergence (Rey & Montouri, 1999)  or dependence of housing 

prices on their location (Holly, Pesaran, & Yamagata, 2010)  are some 

issues that necessitate the usage of spatial techniques. Besid es 

regional science, other areas are also open to spatial modeling. For 

instance, Tirtiroglu et al. (20 11) employ spatio -temporal modeling in 

the measurement of performance for the US banks. They test the 

spatial clustering of bank performances by regressing them on the 
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performances of other banks located in neighboring states and those 

situated on rando mly chosen states. They also re -analyze this 

relation while controlling for the òproximity of the regulatory 

environmentó of states by selecting the states that allow entry of 

banks regardless of their headquartersõ location. 

Different from the typical usa ge of spatial econometrics in the 

literature, in this dissertation, I attempt to model the fund flow -

performance relation by using an abstract notion of space, i.e. the 

distance between fund performances on the analytical surface. In 

fact, the non -conventi onal concept of space and/or distance has 

been broadly discussed in the literature. Many studies state the 

necessity of spatial modeling and the need for abstract distance 

definitions especially in social sciences (Akerlof, 1997; Anselin, 

1988; Dow, Burton, White, & Reitz, 1984) . However, a limited 

number of pa pers consider space concepts other than Euclidian 

definitions. Language similarity (Dow et al., 1984) , transportation 

costs (Conley, 1999) , social networking (Conley & Topa, 2002) , 

bilateral trade relations (Beck, Gleditsch, & Beardsley, 2006; 

Simmons & Elkins, 2004)  are examples of non -geographical distance 

measures used in different studies. In my dissertation, on the other 

hand, the extension of the distance concept is through the analytical 

surface regarding the performance rankings of mutual funds. The 

funds are accepted as close  if they have similar risk -performance 

structures.  

In order to compute the locations of funds and the distances 

among them, I utilize the data envelopment analysis (DEA). In fact, 

DEA has previously been used in the literature to evaluate the 

performance o f mutual funds (Basso & Funari, 2001; Choi & Murthi, 

2001; Murthi, Choi, & Desai, 1997) . These studies mostly focus on 

the application of the DEA which accounts for several criteria at the 

same time, on mutual fund industry as a performance evaluation 
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tool. DEA, in this sense, provides a relative efficiency  ranking for 

mutual funds which does not necessitate a definition of a 

benchmark (Murthi et al., 1997) . Different from these studies, I use 

the information obtained from DEA performance evaluation as 

spatial weights in the spatial regressions w hich analyze the relation 

between fund flow and performance. Since DEA computes radial and 

Euclidian distances for the analyzed unit from an efficient frontier, 

the distance measure used in this dissertation is abstract in the 

sense of Anselin (1988) ; and it is a non -geographical, but still an 

Euclidian distance definition. I use a general spatial weight m atrix 

obtained from the DEA. More precisely, the elements of the matrix 

are determined according to the inverse of efficiency measures for 

the funds.  Two funds are considered as neighbors when a fund is in 

the òreference setó of the other. This reference set are attained 

through DEA based on the minimum radial distance among funds. 

Additionally, the relative measurement nature of DEA is also 

appropriate for our study concerning the importance of location in 

spatial econometrics.  

In sum, the novelties of th is dissertation are threefold: First, I 

attempt to understand the nature of flow -performance relation by 

using Turkish mutual fund data while accounting for spatial 

autocorrelation 1 and heterogeneity. Busse (2001)  suggests that 

òuncovering a potentially more complex behavior pattern should be a 

fruitful area for future research ó. (pg. 73). For this aim, I utilize a new 

technique that may model the mentioned behavior more accurately. 

In addition, Ferreira et al. (2012b)  note that convexity of the 

association between new cash flow and prior performance varies 

across countries based on their level of development. They show that 

the higher the level of development in a country, the less the amount 

                                                 
1
 Using the term ñautocorrelationò in this sense may be confusing. The term ñspatial autocorrelationò 

as first used by Anselin (1988) means ñspatial dependenceò. Following spatial econometrics 

literature, this dissertation also uses spatial autocorrelation and spatial dependence terms 

interchangeably. 
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of the convexity that creates adverse incentives for mutual fund 

managers. In this vein, I expect to see higher convexity in Turkey. 

Second, by the aid of the Turkish dataset, I compute the actual net 

fund flow on a daily basis.  Therefore, the fund flow -performance 

relation can be modeled without being subject to any estimation 

error. Last, I expand the òstrictó sense of distance used in spatial 

econometrics to an abstract notion, and I model the distance 

between mutual fu nds as suggested in Anselin (1999) . By doing so, I 

aim to contribute to both the literature analyzing the relation 

between m utual fund performance and fund flow, and the literature 

on the application of spatial econometrics by employing abstract 

distances.  

The results of the analyses briefly indicate that investors of 

Turkish mutual funds allocate their money independently from  other 

fundsõ positions, because no spatial interaction can be detected. The 

effect of neighborhood is only visible in the change in number of 

investors. It is found that if neighboring funds exhibit good 

performance, the number of individuals that invest in a given fund 

declines.  

Furthermore, there is a constant outflow from all of the funds 

which may be attributed to the time period analyzed in this 

dissertation. During the sample period, domestic investorsõ holding 

period is very short and they tend to r ealize their profit as soon as 

they pass into the gain region (T¿rkiye Sermaye Piyasasĕ Aracĕ 

Kuruluĺlarĕ Birliķi (2006, 2007, 2008, 2009)). However, it seems that 

best performing funds experience a lower amount of outflow. Based 

on this finding, the risk changing incenti ves of Turkish mutual fund 

managers are investigated. Results confirm the expectations of this 

dissertation and show a significant impact of neighboring fund 

performances on the total risk changing decisions of managers. It is 

found that Turkish mutual fun d managers decide the level of the 
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fundõs risk according to the prior performance of neighboring funds. 

They seem to increase the change in the total risk if neighboring 

funds exhibit good performance in the first interim of the year. Yet, 

their systematic  risk change decision is unaffected from such an 

impact. Li and Tiwari (2006) suggest that managers are likely to 

change the unique risk when they want to close the performance gap 

between the peer group and the fund itself. Hence, changing the 

total risk based on the neighboring fundsõ performance, but keeping 

the systematic risk the same would be explained by such an 

attempt.  

This dissertation continues with the presentation of the flow -

performance relation in the literature. In addition, it explains why a 

spatial modeling techniques is need for analyzing this association 

while giving examples from other studies. Next chapter discusses the 

data and methodology. Chapter 4 displays the empirical findings, 

and the last chapter summarizes the conclusions drawn  from 

empirical analyses.  
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CHAPTER 2  

 

 

RELATED LITERATURE  

 

 

In this chapter, first, a brief review of mutual fund cash flow -

performance relation is provided. The asymmetric nature of this 

relation is discussed, and the existing evidence on the tournament 

behavior of fund managers is presented. Spatial econometrics, its 

difference from the traditional methods, and common usage areas 

are shortly illustrated in the second subsection.  

2.1.  The Asymmetry in the Cash Flow -Performance Relation  

One would begin to exami ne the flow -performance literature 

by looking at the work of Ippolito (1992) , in which the main aim is to 

investigate Akerlof's (1970)  lemons problem in the mutual fund 

industry. He argues that in the absence of information about the 

true ability of fund managers, low quality funds can act like high 

quality ones. Investors evaluate a fundõs quality by examining its 

recent performance. The refore, in this model, funds with higher risk 

adjusted returns are considered as higher quality funds.  By the aid 

of pooled and fixed effect regressions for the years from 1966 to 

1984, Ippolito (1992)  shows the association between fund growth 

and recent performance. However, the results indicate that the 

response of investors to the winner and loser subsets is not 

symmetric. Putting it differently, new cash inflow to the funds that 

display better than expected performance is much higher than the 

withdrawals from worse performing funds.  Actually, the excess 

return defi nition that Ippolito (1992)  adopts in his study coincides 

with t he Jensenõs alpha measure. Accordingly, he argues that the 
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basic reason behind the serial correlation is the divergence across 

the investment abilities of fund managers, not the temporal 

association in the security prices. He notes that this correlation ca n 

be used in developing investment strategies in favor of the latest 

winner funds.  

This disproportionate investor reaction to winner and loser 

funds is investigated from the point of view of portfolio managers in 

the paper by Brown et al (1996) . They take the competitive nature of 

mutu al funds as sports tournaments, since the winner fund is 

identified according to its performance relative to its rivals -the other 

funds. In other words, the managers have to compete with each 

other for higher cash inflow, because investors prefer better 

performance to the worse. Brown et al (1996)  claim that the ranking 

system in the mutual fund industry creates a situation like òmulti-

period, multi game tournamentó. This study also notes that as long 

as the managersõ compensation depends on the fundsõ total assets, 

managers are eager t o increase the cash inflows to the fund. This 

increase in the cash inflows can only be possible when the fundõs 

relative position is better in the second half of the year. As a result, 

this will create òa call option like pay off situationó, since fund 

managers do not hesitate to increase the fundsõ volatility in hopes of 

receiving a better compensation. As a consequence of this 

tournament like or the òcall option like pay offó situation, fund 

managers can modify their portfolio decisions based on their fun dõs 

relative performance prior to the end of the year.  

For the first time in the literature, Brown et al (1996)  put forth 

that this portfolio modification may not always serve the best 

interest of the investors, hence may create agency problem. In order 

to measure changes in the portf olio composition, they develop òrisk 

adjustment ratioó, and they compare the volatility of loser and 

winner portfolios in the first half of the year to that in the second 



11 

 

half of the year by the aid of contingency tables. They analyze the 

performance of 33 4 growth funds over a period from 1976 to 1991; 

and empirically demonstrate that midyear worst performing funds 

alter the portfolio risk more than midyear winner portfolios in the 

second half of the year. This incentive to alter the portfolio risk is 

especially stronger for smaller, relatively new and less well -known 

funds, and more prevalent in the last 5 years of their sample period. 

In fact, this risk shifting behavior is a consequence of the convex 

reward -penalty system for mutual fund managers previous ly 

recognized in the study of Ippolito (1992) . Brown et al. (1996)  also 

examine how the manag ers skew the portfolio riskiness. They 

recognize two alternatives to increase the riskiness. First, the 

manager applies active portfolio management and revises the 

portfolio composition in favor of riskier securities, i.e. using 

derivatives. Second, the se curities in the portfolio become riskier 

over time period, and the manager simply overlooks this new 

situation. To uncover the cause of increase in portfolio risk, Brown 

et al. (1996)  create simulated control portfolios in which the 

securities are chosen randomly from the CRSP databas e. The cell 

frequencies indicate that increase in portfolio risk in the midyear is 

the result of active portfolio management.  

Another distinction from the previous work is that Brown et al. 

(1996)  allow for the fee differences and its impact on the tournament 

behavior. Two groups are constructed based on the existence of the 

front -end sales charge s; and the contingency tables are compared to 

see whether there is a significant difference between these  two  

groups. The basic logic behind the possible difference is that load 

funds bene fit more from the brokerage system to be sold in the 

market, whereas no load funds generally use advertisements in the 

media.  Therefore, for no load funds, performance rankings may 

become more prominent. Their results demonstrate that winners 
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and losers i n the no load funds group are significantly more eager to 

enhance the fund riskiness towards the end of the year. Before 

making a final conclusion, Brown et al. (1996)  also checks the 

correlation between load structure and fund age. They indicate that 

load funds are well -established f unds, while younger funds have 

usually no load structure. In other words, the load structure and 

fund age are highly correlated. Thus, Brown et al. (1996)  note that 

the existence or absence of such a fee structure does not change 

their overall findings. They show that the tournament b ehavior is 

present among the fund managers as a consequence of competition 

for higher cash inflows, and hence, managers have incentives to 

modify portfolio riskiness as a result of this tournament behavior.  

The asymmetric structure of fund flow -prior perfo rmance 

relation is studied in detail in the paper of Chevalier and Ellison 

(1997) . Along the lines of Brown et al. (1996)  they demonstrate that 

it is the convex flow -performance relation that creates the basis for 

incentives for the fund managers to alter the risk of their portfolio. 

However, the approach of Chevalier and Ellison (1997)  to the 

asymmetry  in this association differs from Brown et al. (1996) . They 

investigate this convex nature as an example of an agency problem. 

They state that mutual fund managers may have information that is 

not observable by the outside investors; and they may use this 

information to boost the tota l assets of the fund, but not to 

maximize the benefits of fund investors. In fact, ònot to serve the 

best interests of the investorsó problem has been previously 

recognized by Brown et al. (1996) , however, the focus of this paper is 

on the desire for winning the mutual fund tournament . Unlike 

Brown et al. (1996) , the emphasis of Chevalier and Ellison (1997)  is 

on the agency problem between managers and fund customers, 

which is created by the òimplicit incentive contractó. This incentive 

contract is a result of compensations paid to the fund managers as a 
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percentage of total assets under management. In other words, the 

fund managers attempt to have higher performance by boosting 

their private information in order to increase  their own returns. 

Managers may not aim directly to win the tournament and become a 

part of the first ranked group. However, the corollary of this higher 

performance desire is to win the tournament as well. Yet, to increase 

their own returns may not alway s be in line with the expectations of 

fund investors. Then, the agency problem arises between the two 

sides of the fund industry.  

Chevalier and Ellison (1997)  ana lyze this problem and the risk 

altering incentives of fund managers for the data on 3000 growth 

and growth and income funds over a period from 1982 to 1992. 

Their findings show that funds that are below the market 

benchmark are more likely to increase thei r riskiness in order to 

òcatch -upó, while funds that are above this benchmark try to protect 

their relative position and not to gamble. On the extreme positions, 

however, the incentives are reversed. The losers may prefer to reduce 

their risk levels, where as the winners are more likely to gamble. 

Another distinction from Brown et al (1996)  paper is that, in the 

study of Chevalier and Ellison (1997) , mutual fund managers shift 

the riskiness of th eir portfolios in the last quarter, but not in the 

mid -year. Once detecting the convex nature of risk -performance 

association, Chevalier and Ellison (1997)  examine  the conditions 

that strengthen the risk altering incentives to acquire higher 

performance. They note that, consistent with Brown et al (1996) , 

newer funds are more susceptible to these incentives than older 

ones. The main conclusion drawn from Chevalier and Ellison (1997)  

is that the existence of performance fees as a percentage of total 

asset size and the convex nature of flow -performance structure 

creates incentives to take higher risks; and the managers respond to 

these incentives. The evidence showing the presence of such an 
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incentive even in the absence of performance fees (Brown et al., 

1996)  can be considered as contradictory to the conclusion of 

Chevalier and Ellison (19 97). Elton, Gruber, and Blake (2003)  

discuss this issue; and demonstrate that the asymmetry in the flow -

performance relationship is sufficient  to create incentives to alter the 

riskiness of the fund portfolio. They argue that the existence of 

performance based manager compensation discusse d in Chevalier 

and Ellison (1997)  is one reason that encourages risk shifting in the 

fund portfolios.  

One should note that even if the fund managers fight for a 

better performance due to incentive based reasons as discussed in 

the study of Chevalier and Ellison (1997) , still their relative position 

in the risk -performance sp ace could be important. Studies by Brown 

et al (1996)  and Chevalier and Ellison (1997)  support the idea that 

the risk -performance choice of a fund manager is under the 

influence of the rivalsõ positions in a risk -performance space. Hence, 

spatial modeling of this issue may provide insights about the nature 

of fund flow -risk association.  

Sirri and Tufano (1998)  confirm the convex punishment and 

reward me chanism in the mutual fund industry by showing that 

new cash inflows depend on the prior performance.  In line with 

Brown et al. (1996)  and Chevalier and Ellison (1997) , they suggest 

that this  type of convexity may encourage the managers to raise the 

fundsõ riskiness. The primary focus of Sirri and Tufano (1998)  is on 

the investors and how they make their mutual fund choices, 

however. Hence, their addit ion to the literature is to account for 

searching costs. The cash flow to a fund is modeled as a function of 

prior fund returns, risk level, expenses, fund size and growth in the 

fund category. In order to account for several nonlinearities, they 

study thi s association for more than 600 US equity funds between 

the years 1971 and 1990 by employing piecewise linear regressions. 
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The results show that fund flows react strongly and significantly to 

the past performance for the winners segment. In the worst 

performing fundsõ segment, however, the association between fund 

flows and past performance disappears. Sirri and Tufano (1998)  also 

highlight the importance of this asymmetric reaction to the past 

performance in the cr eation of a call option like pay off system as 

indicated by Brown et al. (1996) .  

In the second part of their study, they compare the impact of 

fee changes on the fund flow -past performance relation. 

Interestingly, investors tend to react more to the fee decreases by 

increasing cash f lows to these funds.  However, fee increases do not 

have the opposite effect on cash flows. Next, the analysis is 

broadened by the inclusion of searching costs. The results 

demonstrate that the performance seeking behavior of investors is 

also affected fro m these costs. For funds with high searching costs, 

prior performance becomes less important. Sirri and Tufano (1998)  

state that higher searching costs mean reduced fund awareness, 

and therefore, may result in less  desire to invest in these funds. 

Putting it differently, investors do not include the funds with higher 

searching costs in their òconsideration setó. At this point, media and 

large fund families play an important role on the prior performance 

cash inflow association, because they decrease the searching costs. 

A positive impact on prior performance and cash flow relation is 

detected if a fund is more visible in the media and if it is a part of a 

large fund family. More marketing activities by funds may resu lt in 

higher fees; but these activities also reduce the searching costs. Less 

searching costs and more visibility results in more prominent prior 

performance -cash flow relation. To summarize briefly, Sirri and 

Tufano (1998)  emphasize the non -linear association between fund 

flows and performance, and the impact of searching costs on this 

association. They point out that funds with higher fees attract more 
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cash inflows relative to others, because these fund, most like ly, have 

higher marketing activities, and hence, lower searching costs. 

Moreover, fund rankings and being part of a large fund family are 

important determinants of new cash inflows to funds.  

The paper by Sirri and Tufano (1998)  that investigates the 

impact  of searching and investing costs on the fund flow -past 

performance relation is extended in the study of Huang, Wei, and 

Yan (2007) . While the focus of the former study is on the 

participation costs of new investors, Huang et al. (2007) build a 

model which rationalizes at bottom the disproportionat e flow -

performance relation from the point of view of the individual 

investors. In fact, it investigates the role of these costs on the cash 

flows to funds with various performance levels. In other words, here, 

the emphasis is on the cross sectional differ ences among mutual 

funds. The basic assumptions of their model are as follows: First, 

investors have to bear participation costs as in Sirri and Tufano 

(1998). Next, investors are able to infer the managerial ability by 

examining the latest fund performanc e. Huang et al. (2007)  indicate 

that t his second assumption explains the past performance chasing 

behavior according to a Bayesian updating performance.  

The participation costs that the investors have to incur are of 

two different types in this paper. First, the information cost is 

defined as the cost associated with seeking and evaluating the new 

information about a fund. This cost may be a result of an a ctive 

searching or a passive accumulation. It is, in fact, the same 

searching cost definition used in Sirri and Tufano (1998), which has 

a negative impact on cash inflow -prior performance association. The 

second type of participation cost is the transactio n cost which 

isincurred due to purchasing or selling decisions. Huang, et al. 

(2007)  note three different effects of these costs on fund flows: i. 

Participation effect : As stated in Sirri and Tufano (1998) , funds with 
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higher searching costs are less likely to be taken into consideration 

sets by investors, since the costs would be higher than the utility 

gain obtained from investing in these funds. The past performance 

as a proxy for the utility gain should be high enough to beat the high 

costs. Hence, fund flows b ecome gradually more responsive to the 

prior performance. ii. Individual winner -picking effect: Higher 

participation costs result in less intention to investigate a larger 

fund set. Instead, investors only consider the best performing ones. 

iii. No trading  effect: Investors are willing to incur the transaction 

costs of selling the fund only if the performance is bad enough. The 

reverse is true for the buy decisions. Huang et al. (2007)  indicate 

that due to the no trading effect, reduced sensitiveness in fund flows 

to prior performance is observed for funds  with average 

performance. While the other two effects of participation costs have 

been shown before in the paper by Sirri and Tufano (1998) , the òno 

trading effectó for average performance funds has been considered 

first by Huang, et al. (2007) .  

The model by Huang et al. (2007)  first explains why the prior 

per formance is a determinant of cash flows. They indicate that there 

are two types of investors: new and existing ones. Both investors 

have to make two decisions. First, they have to choose whether or 

not to incur the participation costs to obtain information  about the 

funds that they have not already purchased. Second, for their 

existing fund portfolio or the funds that they bear the participation 

cost, they have to decide whether or not and how much to invest.  

The model of Huang et al. (2007)  begins with a discussion of a 

fund flow -prior performance relati on under a benchmark scenario in 

which there is no borrowing constraints for investors to buy mutual 

fund shares. This model indicates that under this scenario, the 

purchasing decision is the same for new and existing investors, 

because they share the same  information set once participation 
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costs are incurred. That is, this decision is only associated with the 

information about the fund, but it does not depend on the features 

of other funds. Based on this modeling, Huang, et al. (2007)  

compute the certainty equivalent wealth gain only as a function of 

realized returns. Because the higher prior returns are indicators of 

higher posterior managerial ability in this scenario, calculation of 

the certainty equivalent wealth gain in this way is appropriate. 

Nevertheless, the managerial ability itself does not pla y a role in this 

calculation because investors do not know it before bearing the cost. 

As a result, the participation decision in a fund, that is the cash 

flow, only depends on prior performance of that fund.  

In order to correctly analyze the cash flow to  the fund, Huang 

et al. (2007)  decompose the fund flow into two parts, namely flows 

from the existing investors and from new investors. Flow from both 

investors is under the influence of prior performance. This 

performance, however, has different impacts on flows from these two 

types of investors. If the fund has higher realized past return, the 

allocation amount of both type of investors increases, which reflects 

the learning effect. In addition, higher past return attracts more new 

investors, which is a result of participation effect. The model predicts 

that for the low levels of participation costs, the association between 

fund flow and past performance is convex and increasing for the low 

and average performing funds. Therefore, the sensitivity of cash 

flows to the past performance is very high. Even an  average 

performance is enough for new investors to purchase a fundõs 

shares. In this case, participation effect is more pronounced among 

the average performing funds. For very high levels of fund 

performance, on the other hand, because all the potential n ew 

investors have already invested in the fund, the only driving force of 

the new cash flow is the learning effect. Based on their modeling, the 

association becomes linear for best performing funds.  
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When the participation costs are high, however, funds can 

attract cash flow only when their performances are good enough.  

On the other hand, funds with average or low performances can only 

attract cash flow from very limited number of investors, whose 

participation costs are low. Investors are less willing t o invest in 

average performing funds when participation costs are high. Hence, 

the fund flow becomes less responsive to prior average performance 

for funds with higher costs relative to those with lower costs. As a 

result, the convexity of the flow -past pe rformance relation decreases 

relative to low cost scenario.  

Although this benchmark model with no portfolio constraints 

does not reflect the real world, its consequences are still important 

for this dissertation. Since it assumes no interaction among funds , 

the only performance that matters for the investors is the absolute 

one. It means that even in the absence of òrankingó, i.e. spatial 

dependence, the convex flow -performance relation is still valid. The 

level of convexity varies across funds, however; th at is, the 

sensitivity of cash flows to the fund performance is stronger for the 

winner funds than their average and low performing peers.  

Apart from the benchmark scenario, the possible portfolio 

constraints, such as minimum investment requirements are 

considered in the second part of the ir  model. These constraints bring 

the relative fund performances into the picture. Now, the investment 

decision is based on past performance, participation cost levels as 

well as the ranking of fund s. In this case, the mo del predicts that as 

the participation costs get higher, the investors begin to search for 

the winner funds in terms of past performance first. In other words, 

the individual winner picking effect is more pronounced when 

participation costs are high rather  than low.  

The last prediction to the model of Huan g, et al. (2007)  is on 

the effect of transaction costs, that is the costs created by buy or sell 
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activities. Huang, et al. (2007)  indicate that since the utility gain and 

cost comparison creates òno trade regionó for the investors, higher 

transaction costs makes fund flows less sensitive to past  

perfo rmance for the funds with average performance.  

After constructing the model, Huang, et al. (2007)  examine 

these predictions empirically as well. They use quarterly data from 

1981 to 2001 for the actively managed US mutual funds. The flow -

performance association is analyzed by using cross sectional Fama -

MacBeth type regressions, while fund age, total riskiness, fund size, 

aggregate flow and participation costs are included as control 

variables. They use marketing expenses, existence of a òstaró fund, 

fundõs affiliation with a large family, and number of categories in the 

fund family as proxies for the participation costs. Moreover, Huang, 

et al. (2007)  investigate the changes in the flow -performance relation 

over time by analyzing each decade separately in their sample 

period. Following Sirri and Tufano (1998) , t hey also employ 

piecewise linear regressions to allow for different sensitivity levels. 

Their results demonstrate that fund flow -performance relation is 

affected differently from these costs. For instance, if the investors 

cannot obtain information about f unds easily, then a superior past 

performance is a prerequisite for investing in a fund. As a result, 

participation effect, which is about attracting new investors to a 

fund, is more prominent for winner funds. In a similar manner, for 

high levels of parti cipation costs, the individual winner picking effect 

is stronger. However, for lower levels of these costs, flow to average 

performing funds will be more sensitive to past performance since 

investors are more willing to investigate these funds than their 

h igher cost peers. Last, as the transaction costs increase, the trade 

and the flow sensitivity to performance is reduced for funds with 

average performance. Higher transaction costs make the no trading 

effect even more pronounced. The time varying analysis shows that 
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in later decades of their sample period, the flow sensitivity to 

performance for funds with low and average performance has been 

enhanced relative to the 1980s because of lower participation costs. 

This increased sensitivity for average performi ng funds leads to a 

less convex relation between past performance and cash flow in the 

1990s. These findings are consistent with the predictions of their 

model.  

From a different angle, Koski and Pontiff (1999)  hypothesize 

that the mentioned convex flow -performance relation is not due to 

risk altering behavior of managers, but instead it is a result of 

managersõ slow response to cash inflows and outflows. That is, after 

a per iod of good performance, one may observe cash inflows to good 

performing funds. However, managers may prefer to react slowly to 

new cash inflow, because market conditions may not be appropriate 

to make new investments. This will automatically increase the cash 

on hand, and decrease the riskiness of their portfolio. Likewise, 

managers of poorly performing funds may be obliged to borrow, 

instead of liquidating assets in their portfolios, in order to gather 

necessary amount of cash to give back to investors wh o are 

redeeming their shares. This borrowing raises the total riskiness of 

their portfolio. Since derivative usage is an effective way to acquire 

the preferred risk level, Kosk i and Pontiff (1999)  test this alternative 

explanation by examining the equity funds that can invest in 

derivatives. They hypothesize that these funds can reduce the 

undesired risk increases related to cash outflows by the aid of 

derivatives, thus, the convex relation will be  less pronounced for 

these funds. Results of their pooled regressions, on the other hand, 

show evidence in favor of the tournament argument as suggested by 

Brown et al. (1996), Chevalier and Ellison (1997), and Sirri and 

Tufano (1998) . They cannot find any s ignificant difference between 

funds that use derivatives and their counterparts that do not employ 
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derivatives. This study is also important to show evidence against 

the common belief that associates derivative usage with speculative 

purposes.  

Although ma ny papers confirm the convexity of flow -

performance relation for open end mutual funds, there is 

contradictory evidence as well. First Busse (2001)  argues that the 

tournament like incentive creating association reported in Brown et 

al. (1996), Chevalier and Ellison (1997), and Sirri and Tufano (1998)  

is in fact spurious. His criticisms are two -fold: He argues tha t daily 

returns on small cap and intermittently traded stocks are 

autocorrelated. Next, the securities in the portfolio generally react in 

the same direction to financial news, which produces cross 

correlation among security prices. Therefore, he questions  the 

validity of the cross sectional independence assumption that the 

methods used in the previous studies have been built on for the data 

analyzed in these papers. To investigate the same research question 

raised by the aforementioned studies, Busse (2001)  analyzes daily 

returns of US equity funds over a period from 1985 to 1995. He 

notes that autocorrelation and volatility measures are positively 

related; and hence, the monthly volatility measures calculated using 

monthly returns are biased upwards. He claims that one can acquire 

more accurate standard deviation estimates by directly employing 

daily than month ly returns. Here, the same methodology of Brown et 

al. (1996)  is utilized to test their tournament hypothesis. In order to 

compare the volatility of winner and loser portfolios in the first and 

second halves of the year, Busse (2001)  computes standard 

deviation ratios (SDR), while taking into account the autocorrelation 

and cross correlation in daily returns. Besides employing daily data, 

Busse (2001)  compounds daily returns into monthly returns and 

analyzes them to provide results comparable w ith earlier studies 

which used monthly returns as well. He finds evidence against the 
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tournament hypothesis with daily returns.  However, his evidence 

with monthly return is consistent with the tournament hypothesis 

and hence the findings of the earlier st udies. His replication 

demonstrates that standard deviations of monthly returns in the 

earlier studies, more specifically the ones in Brown et al. (1996) ,  

can be upward biased and can spuriously indicate managerial risk 

increasing behavior. In other words, once the daily data is used  and 

the monthly data cleaned from the autocorrelation problem, the 

evidence for tournament like behavior disappears. The bias free data 

cannot reject the null hypothesis of no tournament like behavior 

among mutual fund managers. To avoid the cross section al 

dependence in the p -values for the hypothesis testing, he uses 

bootstrapping methods in his simulations. Bu sse (2001)  argues that 

it is the lower autocorrelation in the loser interim portfolios relative 

to winner portfolios that generates an apparent risk increase in 

winner portfolios towards the end of the year.  

The argument of Busse (2001) , which casts a shadow on the 

previous findings, is examined thoroughly by Goriaev et al. (2005) . 

Goriaev et al.  (2005)  argue that since the precision of the daily data 

employed in Busse (2001)  is higher than monthly  observations, the 

potential of a smaller bias to affect the results in favor of tournament 

behavior is larger. Thus, the evidence would have supported the 

tournament hypothesis with daily data if there were such a behavior. 

No tournament behavior has been  detected by Busse (2001) , 

however. For this reason, Goriaev et al. (2005)  address the 

contradictory  evidence once more by investigating the effect of 

autocorrelation and cross correlation in the daily data on volatility 

computations and the validity of the independence assumption for 

mutual fund returns. Following Busse (2001) , they only employ 

contingency table analysis for a period from 1976 to 2001. They 

confirm the findings of Busse (2001)  indicating that monthly SDRs 
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in terms of absolute values are more susceptible to biases caused by 

correlation in daily re turns. Yet, they note that smaller biases in 

daily returns have a higher effect on distribution of statistics used 

for testing tournament hypothesis. In this respect, monthly 

observations may still be more reliable.  

Goriaev et al. (2005)  underline the importance of controlling 

for cross correlations in the tournament behavior estimations. They 

specifically argue that the direction of the biases in the monthly 

standard deviation estimations should be the same with those in the 

daily estimations. That  is, autocorrelation produced by intermittent 

trading and small cap exposure as suggested by Busse (2001)  

should bias the daily return volatility estimations in the same 

direction as well. However, Busse (2001)  fou nd no tournament 

behavior when he employed daily returns; but the null hypothesis of 

tournament behavior could not be rejected with the monthly data. 

Based on this difference in the daily and monthly return results in 

Busse (2001) ; Goriaev et al. (2005)  question the real source of this 

bias. They put forth that it is not the temporal dependence but the 

cross sectional dependence in the data that generates biases. They 

cannot find evidence in favor of tournament behavior once the cross 

correlation in the data is accounted for. Since the bias free monthly 

and daily returns produce the same results, they not e that daily 

return usage is still more efficient. An important warning of Goriaev 

et al. (2005)  is that their criticisms are only valid for the studies that 

use the return data directly from a source like CRSP Mutual Fund 

Database such as Brown et al. (1996)  and Koski and Pontiff (1999) , 

but not for the others that employ actual mutual fund holdings, 

such as  Chevalier and Ellison (1997) . Goriaev et al. (2005)  indicate 

that this type of return data is affected from the correlation in the 

cross sections of mutual funds. The degree to which the latter 

dataset, and so the evidence about tournament behavior of fund 
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managers, is open to such biases remain s as a ques tion mark. I 

attempt  to provide new insights about the conditions generating 

tournament hypothesis in the mutual fund industry, because the 

spatial dependence that I account for can be an important factor 

affecting this behavior along with autocorrelation and cross 

correlation in the fund returns.  

The existence of contrary evidence, however, does not impede 

the regulations in the mutual fund industry. Das and Sundaram 

(2002) , and Elton et al. (2003)  state that 1970 Amendm ent to the 

Investment Advisors Act only permits fulcrum fee, i.e. performance 

based fee for advisors, when the compensation fee is symmetric 

around a chosen benchmark. In other words, if managers perform 

better than a benchmark, they will get a reward -a fu lcrum. On the 

other hand, there will be a penalty as well when managers 

underperform the benchmark. The main motivation driving this 

regulation is the òoption -like pay off structure ó as discussed in Brown 

et al. (1996) , which may lead to excessive risk taking by fund 

managers. Incenti ve fees, nevertheless, can be asymmetric in 

nature, which is a base fee and an additional amount charged when 

the return is over and above a specific benchmark. This type of fee is 

usually the case for hedge funds and private partnerships (Elton et 

al., 2003) . Das an d Sundaram (2002)  compare the effect of fulcrum 

fees and incentive fees on the investorsõ welfare. They conclude that 

when there is perfect competition among fund advisors, fulcrum fees 

serve the interest of investors better than incentive fees. On the 

other hand, if the evidence put forth by both Busse (2001) and 

Goriaev, et al. (2005)  are valid, then there would be no reason to 

implement such a fee s tructure in order to prevent excessive risk 

taking by fund managers. As a result, it is worth investigating the 

evidence on flow -performance relation in the mutual fund industry 

once more.  
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Another study on this subject compares the incentive creating 

natur e of flow -performance relation for mutual funds and pension 

funds (Del Guercio & Tkac, 2002) . Again the asymmetric association 

between fund flows and past performan ce is confirmed for the 

mutual fund industry, but this relation is found to be linear for 

pension funds. In other words, poor past performance results in a 

loss of a considerable number of clients for pension funds, whereas 

it is not a pronounced risk for mutual fund managers. In line with 

Busse (2001)  and Goriaev et al. (2005) , they also show a hig h degree 

of autocorrelation in returns of mutual funds, which does not exist 

in pension fund returns. However, they employ annual mutual fund 

return data for the years from 1987 to 1994, and they do not 

mention a correction for the high degree of autocorre lation in their 

piecewise linear regressions. Given the findings of Busse (2001) , and 

the more recent evide nce of Goriaev et al. (2005) , this 

autocorrelation and the return data usage cast doubt on the results 

of Del Guercio and Tkac (2002) , and leaves this subject open to new 

investigations. Del Guercio and Tkac (2002)  explain this high 

autocorrelation in returns of mutual funds by some funds drawing 

more cash inflows relative to the others now and in the future. They 

also note the òherdingó behavior among fund managers. Findings of 

Del Guercio and Tkac (2002)  and the other studies such as Brown et 

al. (1996) , explicitly indicate the importance of position of other 

funds relative to the one whose performance is  evaluated; yet, 

neither of them has accounted for the spatial dependence. By 

conducting a re -examination of flow -performance relation in the 

Turkish mutual fund industry while taking into account the spatial 

dependence, I attempt to fill this gap in the l iterature.  

A different approach is presented in the paper of Kempf and 

Ruenzi (2008)  for the incentive creating tournament behavior among 

fund  managers. This study focuses on another type of tournament, 
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namely family tournaments. Kempf and Ruenzi (2008)  emphasize 

that besides the mut ual fund industry ranking; there is another 

ranking inside fund families which determines the compensation 

and the promotion of managers. Hence, the relative position inside 

the family becomes important in the risk taking decision of fund 

managers. As a re sult, this study separates funds based on the size 

of the fund family. The findings indicate that managers in large fund 

families are more prone to increase risk if they are ranked among 

the losers. In the small fund families, on the other hand, the 

contra ry behavior is detected: winner portfolios enhance their risk 

levels more than the losers do. The logic behind this different 

tendency between managers in small and large fund families is that 

the relative position will be important only if the number of p eers is 

small. In other words, winning the tournament and leaving the 

others behind in the ranking turns out to be a key determinant of 

managersõ compensation  when the comparison group is small. 

Therefore, the managers of winner portfolios in small fund f amilies 

are more likely to increase their risk in order to protect their relative 

position in the tournament. This finding is first order of importance 

for this dissertation as well. If one extends the results of small fund 

families set forth by Kempf and Ruenzi (2008)  to developing 

countries, it would be logical to expect developing countries to have 

more prominent level of spatial dependence b ecause most of them 

have smaller mutual fund markets than developed countries. Hence, 

the fund markets of developing countries might have a higher 

potential to produce biased results if the tournament behavior is in 

fact a product of the spatial dependence . The study of Kempf and 

Ruenzi (2008)  shows that family tournaments are observed 

throughout the sample period, while the tournaments in the f und 

industry are only sample specific. In the first years of their sample 

period, i.e. from 1997 to 2001, the findings indicate that the ranking 
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in the fund industry and risk increasing behavior is negatively 

related. In other words, loser portfolios incre ase their risk level in 

the second half of the year more than winner portfolios, which is in 

line with earlier papers ( (Brown et al., 1996; Sirri & Tufano, 1998) . 

In the last years of the sample, however, the tendency to alter the 

portfolio risk changes among the fund managers. The rankings 

inside the fund industry and the risk increasing behavior become 

positively related. The latter finding is, in fact, consistent with those 

papers such as Busse (2001) and Goriaev et al. (2005)  which 

contradicts the previous tourn ament literature. Kempf and Ruenzi 

(2008)  explain the contradictory evidence throughout their sample 

period by the employment concerns of mana gers. Specifically, they 

indicate that managers of loser portfolios increase the risk of their 

portfolio and involve in the fund industry tournament only if the 

unemployment risk is low. The unemployment concern is lower in 

the bullish markets. On the cont rary, in bearish markets, managers 

of loser funds are reluctant to take more risks than winners, 

because this may only worsen the stability of their jobs.  

According to Kempf and Ruenzi (2008) , conflicting findings of 

earlier studies are not against the tournament behavior in the fund 

industry. These findings only show that tournament behavior is not 

stable over time, but it can be sample sp ecific. Schwarz (2011) , on 

the other hand, remark another point in the tournament behavior. 

Previous studies like Brown et al. (1996)  and Busse (2001)  have 

employed the risk  levels in the first half of the year as the 

benchmark for the risk increasing behavior of fund managers. 

However, Schwarz (2011)  notes that risk and return are interrelated 

concepts. According to Markowitz (1952) , well diversified portfolios, 

for instance portfolios of mutual funds, should be on the risk -return 

efficient frontier. Hence, Schwarz (2011)  argues that sorting only 

with respect to returns in the first half of the year as in the previous 
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studies autom atically creates a ranking based on the risk level as 

well. That is, in a bullish market, mutual funds with higher returns, 

i.e. winners, should also have higher risk levels than loser portfolios. 

In the second interim, the risk level of these winner funds  will return 

to an average level. This mean reversion might create an illusion of a 

tournament like situation in the mutual fund market. Conversely, in 

a downward market in the first six months of the year, winner 

portfolios will have a lower risk profile.  In the second part of the 

year, risk of these portfolios will increase due to mean reversion. In 

short, when there is mean reversion in fundsõ risk levels, the 

standard deviation ratios used by Brown et al. (1996)  will produce 

spurious tournament behavior. Schwarz (2011)  calls this 

tournament -generating bias as òsorting biasó. He also argues that 

this bias explain the contradictory evidence in the tournament 

behavior literature.  

Schwarz (2011)  employs US mutual fund data from the 

beginning of 1990 to the end of 2006. First, the usual òrisk 

adjustment ratiosó and contingency tables as in Brown et al. (1996)  

are formed. Although the res ults vary from year to year, the evidence 

at this stage is generally consistent with the tournament hypothesis. 

Next, in order to show the òsorting biasó, he picks two years, namely 

1991 and 2001, in which the tournament behavior is the most 

pronounced . In  1991, there is a bullish market in the US; hence the 

fundsõ risk and return are positively related. In contrast, the bearish 

market in 2001 produces negative correlation between fundsõ risk 

and return. These findings are completely in line with the study of 

Kempf and Ruenzi (2008)  in which the conflicting evidence is 

explained by career  concerns of managers. Schwarz (2011) , however, 

argues that the mean reversion in the fund risk creates a spurious 

tournament behavior in the market, since the first half standard 

deviations used as benchmark s suffer from the sorting bias. To 
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prove his point, he uses three methods. First, he computes the 

frequency difference as an alternative tournam ent behavior 

measure. This frequency difference is the gap between high risk and 

low risk cells for low return funds. Second, a òbefore ratioó, that is 

the ratio of median standard deviation of winner funds to median 

standard deviation of loser funds, is d efined. A òbefore ratioó greater 

than one indicates that winner portfolios have significantly higher 

risk in the first half than the loser portfolios. The last method is to 

regress second and first half  standard deviations against first half 

fund performan ce rankings. His findings are consistent with Brown 

et al. (1996). To support his argument, he also employs a simulation 

analysis. He creates a dataset that does not include any tournament 

behavior among fund managers. Interestingly, the results from 

analy sis of this data are again consistent with tournament behavior 

even though its absence is known with certainty.  

Schwarz (2011)  suggests using actual fund holdings in order 

not to have sorting  bias. If there is a tournament behavior, then 

winner fund managers would sell the highest risk holdin gs first to 

decrease the overall riskiness of their portfolio and vice versa. 

Therefore, the benchmark risk level and the second half risk position 

of a fund could be correctly identified. However, different from the 

previously documented bias by Goriaev, et al. (2005) in the mutual 

fund tournament literature, Schwarz (2011)  notes that the sorting 

bias may also affect the studies that worked with actual portfolio 

holdings like Chevalier and Ellison (1997) . The driving force in this 

case is not the mean reversion caused by risk motivated trading of 

portfolio securities but the ònon-risk -motivated trading ó. As a result, 

Schwarz (2011)  uses a bootstrapping method and simulates the 

non -risk -motivated trading pattern so that he obtains a bias f ree 

benchmark risk level. Results based on this dataset are still 

supportive of tournament behavior. Nevertheless, evidence based on 
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this bias free data is mostly insignificant and weaker than that 

based on the òsorting biasedó data. In sum, for the period covered in 

this study, Schwarz (2011) õs results are in line with Brown et al. 

(1996); that is in the second part of the year loser funds show an 

increase in the portfolio risk level. However, the evidence is not as 

strong as the one from  a biased data.  

Chen and Pennacchi (2009)  discuss the disproportionate 

nature of flow and  performance relation while paying special 

attention to tracking error. In fact, Del Guercio and Tkac (2002)  

consider the tracking error issue  and  show that although low 

tracking error is desirable for pension funds, it is not a major 

concern for mutual funds. Chen and Pennacchi (2009) , on the other 

hand, underline the fact that although a fund manager decreases 

the standard deviation of total portf olio returns, she may increase 

the deviation of portfolio returns from a benchmark at the same 

time. The basic motivation behind using the tracking error as a risk 

measure can be explained as follows, If the managerõs compensation 

never declines to zero du e to the convex fund flow -performance 

relation, then loser portfolios depart more from the 

optimal/benchmark portfolio. This departure may not always be 

observed from the risk measure based on total portfolio return but 

be evident from the tracking error. Therefore, one should consider 

the deviation from a benchmark portfolio as a risk proxy in addition 

to the other risk measures. After constructing a theoretical model 

arguing that standard deviation of the tracking error is a more 

appropriate risk measure,  Chen and Pennacchi (2009)  demonstrate 

that the loser fund portfolios exhibit more tracking error from a 

benchmark compared to the winner portfolios. As a result, previous 

findings documenting no tournament behavior may not be justifiable 

according to this study, because the risk m easures based on total 

returns are not suitable to account for the risk shifting behavior of 
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loser fund managers. In order to test the theoretical implications of 

their model empirically, Chen and Pennacchi (2009)  compare the 

total return SDRs, first defined by Brown et al. (1996) , and Busse 

(2001) , with tracking error SDRs while controlling for autocorrelation 

and cross correlation in returns. Beside the nonparametric SDR 

tests, they also employ a parametric test, a time series method, 

derived from the empirical model in their paper. Monthly data for the 

years 1962 to 2006 is used in their analyses. From the total return 

based SDR tests, Chen and Pennacchi (2009)  cannot provide 

evidence supporting the well doc umented poor performance -risk 

altering behavior. This finding is consistent with Busse (2001)  and 

Goriaev e t al. (2005) . The SDRs for the tracking error measurement, 

on the other hand, indicate that fund performance and standard 

deviation of tracking errors are negatively associated. In other words, 

the loser funds, including the well -established and larger one s, have 

higher tracking error based standard deviations. This latter 

conclusion is consistent with the predictions of their model. Second, 

they reveal from the parametric tests that the most influential factor 

determining the risk altering behavior is the tenure duration of the 

manager. In other words, managers with longer tenures are more 

prone to engage in a tournament behavior after a poor performance 

than the managers with shorter tenures.  

The study of Huang, Sialm, and Zh ang (2011)  oppose the 

general view of negative performance consequences of the risk 

altering behavior. In particular, their paper discusses whether this 

tournament behavior is beneficial or not for the investors. They note 

that the risk altering behavio r will be harmful for the investors when 

there is agency problem. In such a situation, in addition to not 

observing a positive performance impact of risk shifting, trading 

costs also deteriorates the fundõs position. On the contrary, Hu ang 

et al. (2011)  argue first that if the mutual fund industry has 
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comparable costs and performance levels, the competition in the 

market is not influenced, to a large extent, by this risk altering 

behavior of the managers. Because the fundsõ performances and 

costs are similar in the fund industry, new cash flows, that is 

investors, would be indifferent between different fund types. As a 

result, fund managers could create any portfolio allocations 

depending on the expected return and risk levels. Their s econd 

argument points out that risk altering behavior can be a result of 

active management, which reflects the skill of the manager, but not 

necessarily an outcome of the gambling behavior. Then, fund 

investors would not be hurt, but benefit, from changes in the risk 

level in the mutual fundsõ portfolios, because the performance of the 

funds will also increase. To assess the risk altering behavior of the 

managers, and the possible performance consequences, Huang et al. 

(2011)  generate  a holdings -based risk shifting measure. Here, they 

compare the difference between the standard deviations of most 

recently disclosed fund positions and the fundõs realized returns. 

More specifically, they construct a hypothetical portfolio that 

contains a ctual security holdings in the fundõs portfolio for the past 

36 months.  Then they calculate the return and standard deviation 

of return on this hypothetical portfolio. This measure shows the 

variation only due to the portfolio changes, but not due to mark et 

changes. They put this variation measure side by side with past 

realized volatility that is found from the actual fund returns over the 

same 36 months time period. This latter measure provides the total 

risk of the portfolio. These two standard deviatio ns should be the 

same unless the portfolio weights are altered in a given period. If the 

difference between these two measures is positive for a fund, one 

can conclude a risk shifting behavior for the manager. Huang et al. 

(2011)  ind icate that using overlapping periods help to separate the 

portfolio specific risk alterations from those imposed by the market 
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conditions. The period from 1980 to 2009 is selected for their 

analyses. Consistent with the arguments of the agency theory 

liter ature, Huang et al. (2011)  document that risk increasing funds 

experience poor performance relative to the funds that do not 

change their risk exposure. Likewise, underperformance after a risk 

altering behavior triggers more risk shi fting in the later periods. 

Evaluating the managerial skill component reveals that risk shifting 

is a costly activity, and it indicates either a lack of skill or an 

existence of agency problem in the mutual fund industry rather than 

superior management. Ov erall, the findings of this paper show that 

risk increasing behavior of fund managers is a product of 

opportunistic trading and it causes agency problem.  Therefore, it 

hurts investors instead of benefiting them.  

The international evidence on the area of f low -performance 

association comes from the study of Ferrei ra et al. (2012b) . They 

explicitly indicate that this association can vary based on differences 

in the economic and financial development level of countries 

analyzed in the study. The source of this difference is a mixture of 

differences in investor sop histication levels and participation costs 

across countries. The investor sophistication is defined in the study 

as the correct interpretation of new information. Ferreira et al. 

(2012b)  argue that chasing past performance is a result of 

behavioral biases. That is, investors invest in winner funds more 

than th ey do in loser funds, because they tend to pay more attention 

to the latest information, and mutual funds are more likely to 

advertise their performances when they are good. As a result, 

Ferreira et al. (2012b)  expect to see  less chasing of past 

performance behavior as the investor sophistication increases. 

Investors in developed countries have well -functioning financial 

markets.  Therefore, investors in these markets are assumed to be 

better at interpreting new information. Hence, Ferreira et al. (2012b)  
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expect to see a less convex relation between flow and performance in 

developed countries. Huang, et al. (2007)  have previously 

documented that funds with highe r participation costs provide 

higher previous returns in order to compensate investors for these 

costs. Based on this finding, Ferreira et al. (2012b)  anticipate to 

observe a more convex flow -performance structure in countries 

where participation costs are higher. They note that participation 

costs are expecte d to be lower in developed countries as well, since 

obtaining and evaluating new information are easier in these 

markets. These hypotheses are tested for 28 developed and 

developing countries with quarterly data between the years 2001 

and 2007. Nevertheles s, their sample does not include Turkish 

mutual fund industry. The selected proxies for the level of investor 

sophistication and participation costs are economical and financial 

development indicators, such as GDP per capita, as well as the 

mutual fund sec tor development indicators, like age, size and 

transaction costs. Their results indicate that countries show 

different levels of convexity. Most of the convexity levels are higher 

than that is observed in the US mutual fund market. In addition, 

more sophis ticated investors in developed countries penalize loser 

portfolios as much as they reward winner portfolios. Therefore, they 

observe a reduced amount of convexity in these countries as 

hypothesized before. Participation costs proxied by transaction costs 

also provide the expected result, when the economical, financial and 

mutual fund industry development of the countries is controlled for.  

The relation is found to be less convex in developed countries where 

the participation costs are smaller. The basic co nclusion drawn from 

this study is that incentive creating flow -performance structure is 

more pronounced in developing countries which may necessitate 

extra regulations.  
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The study by Ferreira et al. (2012b)  put document  interesting 

findings. First of all, they indicate that the US mutual fund market 

is not a representative of the world markets. Many mutual fund 

industries have differences in their cash flow -prior performance 

relation. Second, they demonstrate that developing countries has a 

higher level of convexity than their developed counterparts. In the 

US mutual fund market, as a developed country, investors penalize 

the loser portfolios more than the investors in developing countries. 

This finding may seem to be in conflict with earlier results at first, 

but it is, in fact, in line with findings of some o f the earlier US fund 

market studies, namely Huang et al (2007) and Kempf and Ruenzi 

(2008) . Huang et al. 2007 show that as the participation costs for 

the mutual fund investments has declined over time, the convexity 

has become less pronounced. The study of Ferreira et al. (2012b)  

covers a period from 2001 to 2008.  Therefore th is less pronounced 

convexity for the sample period analyzed in this paper can be 

explained by lower participation costs during that period Kempf and 

Ruenzi (2008) indicate that fund managers are more likely to 

participate in a risk increasing behavior when they feel that their 

positions as managers are not in danger. In the sample period 

chosen by Ferreira et al. (2012b) , there is a downward market in the 

US. As a result, fund managers may not prefer to engage in a risk 

shifting behavior in order to not to lose their jobs in case of huge 

losses.  

Together with t he family tournament findings of Kempf and 

Ruenzi (2008) , one may claim that another reason for the difference 

between findings for developed and developing countries can be the 

relatively smaller size of mutual fund markets in the developing 

nations. Kempf and Ruenzi (2008)  show that in smaller fund 

families, the relative position of a fund inside the family becomes 

more important than that in larger fund families. This finding might 
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be taken as an indication of a higher spatial dependence in smaller 

fund families. Broadening these conclusions to the mutual fund 

markets may mean that different mutual fund markets may show 

different levels of spatial dependence based on their size. Given 

earlier evide nce in the literature, it is conceivable to conjecture that 

not taking into account this spatial dependence among mutual 

funds may result in spurious relations between fund flows and 

performance. Based on the evidence in Ferreira et al. (2012b) , this 

danger of false inferences about the behavior of fund manage rs may 

be even stronger in the developing countries where the mutual fund 

industries are smaller. This may be another explanation for the 

different convexity levels observed in different countries. A smaller 

mutual fund market may exacerbate the tournament  creating 

incentives as well as the spatial dependence among fund managers. 

This would result in either higher biases in the computations, or, if 

the tournament behavior is not a consequence of spurious findings, 

higher level of flow -performance convexity in developing countries. In 

my dissertation, by controlling for these spatial interactions, I 

attempt to add to the clarification of this ambiguity.  

A recent study on the tournament behavior in the Turkish 

mutual fund industry belongs to ¥zt¿rkkal and Erdem (2012). They 

begin their discussion by stating the importance of mutual fund 

prior performance from the point of view of investors and fund 

managers. They note the linkage between behavioral finance ð 

specifically the gambling behavior ð and managerial risk incentives 

by referring to the well -known prospect theory of Kahneman and 

Tversky (1979)  as well. However, ¥zt¿rkkal and Erdem (2012) 

continue their examination on the basis of Brown et al. (1996) , and 

they do not analyze the behavioral finance linkage. In fact, the study 

of ¥zt¿rkkal and Erdem (2012) is a replication of the paper by 

Brown et al. (1996) . Specifically, they investigate the existence of 
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tournament behavior in Turkey, as a developing coun try, by using 

monthly data for all type -A funds for the period from 2002 to 2007. 

Following the methodology of Brown et al. (1996) , they compute the 

return data, then they compare the volatility of the winner group ð 

above median funds ð to that of the loser group ð below median 

funds  ð using risk adjustment ratios. The findings for Turkey are in 

line with the tournament hypothesis. That is, in months of June and 

July, fund managers with loser portfolios increase the riskiness of 

their portfolio relative to the first part of the year, whereas winner 

funds decrease the risk in the second part of the year. ¥zt¿rkkal 

and Erde m (2012)  also compare the ratios of portfolios that shift the 

portfolio risk, and demonstrate that risk altering is a common case 

among the loser funds. In line with the previous argument, they 

explain risk altering behavior of managers in the second ha lf of the 

year by the fund evaluation process realized at the end of the year. 

Brown et al. (1996)  argue that the risk shifting behavior is a 

consequence of managersõ gambling incentives caused by the low 

level of penalty in terms of cash flows.  ¥zt¿rkkal and Erdem (2012), 

however, point out that tournament behavior cannot only be 

attributed to these incentives of man agers. They indicate that in 

Turkey, a developing country, fund managers may not be the sole 

decision makers because the turnover rates for fund managers are 

very high. Moreover, most of the mutual fund companies are 

subsidiaries of other financial interme diaries or banking companies. 

As a result, attributing the risk shifting behavior solely to the 

managerial risk appetite may not be a correct inference. Bank 

parents may encourage excess risk shifting by their mutual fund 

subsidiaries in the second half of  the year to attract new investors. 

According to ¥zt¿rkkal and Erdem (2012), the risk shifting tendency 

for the portfolio management companies in the second half shows 

the pressure of attracting new cash flows to the fund.  
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The study of ¥zt¿rkkal and Erdem (2012) has importance for 

my dissertation as well. They are the first to check the tournament 

behavior among Turkish mutual funds. By analyzing a data that is 

not publicly available in an emerging country, they have definitely 

added to this literature where most studies are based on the data 

from the US market or developed markets. However, this study has 

its own drawbacks.  

First, due to the data limitations, ¥zt¿rkkal and Erdem (2012) 

only use the equity portion of the mutual fund portfolios, and relate 

the results with the new cash inflow. This would be an accurate 

analysis, if the only way to change the risk of a portfolio is to alter 

the security structure. However, a fund can disinvest its holdings in 

bond market and increase its equity investments in the  portfolio and 

increase the risk of the portfolio. To decrease the portfolio risk, a 

fund may increase its investment in bond markets or hold cash. 

Putting it differently, one cannot be sure whether the new money 

that is invested in equity securities comes  from the new investors or 

from liquidation of the other investment alternatives unless all the 

portfolio holdings are known. A better approach to analyze the risk 

shifting would be to apply Schwarz (2011) õs proposition. That is, to 

decrease (increase) the risk of the portfolio, fund manager would sell 

first the highest (lowest) risk holdings, and replace them with a 

lower (higher) risk security. Analyzing only the equity portion with 

the risk adjustment ratio method would not allow such an analysis.  

Second criticism towards the study by ¥zt¿rkkal and Erdem 

(2012)  may be directed to their sample. Their analysis is based on all 

type -A funds. However, type -A funds can also be classified into 

different classes according to their holdings. Capital Markets Board 

of Turkey reports in 2010 that there are 17 different classifications 

for mutual fund industry in Turkey (SPK Yatĕrĕmcĕ Bilgilendirme 

Kitap­ĕklarĕ, 2010). According to Turkish Intuitional Investment 
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Managersõ Association, apart from the òmoney marketó funds, ònotes 

and bondsó funds and òforeign securitiesó funds, all the other funds 

can be type -A or type -B (T¿rkiye Kurumsal Yatĕrĕmcĕlar Derneķi, 

n.d.) . As a result, the study of ¥zt¿rkkal and Erdem (2012) puts 

several type -A fun ds, ranging from the equity funds to index and 

sector funds into one basket and analyze all of them together. The 

previous literature, on the other hand, mostly employs growth 

oriented equity funds in their analysis. In particular, the existence of 

index a nd commodity funds in the sample of ¥zt¿rkkal and Erdem 

(2012)  may have a potential to bias their results.  

Furthermore, although ¥zt¿rkkal and Erdem (2012)  have 

noted that the survivorship bias is not a major concern for their 

study, they have not considered the criticisms set forth by Busse 

(2001)  and Goriaev et al. (2005) . Since ¥zt¿rkkal and Erdem (2012) 

employ monthly return data, these criticisms are valid for their 

study as well. In other words, it is likely that their findings suffer 

from the biases that are caused by autocorrelation and cross 

correlation in the data. Last, ¥zt¿rkkal and Erdem (2012) have only 

employed the òrisk adjustment ratioó defined by Brown et al. (1996) , 

but they h ave not considered any regression framework. This 

methodological shortfall has been criticized in Busse (2001)  and 

Goriaev et al. (2005)  as well. In this dissertation, I, however, aim to 

examine the Turkish mutual fund industry by spatial regressions. 

These spatial regressions take into account spatial dependence, 

which is very likely to affect risk shif ting behavior of fund managers. 

Hereby, I plan to add to the tournament behavior explanations in 

the mutual fund industry as well as to the spatial econometrics 

literature by extending the distance concept to a new area. In 

addition, unlike developed count ries, emerging markets may 

experience a higher degree of convexity in the prior performance -

cash flow relation. This relation has only been considered in the 



41 

 

paper by Ferreira et al. (2012b) . By conducting a detailed study in 

Turkish mutual fund industry, I also attempt to contribute to the 

convexity and risk alteration incentive issues.  

The literature on relation between prior performance and cash 

flow shows clearly the significance of the issue for the mutual fund 

industry and its investors especially for developing countries. In this 

dissertation, I attempt to improve the models analyzing the 

mentioned association and the tournament like behavior among 

fund managers with the aid of spatial techniques. The tournament 

behavior literature suggests a nonlinear response of cash flows to 

the relative position of fu nds and this nonlinear response might 

create a spatial dependence among mutual funds. Although the 

importance of autocorrelation and cross correlation has been 

realized in several papers, to my knowledge, spatial dependence 

caused by fund rankings in the m utual fund industry has been left 

uninvestigated so far. The methods I use in this dissertation allow 

me to characterize the nature of the relationship between flow and 

performance better and to identify the conditions that determine the 

extra risk taking behavior of managers shown in many papers. 

Therefore, analyses carried out in this dissertation add to the 

tournament behavior explanations in the mutual fund industry as 

well as to the spatial econometrics literature by abstract distance 

measure.  

2.2  A Modeling Proposal: Spatial Econometrics  

Traditional econometric techniques usually rely on Gauss -

Markov theorem which assumes that observations are independent, 

and their variation is constant. These two assumptions are often 

violated when one includes loc ation as a component. The violations 

may cause incorrect inferences in terms of coefficients, significance 

levels and goodness of fit tests, and result in inappropriate model 
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specifications (LeSage, 1997) . Spatial econometrics, which accounts 

for this location component, can be considered as a sub -field of 

traditional econometrics (Anselin, Gallo, & Jayet, 2008) . Anselin 

(1988)  defines spatial econometrics as the modeling techniques that 

account for the peculiarities caused by the space component. These 

peculiarities, namely spatial dependence and spatial heterogeneity, 

are called spatial effects.  

Spatia l dependence may be best described by the words of 

Tobler (1970) : òEverything is rela ted to everything else, but near 

things are more related than distant things ó (pg. 236). From a 

geographical perspective, he explains this association as such: the 

growth of population in one location is a result of its own 

characteristics, but it also dep ends on the population of other 

locations. Anselin (2010) , on the other hand, more formally defines 

spatial dependence or spatia l autocorrelation as òa type of cross 

correlation impacted from the relative position of the observations in 

geographic/network space which cannot be solved by employing 

standard techniquesó. Here, the structure  of the relation represented 

by correlation a mong observations is obtained from a specific 

ordering according to their relative positions in the space (Anselin, 

2006) . 

The similarity and the difference between spatial dependence 

and statistical  dependence is noted in Anselin (1988) . The 

observations in a time series model show dependence to the prior 

observations in the dataset, which reflects one -dimensional 

dependence. Spatial dependence, however, represents that 

observatio n at location i varies according to another observation at 

location j. That is, in an error variance -covariance matrix, the off 

diagonals being not equal to zero is in line with a òspatial orderingó 

(Anselin, 2003) . Here, the one -dimensional dependence in time 

series models be comes multi -dimensional in the case of spatial 
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econometrics. This multi -dimensional dependence impedes a 

solution obtained by employing traditional methods. In order to 

include the neighborhood concept, so the spatial autocorrelation 

into the model, spatia l weight matrices are used. These matrices can 

be binary or general spatial weight matrices (Anselin, 1988) . 

LeSage an d Pace (2009)  explain the inadequacy of standard 

econometric techniques to account for spatial dependence as such: 

in a linear regression model, the disturbance term ( ie) is assumed to 

be distributed normally, with zero mean and a st andard deviation (

2s ). For two observations that are statistically independent, the 

following condition must be satisfied: 0)()()( == jiji EEE eeee . This 

equation, on the other hand, does not describe the spatial 

dependence where the observation i at one region changes 

accordingly to the observation j from the neighboring location. 

LeSage and Pace (2009)  explain the effect o f neighboring in the data 

generating process as follows. Let the neighboring observations i =1 

and j = 2, and the values of i depend on j. The data generating 

process may be formulated as shown below (LeSage & Pace, 2009) : 
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However, as many researchers correctly indicate, this 

simultaneous data generating process would cause a degrees of 

freedom problem, since there would be potentially n 2 ð n parameters 

to estimate (Anselin, 2006; LeSage & Pace, 2009) . This problem is 

solved by using a spatial weight matrix in spatial autoregressive data 

generating process. The general first order model can be shown as 

follows (Anselin, 1988) : 

er += Wyy , where W represents nxn  spatial weight matrix; y 

is the dependent variable, r is the scalar parameter that 
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demonstrates the strength of the spatial dependence, and e is the 

disturbance term that has a multivariate normal distribution with a 

zero mean and constant variance -covariance matrix. Spat ial 

weighting is not limited to the dependent term, but also the 

exogenous variables and the error term can be scaled by this weight 

matrix.  

There are basically two reasons that create spatial dependence 

as stated in  LeSage (1999) . First, some data collection process may 

show dependence to space units such as addresses, zip codes or 

mobile labor force. Not to take into account these spatia l effects may 

cause measurement problems. Second, as in the standard 

econometrics, omitting an important variable that has an effect on 

the dependent variable may result in autocorrelation as a modeling 

problem. Here, neglecting the spatial dimension of ec onomic, socio -

demographic, geographical data may generate spatial 

autocorrelation. Anselin (1988)  explicitly emphasizes that the simple 

extension of time series techniques is not sufficient to tackle the 

different nature of spatial dependence.  

Spatial heterogeneity, on the other hand, means having 

unstable parameters and varying functiona l forms in the dataset 

due to their locations in the space (Anselin, 1988) . Most basically, 

the diago nal elements of error variance -covariance matrix vary. This 

can be a result of initial data set, or fluctuating number of neighbors 

for each location. In the second case, heteroskedasticity occurs 

although the initial process does not suffer from such a pr oblem 

(Anselin, 2003) . For i nstance, this is likely to be the case when one 

works with a cross sectional data with distinct spatial units such as 

rich and poor regions, because the borders are specified arbitrarily. 

In such a case, heterogeneity in the data can be straightforwardly 

l inked to the location of the observations (Anselin, 1988) . Contrary 

to the requirement of new techniq ues for spatial dependence, spatial 
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heterogeneity does not necessitate the development of new methods 

to account for it. Instead, the well -known statistical methods dealing 

with simple heterogeneity are adequate to solve the problems 

associated with spatia l heterogeneity. This is why Florax and Van 

Der Vlist ( 2003)  note that spatial dependence is more discussed in 

the literature compared to spatial heterogeneity problem. 

Nevertheless, spatial econometrics usually provides more efficient 

procedures relative to standard techniques in addressing spatial 

heterog eneity. Most of the time, spatial heterogeneity is inseparable 

from the spatial dependence. Anselin (2010)  defines this issue as  the 

òinverse problemó. Spatial heterogeneity may also include additional 

information like spatially varying coefficients or spatial structural 

changes (Anselin, 2006) . 

As a solution for spatial heteroskedasticity, if the variance -

covariance matrix is known a priori, one may use ordinary least 

squares or maximum likelihood method. On the other hand, when 

this matrix is unknown, the òheteroskedasticity -consistent covariance 

matrix estimator ó can be used as an estimator (Arbia, 2006) . 

Spatial mode ling has become a widely used technique in 

different empirical studies, particularly in regional science. This is 

actually a natural area for spatial studies owing to its distance -

based nature. On the other hand, Manski (1993)  notes the 

importance of so -called òsocial normsó, òpeer influencesó, ò social 

interactionsó or òherding behavioró on the decision making process 

of individuals. He explains such an effect in three ways: i) 

Endogenous  effects:  Individualõs tendency to behave in a certain way 

that changes accordingly to the group behavior; ii) Exogenous 

effects:  Individualõs tendency to behave in a certain way that 

changes accordingly to the exogenous characteristics of the group; 

iii) Correlated effects: Individuals in the same group are more likely 

to act in a similar way since their characteristics or their 
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environments are alike. Based on these three influences on human 

behavior, one may conclude that areas other than regional science 

also require spatial modeling. Furthermore, besides ògeographical 

distanceó, analyzing these issues requires definition of new distance 

metrics.  

This diss ertation can only provide a very brief set of examples 

from this line of research. The examples will be presented into two 

groups. In the first group, the papers are chosen from different areas 

to show the ample usage of spatial econometrics. The common po int 

of these studies is using ògeographical distanceó as their spatial 

weight matrix. The second group, on the other hand, consists of 

studies with ònon-Euclidianó based distance measures from various 

literatures.  

Rey and Montouri (1999)  provide one of the seminal works in 

the regional science. They indicate that regional economic 

convergence is an area that must be considered with the location 

impact, since the determinants of the convergence such as factor 

mobility or technology transmi ssion are highly impacted from the 

geographical position. In fact, this is one of the examples that 

Anselin (1986)  mentions in his study. He notes that the papers 

investigating poor and rich regions may suffer from the biases 

caused by spatial interactions unless they are explicitly a ccounted 

for. From this reasoning,  Rey and Montouri (1999)  criticize the 

earlier studies on regional convergence on the grounds taking the 

regions as independent units, and ignoring the inter -regional 

interactions. Therefore, they re -examine the income growth among 

different regions in the United States while benefiting from 

exploratory spatial econometrics for the years from 1929 to 1994. 

They estimate both cross sectional variation of i ncome per capita (Ȓ-

convergence) and the differences in growth among poor and rich 

regions (ȁ-convergence) while adopting a binary spatial weight 
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matrix in which the common border is represented with 1. The 

spatial autocorrelation is computed by the aid of  Moranõs I statistics. 

The beta convergence is examined through three types of spatial 

regressions: i) Spatial error model, where the spatial effects are 

considered in the error term; ii) spatial autoregressive model, in 

which a spatial lag is included int o the model, iii) spatial cross 

sectional model, in which only an exogenous variable is scaled 

through the spatial weight matrix. In terms of Manski (1993)õs 

classification, the spatial error model reflects the correlated effects 

while spatial autoregressi ve model accounts for endogenous effects. 

The last model of this paper takes into account the exogenous 

effects. As stated in Anselin (2003) , the spatial autoregressive model 

brings into picture the òspatial multiplier conceptó. That is, an 

enha ncement in the income level of the neighbors affects the income 

growth of the country in the analysis. However, this change in the 

income growth also impacts the neighbors until equilibrium is 

reached. The other two models do not have such a multiplier imp act 

(Manski, 1993) .  

 The findings of the paper by Rey and M ontouri (1999)  point 

out that spatial autocorrelation highly exists. Moreover, they find 

that there is convergence among the states in terms of relative 

income, but this convergence of income depends strongly to the 

neighboring states. That is, regions have tendency to be clustered 

according to their income levels. High income states are near to each 

other, while low income ones form another cluster. As a result, Rey 

and Montouri (1999)  show that conventional models applied in the 

regional convergence literature can suffer from misspecifications 

when spatial dependence is not considered.  

Income inequalities and growth convergence highly require the 

addition of spatial effects. Among man y others, Yĕldĕrĕm, ¥cal, and 

¥zyĕldĕrĕm (2009) also examine the regional convergence and income 
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inequality issues for Turkey for the years 1987 -2001. The novelty of 

their study is to take into account these spatial interactions while 

analyzing interregional inequalities in an emerging country. They 

also note that previous studies on the regional convergence cluster 

the countries into mutually exclusive groups that assume total 

independency.  As in the study by Rey and Montouri (1999) , Yĕldĕrĕm 

et al (2009) model beta convergence by separately scaling the error 

term, dependent variable and exogenous variable by the spatial 

weight matrix. This matrix consists of binary terms, representing the 

physically adjacent provinces. Different from the prior regional 

inequality studies, Yĕldĕrĕm et al (2009) also employ geographically 

weighted regressions as an alternative to account for spatial effects. 

Geographically weighted regressions are an extension of OLS model. 

Here, in the parameter estimation process, the observations are 

directly weighted with a function which reflects the distance between 

the region i and all other regions. Th erefore, the estimated 

parameters are region specific. This technique is beneficial in terms 

of dealing directly with the spatial heterogeneity. The overall findings 

show the existence of income convergence across provinces in 

Turkey. In other words, poor provinces converge to rich ones in 

terms of income growth rates. However, the linear association 

between per capita income growth and independent variables differ 

based on the location of the provinces. Hence, as Yĕldĕrĕm et al 

(2009) specify, spatial mode ls provide a better fit than the OLS 

model. This comparison between models shows that the high 

deviation in the convergence among provinces cannot be represented 

in the conventional beta methods.  

Regional science is also helpful while examining the factors of 

house prices.  Although the main driver behind the rise in the house 

prices is real income, Holly, Pesaran, and Yamagata (2010)  indicate 

that regional differences must be taken into account. Location 
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becomes an important component in this model, because expensive 

housing in metropolitan areas may force households to choose 

houses in neighboring states. Labor mobility is another re ason 

which directs house investors to migrate to neighboring states. The 

study of Holly et al. (2010)  define a binary spatial weight matrix 

having a value of 1 if two states share a common border or vertex 

and zero otherwis e. Holly et al (2010) analyze annual state level data 

for the years between 1975 and 2003. To observe the spatial 

autocorrelation, first, they decompose the error term into 

idiosyncratic component. Then, they run a regression of error terms 

while employing  a spatial lag. This second part of the analysis is to 

show the degree of spatial dependence. The results indicate the 

presence of spatial dependence among the neighboring states in the 

US. Hence, the study by Holly et al. (20 10) emphasizes the 

significance of spatial dependence along with other fundamental 

determinants in modeling the house prices across regions.  

Spatial econometrics modeling is also used in 

microeconomics. Pinkse, Slade, and Brett (2002)  investigate the 

competition and price formation in mono polistic competition 

markets, where products are not identical but substitutes. They aim 

to develop an empirical technique that separates price competition 

as global and local. In the microeconomics literature, local 

competition refers to a rivalry on a on e dimensional spatial surface 

in which the firm competes with the two other firms neighboring 

from either sides. That is, the impact of neighborhood decays as the 

distance increases. Remote competitors have no or very little impact. 

In the global competiti on model, all firms compete with each other. 

They argue that in the classical monopolistic competition view, the 

competition is taken as symmetric. The spatial modeling of Pinkse et 

al. (2002) , however, is based on the notion that prices are formed 

according to the price fluctuations in the neighborhood. In other 
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words, the local  competition does not need to be considered in a 

one-dimensional space, while the global competition can be 

asymmetric as well. Pinkse et al. (2002)  select the US oil terminals of 

October 1993 to proxy the competition in the refined oil market. 

They employ several measures of distance, namely ògasoline 

terminals that are nearest neighbors, that share a market boundary, 

that share a market boundary with a third competitor, and the 

Euclidian distance between terminals ó. Putting it differently, the 

distance measures are defined as being a nearby neighbor, sharing a 

common border, and  having a Euclidian distance that is smaller 

than a threshold value. Pinkse et  al. (2002)  develop a semi 

parametric approach to model the non -linear relation in the price 

formation process while accounting for the spatial effects. Their 

results indicate that only the first measure of distance is a spatial 

determinant of the compe tition among oil terminals. In addition, 

they show the price formation is more local than previously thought 

when the spatial interactions are considered . Their procedure which 

permits the ordering of different distance measures according to 

their importan ce and their interactions, adds to the spatial 

econometrics.  

Last but not least, beside the frequent usage of spatial 

econometrics in regional science, spatio -temporal modeling is a 

newly used technique in evaluating the performance of banks. 

Tirtiroglu et al. (2011)  investigate the role of distance on the 

performance of the US banks. Taking the spillover discussions as 

the underlying literature, they examine the effect of nei ghborhood on 

the total productivity factor growth of the US banks. Specifically, 

they investigate whether bank performance in adjacent states is 

related; if so, how far this spatial diffusion reaches, and what the 

real motivation behind the diffusion is, i .e. neighborhood or 

regularity similarities. To examine these questions, Tirtiroglu et al. 
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(2011)  benefit from both panel and the lagged spatial regressions 

utilizing annual d ata for the years from 1971 to 1995. First, to 

observe the impact of neighborhood on panel specification, they run 

the regressions with neighboring states and randomly chosen states. 

Their findings indicate that the performance of banks, proxied by 

total f actor productivity growth, is clearly related to their location. To 

clarify whether this relation between location and performance is 

caused by similarity in regulatory environments of states rather than 

their physical distance, Tirtiroglu et al. (2011)  re-analyze this 

association for states that allow entry of banks regardless of where 

their headquarters are located. The overall results demonstrate that 

physical distance based proximity is a stronger determinant than 

regulatory proximity. Tirtiroglu et al. (2011)  note that ignoring 

spatial effects when modeling banking performance may suffer from 

a severe omitted variable problem.  

Above and beyond the ample usage of spatial methods in 

regional science, these interactions also  draw attention in the 

social science literature. Many studies report that individuals, 

groups, families, voters are under the influence of others in their 

decision making process (Akerlof, 1997; Anselin, 1988; Dow et al., 

1984; Ward & Gleditsch, 2007) . Usage of spatial methods is 

motivated b y this feature of social sciences. For instance, the lack of 

independence between sample units in the cross -cultural studies 

and its spatial consequences are noted in Dow et al. (1984) . They 

indica te that dependent samples may cause artificially high or low 

correlation estimationswhich is known as Galtonõs problem in the 

anthropology literature (Dow et al., 1984) . The importance of spatial 

weight matrix is highlighted once more in i ncorporating the spatial 

dependence into the model. They also indicate that the spatial 

distance can be a social distance concept such as language 

similarity or physical distance as mostly used in the regional 
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science. Indeed, Anselin (1988)  argue that the notion of space is not 

limited with the Euclidian definition of distance; instead òpolicy 

space, inte r-personal distance or social networks ó can be modeled 

with spatial econometrics (pg. 8). Although a non -geographical or 

non -Euclidian distance measurement is attractive as in the study of 

Dow et al. (1984) , its construction could be problematic. There could 

be false inferences unless the distance matrix reflects the real 

process correctly. Furthermore, Dow et al. (1984)  sets forth that the 

estimation procedure of the autocorrelation parameter has major 

importance. In order to find the best estimation procedure regarding 

the efficiency and unbiasedness of spatial regression models, they 

compare the OLS estimations to maximum likelihood, itera tive 

generalized least squares and iterative residual regressions through 

simulations. This evaluation is made based on linguistic similarity 

distance matrix as an example of  the non -Euclidian distance 

matrix.  Dow et al. (1984)  suggest that the proximity between two 

languages is defined according to the nodes along the path in the 

linguistic genetic tree. In fact, their distance measurement is an 

extension of previously proposed matrix  in the ant hropological 

spatial distance study of White, Burton, and Dow (1981) . The results 

of Dow et al. (1984)  show that OLS is no longer the most efficient 

estimator, although it remains unbiased. In  addition, it has variance 

underestimation problem which results in more significant 

coefficient estimates. However, the remaining procedures cannot 

dominate one another, and they can be equally used in the spatial 

regression models estimations. Since Dow et al. (1984)  attempt to 

compare various estimation procedures in the spatial regressions, 

they do not focus on the comparison of two types of distance 

matrices. Yet, it would be interesting to inv estigate the impact of 

different òspaceó definitions in such a study. 
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Akerlof (1997)  provides one of the earliest studies that discuss  

the importance of social distance. He argues that the òrepresentative 

agentó models that define the utility of individuals so far are 

insufficient in accounting for personal or sub group differences. In 

these models, the main aim is to maximize the utilit y function, so 

there is no need to behave in a different way for any individual. 

Akerlof (1997)  underlines the import ance of rules and values in 

distinct sub groups, and indicates that each individual should be 

characterized according to their location in the space. The social 

interactions are affected from the distance among these individuals. 

Putting it differently, th e closer the individuals are in the space in 

terms of group norms, the more social interaction will be observed. 

This proximity is a more general concept than the one defined in the 

Euclidian sense. Unfortunately, the paper of Akerlof (1997)  is a 

theoretical one. While its addition to the literature is to highlight the 

role of spatial interactions for social sciences, it does not suggest  a 

proxy for inter -personal distance measurement. This criticism is in 

fact valid for the work by Anselin  (1988)  as well. There is no proxy 

suggested in Anselin (1988) for these non -Euclidian distance 

measures.  

Examples of non -Euclidian distance proxy while using spatial 

modeling in social sciences is provided by several studies, including 

Dow et al. (1984)  and Conley (1999) . The concept of economic 

distance, i.e. the interdependence among individuals, is first 

proposed by Conley (1999) . The main aim of his study is to create a 

consistent generalized method of moments estimator with a 

nonparametric modeling of dependence, when the distance is 

measured with an error. This is the major difference of this paper 

from the work of Dow et al. (1984) . Dow et al. (1984)  do not accounte 

for the possible errors in the measurement of the distance matrix 

and its consequences. Conley (1999)  compares parametric and 
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nonparametric estimation techniques for generalized method of 

moments. He indicates that in the parametric modeling approaches, 

the meas urement of distance usually generates problems, because 

classical theory assumes a normal distribution of the data with a 

covariance matrix expressed as explicit distances. In this study, the 

location is defined as the random field of each observation. The  

distance between two observations, i and j,  is the difference between 

their locations, s i and s j. The smaller this distance becomes, the 

higher the correlation between random variables Xsi and Xsj is. In 

other words, the economic distance between observations shapes the 

dependence between their random fields, which results in spatial 

dependence. In fact, Conley (1999)  argues that this is an approach 

which makes the modeling of dependence between observations 

straightforward. As an economic but imperfect distance measure, he 

points out trades volumes or transportati on costs of human or 

physical capital as candidates. Accordingly, the transportation cost 

between two countries, such as the US and Mexico; the US and 

Japan, etc. is chosen as the empirical examples in his modeling. In 

line with Dow et al. (1984) and Akerlof (1997) , Conley (1999)  also 

highlights the lack of independence among observations in the 

economic theory, so the inconvenience of traditional models based 

on Gauss -Markov theorem.  

The application of spatial econometrics to social sciences by 

the aid of non -geographic distance metrics can be seen in Conley 

and Topa (2002) . They examine the spatial interactions in the 

determination of unemployment while considering the role of social 

networking among individuals proxied by different economic 

distance measures. Their paper emphasizes that social networking 

helps to find new job areas. This type of social networking can be 

directly associated to physical distance, that is, individuals have a 

relation with those who are nearby.  It may also have dimensions 
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reflecting common points, namely ethnicity, religion, nationality, 

education etc alongside the geographical characteristi c. In other 

words, besides the impact of physical proximity in finding jobs, non -

geographical determinants also generate clusters -spatial 

dependence -in the data. Conley and Topa (2002)  benefit from 

Chicago Census tracts for different distance measures, that is 

physical proximity between centroids of two tracts, public 

transportation travel time, the Euclidian distance between two 

vectors representing the percentage of different races and ethnicities 

of Chicago, an Euclidian distance measure based on the distribution 

of occupations within a tract. They apply the method proposed in 

the paper by Conley (1999)  in order to account for the problems 

caused by imperfect distance metrics. Although their results are 

mixed, and they suggest further research in  this area, in general, 

they find evidence of spatial dependence on the determinants of 

unemployment. The significance of this spatial dependence 

decreases as the distance in terms of different measures increases.  

Conley and Dupor (2003)  argue that economic fluctuations 

should be modeled by taking into account sector interactions if one 

does not want to ignore valuable disaggregate information hidden in 

cross -sector correlations. The purpose of the ir paper is to assess the 

productivity relation among different US sectors while accounting for 

spatial effects. The distance between two sectors in this model is 

defined as the similarity in their input -output structure. According 

to the output structure,  the economic distance is denoted as small if 

two sectors provide goods for similar industries. The second 

measure is based on the input similarity of sectors and two sectors 

are considered as alike if they use similar technologies. The input -

output data u sed in the analysis is provided by the Bureau of 

Economic Analysis quinquennially, including the years from 1972 to 

1987. The results show strong co -movement between total 
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productivity growths of the US manufacturing industries, even after 

the impact of bu siness cycle is removed. The productivity growth 

rates indicate high correlation in the sectors in which the input 

distance is smaller. The productivity of these sectors tends to move 

together, and hence adds significantly to the aggregate productivity 

flu ctuations.  

Economic  distance measure examples are not limited to these 

papers. In fact, several social science studies benefit from the spatial 

econometrics literature from time to time. Another example in this 

area belongs to Pinkse and Slade (2004)  that investigate the 

beverage industry mergers in the UK for the time period of 

August/September and October/November 1995. The y note that 

unless the consumers decide among discrete alternatives, and buy 

only one unit of a product, for example automobile, they have to 

make a choice in a product -characteristic space, where all the 

dimensions reflect distinct brands and amounts. Fol lowing on their 

previous work ( Pinkse et al., 2002) , Pinkse and Slade (2004)  semi 

parametrically compute the cross -price elasticities, and employ them 

as the distance matrix. More clearly, the beer brands are considered 

to be òcloseó if they have the same product type, they are produced 

by the same brewer, and their alcohol amount is comparable. The 

results show that all of these distance measures affect the 

competition in the beer market albeit differently.  

In an interesting study in the economic pol icy area, Simmons 

and Elkins (2004)  note that liberalization policies applied by 

different governments show similarities both regionally /spatially and 

throughout time. They investigate the choice of foreign economic 

policy decisions, and the role of other countries in this process. They 

argue that the effect of distance/closeness in the economic policy 

making is spurious, and may be explai ned by other associations. As 

a result, they raise the following questions: (1) Does the policy choice 
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of elsewhere change the payoffs of an application of a particular 

policy? (2) Is the policy choice effective on the information set that 

the government u ses for its own policy making process? In this 

paper, Simmons and Elkins (2004)  point out that the spatial 

similarities, formally spatia l dependence, does not only have the 

capability to bias the parameters by impacting error terms, but also 

constitutes the core of the study. Hence, they add a spatial lag to 

their model to deal with this spatial dependence. As the authors 

highlight, the fo cus of the methodology is to determine the spatial 

distance matrix. Various forms of non -geographical distance 

definitions are utilized. First of all, since the payoff of a liberal 

economic policy depends on the competition in the foreign markets, 

hence  other countriesõ policy decisions, Simmons and Elkins (2004)  

generate a òcompetitive distanceó measure based on the bilateral 

relations be tween two countries. This competitive distance metric 

aims to measure if these two countries compete for a share in a third 

market. They constitute a correlation matrix using the ratio of total 

export of each country to the others in the sample. This corre lation 

matrix indicates the extent of the bilateral trade association 

countries have with each other. In other words, this measure aims 

to assess the competition degree of countries in a third market. 

Simmons and Elkins (2004)  are also interested in the export 

distribution of each country across different industries. Again they 

construct a correlation matrix that shows the export data of e ach 

country in 9 sectors. Both correlation matrices are utilized to 

designate the most competitive 10 countries in the two categories. 

The mean values of each country for these two categories represent 

the spatial lag variables in their models. Likewise, Simmons and 

Elkins (2004)  note that countries that are similar in terms of 

educational and technological background compete for the marke t 

share in the same industries of foreign markets. They develop 
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another distance measure, and a spatial lag, based on the most 

similar 10 countriesõ mean value obtained by the aid of this new 

correlation matrix. This new distance measures is constructed to  

show the informational impact of neighborsõ policy decisions. Here, 

Simmons and Elkins (2004)  control for the effect of Euclidian 

dista nce on the policy diffusion between countries by adding two 

òtrueó geographical distance variables: the log distance between 

capitals of two country and sharing a common border. They examine 

182 countries that are members of IMF between the years 1967 and 

1996. They use a semi -Markov model and a hazard model with 

spatial lags that are determined by the aid of distance measures 

discussed above, and included in the models to account for the 

òneighborhood effectó which may cause omitted variable problem if 

ign ored. Both are spatial autoregressive models. Their findings point 

out that countries that are close to each other in terms of policy 

distance measures, apply similar policy liberalizations as well.  

Policy formation literature and the effect of neighborho od on 

this process can be expanded through the study of Beck, Gleditsch, 

and Beardsley (2006) . Referring to Galtonõs problem (Dow et al., 

1984)  and in line with Tobler (1970) ; Beck et al. (2006) emphasize 

the inadequacy of independence assumption employed in the 

traditional statistical methods that are used in the pol itical economy 

papers. First of all, they discuss the appropriateness of two spatial 

methods, the spatially lagged error, and the spatial autoregressive 

models, for the economic policy formation research. They note that 

spatial error models deal with the s patial dependence in the error 

term, which assumes that the explanatory variables are free from 

this space effect. This assumption becomes particularly hard to 

defend when a new explanatory variable is added to the model, and 

this is more likely to be the case in the economic policy 

implementations. In other words, policy formation has a social 
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multiplier effect that is represented by a spatial lag of dependent 

variable into the models. This spatial lag of dependent variable 

reflects endogenous effects in t he terms of Manski (1993)õs 

classification. This is why Beck et al. (2006) find the spatial 

autoregressive models more adequate than spatial error models. 

Along the lines of many others (i.e. (Akerlof, 1997; Anselin, 1988; 

Conley, 1999; Dow et al., 1984) , Beck et al. (2006) also underline the 

need for defining new distance measures other than geographically 

based ones. They hypothesize that the democracy level is likely to be 

impacted from the level of democracy elsewhere. Although there is a 

vast literature discussing the spatial effects in the d iffusion of 

democracy 2, Beck et al. (2006) criticize these studies for taking only 

the geographical distance while defining the proximity between 

observations. However, they claim that geographically remote units 

may be close to each other in terms of othe r ònon-geographicaló 

distance definitions. By utilizing Polity IV data as democracy level 

proxy, they define two measures of democracy diffusion -connectivity: 

First, following the tradition, Beck et al. (2006) accept countries as 

connected if the distance between them is less than a threshold, 500 

km, which results in a binary matrix. Second, the proximity or 

distance is determined according to the trade volumes among the 

states. The partners with highest trading volume have the largest 

impact on each other . The basic difference between the first and the 

second measures is the weighting schemes used. In the former one, 

all neighbor countries have the same weight; in contrast, two 

neighboring countries can have different weights depending on their 

trading vol ume in the latter one. Following previous estimation 

procedure comparisons (Dow et al., 1984) , Beck et al. (2006) employ 

the maximum likelihood estimators for the spatially autoregressive 

model. The lagged terms are provided according to t he two types of 

                                                 
2
 For instance, see OôLoughlin (1986) for a geographical based evaluation; and OôLoughlin et al. 

(1998) in which a contiguity matrix for changing borders during the sample period is employed. 
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distance matrices. The findings show that although trading volume 

drops as the geographical distance increases, trading based distance 

measure still has unique information that is not contained in 

geographic distance measure. Specifically, trade relations with more 

democratic countries enhance the partnerõs democracy level as well. 

The effect of income, however, is reduced by half when the spatial 

interactions are included in the model.  

The last paper that is covered in the literature review  chapter 

of this dissertation sets forth that national identity formation, 

similar to the fashion formation, is also under the influence of 

òneighborhoodó (Lin, Wu, & Lee, 2006) . Lin et al (2006)  argue that in 

a multi -ethnicity society, the formation or collective choice of a 

national identity is closely related to the proximity in terms of 

township and occupation. By the aid of a survey data obtained from 

the  post presidential election surveys for the years 1996 and 2000, 

they discuss three collective choice models; and they empirically 

compare spatial regressions to hierarchical linear regressions and 

regressions with dummy variables. To do so, a sample of Ta iwanese 

people, from 3 minor ethnic groups besides the dominant group 

òHanós, are chosen as the subjects of their study. In order to 

incorporate the neighborhood impact into the model, Lin et al (2006)  

utilize spatial autoregressive model, which includes a spatial lag 

along with other explanatory variables. Although it is stated that a 

binary spatial weight/distance matrix, in which 1 designates the 

neighborhood, is constructed, one needs to de fine the neighborhood 

or the proximity concept clearly. An element of this weight matrix 

becomes 1 if the two individuals share the same town or the same 

occupation. In this sense, one may consider the first distance 

concept as geographical, and the second  as non -Euclidian. The 

empirical results demonstrate that neighborhood in terms of both 

township and occupation has influence on the identity formation. 
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From this point of view, Lin et al (2006)  make an analogy between 

identity formation and fashion adoption, and indicate that collective 

choice of identity may spread among the individuals like fashion 

adoption. The more the individuals get closer to the others 

occupationally or geographically, the more likely they chose the 

same national -identity with others. Although Lin et al (2006)  

essentially employs spatial modeling, they discuss the 

appropriateness of linear regression with du mmy variables and 

hierarchical linear regressions for their study. First, they note that 

the binary weight matrix they use in the spatial models may be seen 

as similar to dummy variables in the regression analysis. However, 

as Lin et al (2006)  also state, there is a core difference between 

them. Even tough the dummy variable approach assumes a perfect 

and identical relation among the units, the spatial weights ð even 

binary matrices ð can assig n a degree of relation. In this sense, 

dummy variables can reflect only the perfect and the unique 

interrelations in a spatial distance matrix. The comparison of 

hierarchical linear regressions to spatial modeling reveals that the 

former method is not appr opriate due to the lack of interrelation 

coefficient in these regressions, dynamic nature of modeling and the 

endogeneity problem.  

From the above mentioned studies, non -geographical distance 

based spatial econometrics can be considered as a burgeoning line 

of research. This dissertation, actually, aims to provide a new 

economic distance measure in the finance area. In addition, as 

Gor iaev et al. (2005) explicitly note, tournament behavior literature 

implicitly assumes a total independence in the error terms across 

funds. However, since several studies in the mutual fund literature 

puts forth that fund managers are affected from the oth er managers 

in the neighborhood, this assumption is hard to defend. The feature 

of spatial modeling that considers not only the incentives created by 
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individual factors, but also the interactions between fund managers 

makes this modeling well suited for th e nature of the analysis that is 

conducted in this dissertation. Hence, taking the spatial dependence 

into account may add to the explanation of the tournament 

behavior.  
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CHAPTER 3  

 

 

DATA AND METHODOLOGY  

 

 

This chapter  explains the data used, and the models employed 

throughout this doctoral dissertation.  

3.1.  Sample Description  

Turkish mutual funds can be categorized into different groups 

on the basis of type of assets that they invest in, such as sector 

funds, variable funds, equity funds etc. In fact before 2013, mutual 

funds were classified into two as type -A and type -B depend ing on 

whether a fund is subject to a minimum equity investment 

restriction or not. Any mutual fund can be organized as a type -A or 

type -B, except the òmoney market fundsó, which should be a typeðB 

fund. In practice, on the other hand, ònotes and bondsó, and òforeign 

securitiesó funds are organized as typeðB funds, while òvariable 

fundsó and òbalanced/mixed fundsó can either be a type-A or type -B 

fund. Other funds, such as sector funds or index funds, are 

established as type ðA funds (T¿rkiye Kurumsal Yatĕrĕmcĕlar Derneķi, 

n.d.) . The only criterion for classifying a fund as type -A mutual fund 

was the investment of at least 25% of their overall assets in equities 

issued by Turkish companies at all times. This classification was 

abandoned in the beginning of 2013 by the n ew CMB communiqu® 

(Yatĕrĕm Fonlarĕna ĸliĺkin Esaslar Tebliķi Seri: III No.52.1 , 2013) . Now, 

each fund category has its own investment criteria to follow.  

Literature, such as Chevalier and Ellison, (1997), Ferreira et 

al., (2012b), and Sirri and Tufano (1998) , mainly focuses on equity 

funds to investigate the possible fund flow ðpast performance 
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rel ation. Del Guercio and Tkac (2002) , for instance, examine the 

same relation for pension funds and show a linear instead of a 

convex association between fund flow and past performance. 

Following the literature, a study trying to model the possible fund 

flow -performance relation would only use data from equity funds 

which are type -A funds in Turkey. However, due to th e small 

number of equity funds available in the Turkish mutual fund 

industry, I also include type -A variable and mixed funds which also 

invest heavily in equity. Type -A sector funds are excluded from the 

sample because they have restrictions on sectors tha t they can 

invest in.  Furthermore, type -A index funds are excluded from the 

sample because their goal is to match the performance of an index 

not to beat it therefore they may not be subject to the tournament 

behavior. According to the monthly report of C apital Markets Board 

of Turkey (CMB) on August, 2014, there are 25 equity funds, 15 

mixed funds and 40 variable funds in Turkey. To overcome the data 

limitations of this study, analyses carried out in this dissertation 

may be repeated with data from other fund markets. In particular, 

using the US mutual fund data would provide comparability with 

previous fund flow literature as well.  

For the analyses of this dissertation, I use daily data of these 

mutual funds including the dates from January 02, 2002 to 

December 31, 2011. The dataset contains a total of 70 funds. 

Specifically, there are 13 mixed funds, 18 equity funds and 39 

variable funds  in the sample . Following Busse (2001) and Goriaev, et 

al. (2005) , one may argue that daily data will provide b etter 

precision. The dataset obtained from CMB begins at the end of the 

June 2001 ; hence the sample is started from the beginning of 2002.  

The dataset includes following items for each fund on each day: the 

fundõs name and ticker symbol, total net asset values (TNA), TNA per 

share, number of shares, number of investors, and the portions of 
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fundõs portfolio invested in broad asset classes such as equity, 

treasury bills and bonds, reverse repo, money market, foreign 

markets, and other investment options. The reason for terminating 

the sample at the end of December, 2011 is the regulatory changes 

in the definition of equity funds by the Capital Markets Law t hat 

came into effect  on January 2012. According to this law, the 

requirement to invest only in equities listed on the Borsa Istanbul 

(BIST) is abolished. Instead, currently, equity funds can invest in 

both domestic and foreign company shares. The ability t o invest in 

foreign shares brings into picture the exchange rate risk. Therefore, 

without knowing their exact portfolio allocations, it is not possible to 

analyze the risk characteristics of these funds. Furthermore, 

minimum required investment in equities  is increased from 75% to 

80% for these types of mutual funds . The second reason to analyze 

data up to December 2011 is another regulation change in the 

definitions and investment criteria of Turkish mutual funds. As 

mentioned before, the distinction betwe en funds as type -A and type -

B is abandoned  in 2013 . To provide consistency in the sample, this 

dissertation only uses data for type -A mixed, variable and equity 

funds for the years between 2002 and 2011.  

This restriction in the sample period would constitu te another 

limitation of this dissertation. This study could be repeated and, the 

results could be verified if one could access the exact portfolio 

holdings of funds after 2011. However, since this data is not 

available right now, the dissertation can only  use the data up to 

December 2011. The complete list of funds that are included in the 

sample of this study can be found in the appendix  A. 

Furthermore, as it will be explained in the next chapters, the 

data from January 2002 to December 2004 is used to co mpute 

Jensenõs alphas and Four Factor alphas, which will be employed as 

performance proxies. Therefore, the models of this dissertation is 
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estimated by using data for the period from January 2005 to 

December 2011.  

The new money growth rate, as a proxy for new cash flow into 

the fund, is estimated in the literature as follows (see for instance, 

Sirri and Tufano (1998); Ferreira et al. (2012b); Chevalier and 

Ellison (1997))  : 
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Here 
tiTNA,
represents the total net asset value of fund i for the 

end of the period t, while 
tiR ,
 is the fundõs return in the current 

period, depending on the data frequency employed in the study. 

Because of the nature of the data provided by Turkish funds, it is 

possible to calculate the actua l flow of funds to a Turkish mutual 

fund directly. The mutual fund participation certificate account 

reported in the balance sheets of mutual funds shows the number of 

shares of a mutual fund held by investors as of the end of a calendar 

year. Since these financial statements are prepared in comparison to 

the previous year, the change in the balance of this account from 

one year to the other provides the actual cash flow to the fund 

created in the latter year. However, these audited financial 

statements are  only publicly available on an annual basis. This 

study needs more frequent data to observe the potential changes in 

the flow -performance association during the year. This problem can 

be overcome by using the number of shares and TNA per share data 

from da ily portfolio reports of Turkish mutual funds to the CMB. 

Using this data, the cash flow generated during the day can be 

calculated as follows:  

1,,, -³D= tititi TNAPNOSFlow       (2) 

In this equation, similar to the first one, flow denotes the cash 

flow to a fund i in period t. The CMB communiqu® that regulates the 

redemptions and purchases of mutual fund participation certificates 
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requires a two business day waiting period to complete the whole 

process of buy and sell orders  for type -A mutual funds .  Therefor e, 

the flow to a fund i at time t is due to buy and sell orders submitted 

to this fund at time t-2. The fund adjusts its number of participation 

certificates outstanding at time t to reflect the completed orders from 

time t-2. Thus , to calculate the flow a t time t, the change in the 

number of participation certificates ( DNOS) of fund i from time t-1 to 

t is needed.  Furthermore, an order submitted at time t-2 is executed 

at the TNA per share ( TNAPi,t -1) on t-1. This amount of flow is shown 

in fundõs accounts on day t.  

Prior literature makes two fundamental assumptions in the 

estimation of fund flows. First, cash inflows are realized at the end of 

the period; and second, all the capital gains and distributed 

dividends are reinvested (Del Guercio & Tkac, 2002; Ferreira et al., 

2012b; Sirri & Tufano, 1998; Zheng, 2008) . Sirri and Tufano (1998)  

check the valid ity of the first assumption, and could not find any 

effect of this assumption on their findings. I, on the other hand, 

have access to the actual cash flow to funds on a daily basis, from 

which I can calculate cash flows to funds with any frequency I need. 

Therefore, I do not need to make assumptions about timing of cash 

flows to funds in this dissertation. This assumption free actual data 

usage constitutes one of the strongest points of this dissertation. In 

addition Del Guercio and Tkac (2002)  suggests the usage of 

percentage change in number of investors as another measure for 

cash inflows, which is also available on a daily basis on the web 

page of the CMB for Turkish mutual funds. I use this flow measure 

as the second flow definition alongside the flow obtained by using 

equation ( 2).  
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3.2.  Models  

There are various approaches used to calculate the changes in 

a fundõs risk depending on the cash flow structure. In their seminal 

work, Brown et al. (1996) use the risk adjustment ratio to compare 

the volatility of loser and winner portfolios by the aid o f contingency 

tables. Chevalier and Ellison (1997) employ  a semi ðparametric 

approach in which they estimate both the relation between cash 

flows and alterations in risk and the functional form of the relation. 

On the other hand, Sirri and Tufano (1998) and  Ferreira et al. 

(2012b)  use piecewise linear regressio ns in order to account for the 

nonlinearities in the mentioned association. Busse (2001) compares 

the usefulness of standard deviation ratios defined in the Brown et 

al (1996) with the regression specifications, and note that one 

should also benefit from r egression while examining the presence of 

tournament behavior in order to avoid several biases.  

Along the lines of previous studies, this dissertation will 

benefit from regression specification as well. However, since I argue 

that the location component s hould be added to the analysis, I will 

use spatial regressions. In these types of regressions, neighboring 

relation has a direct impact on the dependent variable. Anselin 

(2006)  classifies the basic spatial interactions of this type into two 

as: i. Spillover which is the direct impact that the  neighborõs 

decisions have on the agentõs decision variables through the effect of 

a neighborõs choice on the utility function of the decision maker. ii . 

Resource flow which demonstrates the indirect effect that neighbors 

have on the agentõs decision through the consumption of an 

available resource.  

Spatial regressions are generally categorized into two types 

(Anselin, 1988, 2006)  as spatial lag or spatial autoregressive models 

and spatial error models.  Spatial lag models depend on a theoretical 

basis; that is, the spatial dependence, which is the essence of the 
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relation, is rooted from the underlying theory of the research 

question (Ward & Gleditsch, 2007) . According to Manski (1993)õs 

classification, spatial lag models include the endogenous effect, 

which notes that individuals in a group are alike, because they tend 

to behave in accordance with the group rules. Since individuals and 

the group behaviors  affect each other, this type of modeling reflects a 

social or spatial multiplier (Anselin, 2003; Manski, 1993) . The 

examples of spatial lag models can be seen in Rey and Montouri 

(1999); Beck et al. (2006), and Ward and Gleditsch (2007) .  

Unlike the spatial lag models, the spatial error specification 

does not require a òspatialó characteristic in the model; instead, the 

cross sectional data may generate correlation issues as well (Anselin, 

2006) . In other words, the spatial error models handle the spatial 

dependence as a nuisance (Ward & Gleditsch, 2007) . This type of 

modeling accounts for the correlated effects (Manski, 1993)  on 

decision makers/individuals due to being a member of the same 

group and facing the same environmental conditions. Because it has 

the capacity to deal with both spatial and non -spatial dependence, 

spatial error specification is considered as a more gene ral model 

(Anselin, 1988) .  

In both specifications, the spatial feature of the model causes 

the OLS estimator to lose its òBLUEó properties. Since OLS estimator 

becomes inefficient and biased, the maximum likelihood estimation 

is offered as an alternative method (Anselin & Griffith, 1988; 

Anselin, 1988; LeSage & Pace, 2009) .  

Apart from  these types of spatial regressions, spatial Durbin 

model is also discussed in some of the studies (Anselin, 1988; 

LeSage & Pace, 2009; Rey & Montouri, 1999; Viton, 2010) . In this 

type  of model, Anselin (1988) and LeSage and Pace (2009)  show the 

usage of exogenous variables scaled by the weight matrix to 

represe nt the contiguity alongside the lag dependent variable. In this 
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sense, this type of spatial Durbin model becomes a nested model of 

spatial error models. However, it has the capacity to combine 

endogenous effects with the exogenous ones according to the 

classification of Manski (1993). This type of modeling permits taking 

spatial dependence into account on the right hand side of the 

regression equation. If this spatial dependence is not taken into 

account, it has a potential to bias the estimations. In addit ion, it 

accounts for the spatial dependence in the error terms, which 

causes loss of efficiency if ignored  (Elhorst, 2010) . This type of 

modeling is also u seful when the endogenous and exogenous effects 

are not separable (Elhorst, 2010; Manski, 1993) . 

On the other hand, LeSage and Pace (2009) , Rey and Montouri 

(1999) and Viton (2010)  discuss the usage of the scaled exogenous 

variables alone without adding a spatial lag into the model. This type 

of modeling is called òspatial lag of X modeló by LeSage and Pace 

(2009) .  They note that in such models, since the  exogenous 

variables keep their non -stochastic property, OLS produces efficient 

and unbiased estimates. Although these models seem more familiar 

than other spatial models, Rey and Montouri (1999) point out that 

omission of spatially scaled  independent vari ables may cause 

spatially autocorrelated error terms.  

This dissertation examines the impact of cash flows to the 

neighboring mutual funds and performance of these funds on flows 

to a fund and the decision of this mutual fund to change the risk 

structure of  its portfolio. In the seminal work of Manski (2000) , the 

interactions between the decision makers are classified into three 

types: Constraints, expectations and preferences. For the preference 

interactions, he notes that a decision maker chooses among the 

alternatives depending on the choices of others. Th at is, 

consumption or investment choices of decision makers are not 

independent from one another. In this sense, cash flows to a fund 



71 

 

may be modeled as a function of cash flows to other funds, since 

they reflect the investment choice of individuals. Previo us studies, 

like Del Guercio and Tkac (2002)  and Ferreira et al. (2012b) , have 

shown very high autocorrelation among mutual fund cash flows. Del 

Guercio and Tkac (2002)  offer the òherding behavior towards specific 

managers ó as a possible explanation for this autocorrelation. 

Ferreira et al. (2012b)  add one period lagged flows to the ir flow -

performance model in order to control for this autocorrelation. From 

the point of view of this dissertation, this dependence among the 

fund flows may be resolved through the consideration of 

neighborhood effects. In a similar manner, Zheng (2008)  notes, in 

his review, a spillover effect for fund flows among the winner funds, 

which is not observed in the loser group. A better modeling for this 

spillover impact may be provided through the inclusion of 

neighborhood concept. Moreo ver, Anselin (1988)  explicitly indicates 

that examining poor and rich regions may be subject to spatia l 

interactions, because the boundaries of these regions are arbitrarily 

specified. Similarly, in the cash flow -fund performance relation, the 

boundaries of high and low cash flow attracting fund sets are 

designated in a non -uniform way. Therefore, the cash  flows to a fund 

may be modeled as a function of the cash flows to its neighbors as 

suggested in Anselin (2006) . Since the neighboring impact on fund 

flows has a potential to create a social multiplier by the aid of a 

feedback mechanism, spatial lag models are better for the purposes 

of this r esearch.  

As noted before, spatial lag models are powerful to capture the 

impact of neighboring dependent variables. In this dissertation, the 

impact of cash flows to the neighboring funds will be observed by the 

aid of these models. However, the performan ce of neighboring funds 

may also be influential on the cash flows. Hence, besides the spatial 

lag models spatial Durbin models will also be employed in order to 
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observe the impact of neighboring fundsõ performance on cash flows 

to a fund and that fundõs risk change decisions. Each model has a 

different interpretation in terms of interaction effects defined by 

Manski (1993, 2000); hence running these models separately will 

provide valuable information on the nature of cash flow -past 

performance association.  

Following the flow -performance literature, the cash flow to a 

fund i will be modeled first as a function of prior performance, age, 

size, risk, lagged flow and expense ratio. This classical regression 

will serve as a benchmark for the spatial regressions as well.  

As correctly indicated by Del Guercio and Tkac (2002) , larger 

funds have a higher potential to attract more cash flows apart from 

the previous performance. To control for this effect, cash flow 

obtained from daily reports to the CMB is used in the model as a 

percentage, thus, it is scaled by 
1, -tiTNA , and becomes 

1,, / -titi TNAFlow . 

The second flow proxy, namely the change in number of investors, is 

also scaled by the number of investors of fund i in the previous 

period, and becomes (æ number of investorsi,t /number of investors i,t -

1). Finally, the conventional model frequently used in  the literature 

can be seen below:  
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            (1) 

Where 
ti ,e  follows an independent and identical distribution.  

Apart from the fund characteristic variables, three additional 

variables are included to the model. First one of these is the 

Semiannual Dummy , which takes the value of 1 if the data is from 

the second half of the year and zero otherwise. The Best -Worst  is a 

dummy variable representing the fundõs performance according to 

the median fund performance in a given year. It takes a value of 1, 

when the performance of fund i is higher than the median fund 
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performance in that year and 0 otherwise. The last variable  is an 

interaction term, Best -Worst x Performance , which shows the 

incremental effect of performance for best performing funds. This 

variable is added to the model in order to account for changes in the 

strength of the relationship for best and worst perfo rming funds.  

The hypothesis tested by this equation is that there is a 

relation between prior performance of mutual funds and their 

current cash flows. In other words, basic research question of this 

dissertation is examined by equation 1: òDo the Turkish mutual 

fund investors chase past performance?ó 

Based on the results of studies conducted in different 

countries (Chevalier & Ellison, 1997; Del Guercio & Tkac, 2002; 

Huang et al., 2007; Sirri & Tufano, 1998) , I can expect a positive but 

convex relation between fund flows and past fund performance in 

Turkey as well. In par ticular, the expected behavior for Turkish 

mutual fund investors is to buy past winners and to sell past losers 

in a nonlinear fashion. Ferreira et al. (2012b)  have shown a more 

convex relation for developing countries than developed countries in 

their world -wide sample. Together with the findings of Kempf and 

Ruenzi (2008)  for the mutual fund families, I can expect to observe a 

strong tournament behavior in the Turkish mutual fund industry 

because of its small mutual fund universe and developing country 

characteristics.  

Expectations for the control variables may differ, on the other 

hand. Age is one of the nonperformance related variables in the 

relationship between fund flow and past performance. L iterature has 

mostly defined age variable as the logarithm of the fundõs age 

(Ferreira et al., 2012b)  or logarithm of (1+age) (Huang et al., 2011) . 

Ferreira et al. (2012b)  finds a  negative relation between fund flows 

and age. Specifically, they note that larger and older funds attract 

less flow. Kempf and Ruenzi (2008) , on the other hand, investigate 
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the drivers of family tournaments in the mutual fund industry. They 

point out that fund age is not a determinant of this type of 

tournaments. Based on these findings  I expect to see a negative or 

insignificant coefficient fo r the age variable in the flow regression.  

The next control variable in the model is Size, which is 

modeled by logarithm of TNA in the previous period. Chevalier and 

Ellison (1997)  remove the very small sized funds in order to prevent 

the possible biases these funds may create. However, they find that 

larger funds show a slower growth in terms of new cash flow. In both 

young and old sub samples, the coefficient of size is negative a nd 

statistically significant. Sirri and Tufano (1998)  note that the same 

dollar cash flow has a greater impact on smaller funds than larger 

funds, so it has to be controlled  for  in flow ð performance analyses. 

In l ine with the Chevalier and Ellison (1997)  study, they also find 

negative coefficients for fund size across alternative performance 

definitions. Del Guercio and Tkac (2002)  report very weak or 

insignificant impact of fund size on fund flows. Even though first 

impression is th at larger funds draw more cash flows to the fund (as 

indicated by Ferreira, Keswani, Miguel and Ramos (2012)) , given the 

prior evidence, one can expect to observe a negative coefficient for 

this control variable. On the contrary, a positive coefficient would 

indicate that l arger funds grow faster than the smaller ones in terms 

of new cash flow. This could be the case in Turkish mutual fund 

market because larger funds are usually managed by banks. There 

are findings showing that banks play significant roles in financial 

marke ts and they are different from other financial intermediaries 

(i.e. James 1987) . In addition, Sirri and Tufan o (1998) indicate that 

investors tend to choose the funds that are òeasier for them to 

identify ó. It is possible that investors know bank related funds better 

relative to nonbank owned ones and this may create a tendency to 

herd towards these funds. As a r esult, the coefficient of the size 
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variable for the Turkish mutual fund industry may be different from 

the one in the existing literature.  

Risk  is another explanatory variable in the regressions that 

explain the relation between fund flow and performance.  A negative 

coefficient for the risk variable will indicate risk averse behavior of 

investors.  First, Sirri and Tufano (1998)  add risk computed as the 

standard deviation of monthly fund returns to the fund flow -pr ior 

performance regressions. Their evidence for risk aversion is weak 

and mostly insignificant. Del Guercio and Tka c (2002)  examine 

intensively the determinants of flow to mutual funds and pension 

funds. They define the risk variable as the tracking error from a 

specific benchmark. They demonstrate that in contrast to pension 

funds, mutual fund investors do not cons ider this risk variable while 

distributing their investments among mutual funds. Huang et al. 

(2007)  use the standard deviation of returns as the risk variable, 

and find negative and mostly significant coefficients. As a result, the 

expectation for the coefficient of this variable is negative.  

As previous ly noted, Del Guercio and Tkac (2002)  and Ferreira 

et al. (2012b)  include  Flow t-1, one period lagged flow, in their models 

to control for the autocorrelation in mutual fund flows. Del Guercio 

and T kac (2002)  state that this autocorrelation only present in the 

mutual fund cash flows, but not observed in the flows of pension 

funds. Hence, this dissertation includes one period lagged flow 

among the explanatory variables of individual fund flows. A p ositive 

coefficient for this variable will indicate that funds that have high 

cash flow last period will continue to attract new flows from 

investors in the future as well.  

Total fees are shown to be an important variable affecting 

flows to the funds . Sirri and Tufano (1998)  demonstrate that 

investors mostly prefer lower fees, so the coefficient of this variable 

is negative. The growth in funds with higher expenses is inversely 
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associated with the fee alteration s. This negative impact of total fees 

on the fund flows is verified by Huang et al. (2007)  as well. However, 

Ferreira et al. (2012b)  cannot demonstrate a statistically significant 

effect of total fees on fund flows, although the sign of the coefficient 

is negative. Based on this evidence, one may expect a negative 

coefficient for the Expense  variable proxying  for the total fees in the 

regressions.  Expense ratios used in the analysis of this dissertation 

are obtained directly from the web site of CMB on a yearly basis.  

In addition to these variables, one might expect  an investor to 

take into account the investm ent choices of other investors when 

deciding to invest in a specific fund. This influence might be through 

the changes in the preferences of investors. In other words, 

individuals may change the funds in their òconsideration setó under 

the influence of cho ices of other investors, which would eventually 

cause a òherding behavior towards specific managers ó (Del Guercio & 

Tkac, 2002) . To capture this possible influence,  next model 

considers the impact of flows to other funds on the flows to fund i 

through a spatial lag of the dependent variable. More precisely;  
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Where 
ti ,x  follows a multivariate normal distribution with a 

constant variance -covariance matrix.  

The coefficient for the spatially lagged flow variable shows the 

impact of othersõ choice on individualõs investment decision to a 

fund. If the herding behavior towards  specific managers discussed in 

the prior literature is a result of spatial grouping, then investors 

tend to choose particular set of funds. In that case, funds outside of 

this particular set are likely to be less preferred. Hence, the expected 

sign for ris negative. While no change is expected in the signs of 
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nonperformance related variables, this may not be the case for the 

performance variable. Literature suggests a convex past 

performance -fund flow relation particularly for developing countries. 

Although many studies explicitly emphasize the role of ranking in 

the mutual fund industry (such as Brown, et al. 1996; Del Guercio 

and Tkac 2002; Kempf and Ruenzi 2008) , they do not consider the 

possible spatial consequences of such a ranking in their analyses. 

After controlling for the spatial interactions in the fund flow -past 

performance relation as intended in this dissertation, the previously 

found convexity may decrease or totally vanish. The refore, the 

expected sign of performance variable is unknown in equation (2).  

The herding behavior among mutual fund investors may be a 

result of past performance as well. Investors are likely to use past 

performance of mutual funds when allocating their i nvestments 

across mutual funds. Then, the spatial interactions due to the 

groupings in the fund industry may be resolved by adding a spatial 

past performance variable. In other words, to observe the impact of 

neighborsõ past performance on the relation analyzed in equation (2), 

a spatially scaled past performance variable is inserted as an 

additional explanatory variable to that equation. In the terms of 

LeSage and Pace (2009) , this new model, presented below, is a 

spatial lag of X  model:  
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Where ),0( ~ 2

, sJ Nti  

Expectations for the coefficients of control variables are the 

same as those in the first model. However, the performance increase 
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in the neighboring funds is hypothesized to have a negative effect on 

the flow directed to fund i, i.e., ȇ is expected to be less than 0.  

The final equation investigating the determinants of fund flow 

considers all of the variables mentioned above. That i s, the full 

model becomes a Spatial Durbin model which contains both the 

endogenous and the exogenous effects on the decisions of mutual 

fund investors. The same weight matrix (W) is used to scale both the 

performance and flow variables based on their loca tions in the risk ð 

return space:  
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Where ),0( ~ 2

, sh iidti  

All of the spatial regressions given by equations (2), (3) and (4) 

have one common null hypothesis: Neighborhood variables are not 

influential on the flow to a mutual fund. The significance and the 

sign of the spatial coefficients in these equations will indicate the 

possible effect of these variables on the fund flows and the direction 

of this effect, respectively.  

Similar to Koski and Pontiff (1999)  and Kempf and Ruenzi 

(2008) , the last group of equations measure the change in the risk 

(æRISK) of mutual fund i while taking into account the control 

variables, namely prior risk, age, size and expense ratio. In addition, 

for the possible intercept and slope changes Best -Worst  dummy and 

the interactive variable ( Best -Worst x Performance ) are included in 

the model. The definitions of these variables are the same as those 

given for the flow models 1 to 4. First, the OLS model shown below 

will be estimated:  
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Where the error term is independently and identically 

distributed.  

Here, the research question becomes: òDo the Turkish fund 

managers change the risk of their portfolio at the end of the year 

based on the performance of the fund in the previous period?ó To 

answer this question, risk changes due to the fundõs age, size and 

expense ratios should be controlled for as in Koski and Pontiff 

(1999) . If Turkish fund managers are eager to alter portfolio risk as 

suggested by many papers (for instance ; Cheval ier and Ellison 

(1997); Brown, et al. (1996); Sirri and Tufano (1998) ), then the 

impact of past period performance on the change in risk will be 

negative. Another possible explanation for the risk alterations may 

be the flow into and out of the fund. In  this case, contrary to the 

performance related ones, risk changes are out of the control of the 

fund manager, and they may be undesirable (Koski & Pontiff, 1999) . 

To control for this effect, lagged flow variable is added to the 

equation as an exogenous variable.  

Koski and Pontiff (1999)  and Kempf and Ruenzi (2008)  

explicitly indicate that fundsõ risk tends to show mean reversion 

when the main cause of the portfolio risk change is exogenous. 

Therefore, apart from the performance and flow variables, lagged 

risk of fund i is added t o the regressions in order to capture the 

possible mean reversion.  

Brown et al (1996)  emphasize that mutual fund managers try 

to exploit the convex flow -performance relation by altering the 

portfolio composition based on their relative performance during the 

year. This suggests includi ng the neighborõs prior performance into 

the model as an explanatory variable. As a result, the following 

model is obtained:  
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Where iv is a well behaved error term.  

In Equation (6), expectations regarding the coefficients of 

nonperformance related variables, including flow variable, are the 

same as those in the OLS model given by equation (5) above. If the 

performance of the neighboring funds matters for the managers in 

their risk change decisions, then the coefficient of spatially lagged 

performance variable will be different from zero. More specifically, if 

neighboring funds show good performance, the manager of fund i 

may choose to increase the risk of her portfolio  in order to be placed 

in the winner group. As a result, the change in the fund risk may be 

greater.  

If the coefficient of the lagged flow variable in this equation is 

found to be significant in the presence of performance variables, 

then the neighboring fund flows defined as the spatially scaled flow 

variable will be added to the model as another explanatory variable. 

Last but not least, a possible risk shifting behavior is shown to occur 

usually at the end of the year. Therefore, the risk regressions, 

namely Model s 5 and 6, will be estimated  only for the second half of 

the year.  

The Equations (1) and (5) are well known regression 

specifications. As long as the assumptions are satisfied, OLS is the 

best estimation procedure. Since the Equation (2) and Equa tion (4) 

are spatial lag and spatial Durbin models, maximum likelihood 

method and generalized spatial two -stage least squares method are 

used in estimating these equations. Here, the coefficients of spatial 

lags reflect the strength of spatial effects in t hese regressions. In the 

models where only exogenous variables are scaled through a weight 
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matrix, namely equations (3) and (6), spatial lag of X model 

specification is employed. Then, OLS can be used for the 

estimations. The spatial coefficients, such as r, q and tshow the 

change in the dependent variables as the average value of the 

neighbors represented by the spatial variable gets higher.  

Model proxies used in the specifications mentioned above are 

explained in the next section.  Furthermore, short definition for all 

proxies are provided in Tables 2a and 2b.  

3.2.1.  Model Proxies  

In all specifications from Eq. (1) to Eq. (6), Age is the fund age 

in years from its foundation and Size represents the natural 

logarithm of the fundõs total net assets. Expense is defined as the 

percentage of total fees that a fund applies to its total assets in the 

relevant year. There is no consensus on the most salient risk and 

performance measures for the investors (Sirri & Tuf ano, 1998) . 

Therefore the literature suggests several proxies to measure the 

performance and the risk of a fund. Performance is often proxied by 

the difference between the fundõs return and the value weighted 

market return at time t (Chevalier & Ellison, 1997) , raw return 

(Brown, et al. 1996; Sirri and Tufano 1998; Busse 2001; Gori aev, et 

al. 2005; Ferreira et al. 2012) , one factor and four -factor excess 

return (Huang, et al. 2007 and Ferreira et al. 2012) . The most 

frequently used ris k proxy in the literature is the standard deviation 

of raw returns (Brown, et al. 1996; Chevalier and Ellison 1997; 

Koski and Pontiff 1999; Busse 2001; Goriaev, et al. 2005) . 

Addition ally, Koski and Pontiff (1999)  employ idiosyncratic risk, 

which is the standard deviation of the residuals from a market 

model, and systematic risk, which is the beta coeffi cient. Del 

Guercio and Tkac (2002)  and Chen and Pennacchi (2009)  also take 
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into account the standard deviation of tracking error from a market 

index  as a risk measure.  

Considering the alternative proxies for performance and risk 

measurement, this dissertation will employ excess return from a 

market model (Jensenõs alpha) and a Four-Factor model (Four -

Factor alpha) as performance proxies and standard deviation of daily 

returns and beta as risk proxies, respectively.  

To compute the Jensenõs alpha, fund excess return in the 

previous 36 months is regressed on the market excess return over 

the same time period. Monthly BIST -ALL is selected as the market 

proxy. As suggested by Ferreira et al. (2012, 2012b) , twenty four or 

more monthly return observations over a 36 month time period is 

required in order to estimate  a Jensenõs alpha measure for a fund.  

Using the betas from these regressions, and the realized market 

return at that time, the predicted fund return is estimated in the 

subsequent period. The semiannual Jensenõs alpha becomes the 

difference between the re alized return and the predicted return for 

that fund. Four -Factor alphas are estimated by employing the same 

methodology. However, this time, small minus big, high minus low 

and winners minus losers are used factors alongside the market 

factor. These facto rs have been estimated in the study of Danĕĺoķlu 

(2013)  and graciously provided by the a uthor for use in the analyses 

of this dissertation. Regressions for all specifications are estimated 

on a semiannual basis. Total number of Jensenõs alpha estimates 

and the number of these estimates that are significantly different 

from zero at the 5% and 10% significance levels are provided in 

Table 1a for each estimation period. As can be seen from this Table, 

between 30% (2009 -Half 1) and 51.2% (2006 -Half 2) of Jensenõs 

alphas estimated are statistically significantly different from zero at 

the 10% level  in any given period.   
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Table 1a. Number of Significant Alphas from Jensenõs 

Alpha Measure  

 

Significant at 0.05  Significant at 0.10  Total Number of Alphas  

2005 - Half 1  9 14  39  

2005 - Half 2  10  14  39  

2006 - Half 1  9 13  40  

2006  - Half 2  15  21  41  

2007 - Half 1  15  22  43  

2007 - Half 2  11  15  44  

2008 - Half 1  12  17  45  

2008 - Half 2  12  18  46  

2009 - Half 1  13  14  46  

2009 - Half 2  9 14  52  

2010 - Half 1  11  18  52  

2010 - Half 2  13  19  57  

2011 - Half 1  14  19  59  

2011 - Half 2  22  24  62  

Similarly, the total number of alpha estimates from the Four -

Factor model and the number of these estimates that are 

significantly different from zero at the 5% and 10% significance 

levels are provided in Table 1b for each estimation period. As 

expected, s tatistical significance of alpha estimates decreases 

significantly when more factors are used to estimate the expected 

returns.  In any given time period, as low as 4.6% and as high as 

30.7% of Four -Factor alpha estimates are statistically significantly 

di fferent from zero at the 10%.   
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Table 1b. Number of Significant Alphas from Four -Factor 

Measure  

  Significant at 0.05  Significant at 0.10  Total Number of Alphas  

2005 - Half 1  2 3 39  

2005 - Half 2  1 2 39  

2006 - Half 1  2 4 40  

2006 - Half 2  3 3 41  

2007  - Half 1  1 2 43  

2007 - Half 2  1 4 44  

2008 - Half 1  5 8 45  

2008 - Half 2  5 7 46  

2009 - Half 1  5 7 46  

2009 - Half 2  1 6 52  

2010 - Half 1  6 16  52  

2010 - Half 2  3 5 57  

2011 - Half 1  3 6 59  

2011 - Half 2  2 5 62  

Table 1a and 1b show the number of significant alphas and the total 

number of alphas that are obtained from the single -factor and the Four -Factor 

models that are used to compute the performance variables.  

The significance of alphas obtained from these models is 

important when analyzing the mutual fund managerõs skill. 

However, the aim of using this analysis in this dissertation is to 

obtain the excess returns for funds.  Therefore, all the alphas 

without regarding their significance levels are used in following 

models of this dissertation.  

The first risk proxy used in all of the models mentioned above 

is the standard deviation of daily returns in the first and the second 

semiannual of a specific year. The second proxy is a fundõs beta in a 

semiannual for every year in the sample. These betas are obtained 

from the same monthly regressions that are used to compute the 

Jensenõs alpha measure. The risk models, on the other hand, use 

change in the risk as the dependent variable. Hence, the change in 

these two risk proxies are calculated from the fi rst half of the year to 

the second, and used as the dependent variable in the risk models of 

this dissertation.  
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The variables and the proxies of the flow and risk models 

presented in equations 1 through 6 are summarized in the next two 

tables. Brief descri ptions of these variables are also given.   
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Table 2a. Variable Definitions for the Flow Models  

  Variables  Proxies  

Dependent 

Variable  
Flow t  

 
Cash Flow (CF) obtained through financial 

statements (CF i,t /TNA i,t -1) 

Change in number of investors (æ number of 

investors i,t /number of investors i,t -1) 

 

Independent 

Variables  

Performance t -1 

 

Excess return from a market model 
(JensensAlphaExcessRet t -1) 

Excess return from a Four -Factor model 

(4FactorExcessRet t -1) 

Aget -1 
Fund age from its foundation in the previous period 

(agei,t -1) 

Sizet -1 

Natural logarithm of total net assets in the 

previous period (TNA t -1) 

The ratio of market value of fund i to market value 

of all funds in the sample  

Risk t -1 

Standard deviation of daily returns in the previous 
period (StdDev t -1) 

Beta from market model in the previous period 

(Beta t -1) 

Flow t -1 
One period lagged flow as defined in the dependent 

variable  

Expense  t  
Percentage of total fees that a fund applies to its 

total assets in the current period (Expense t) 

Semiannual 

Dummy  

{ Semiannual dummy=1 if the second half of the 

year  

 Semiannual dummy=0 if the first half of the year  

Best -Worst t -1 

{ Best -Worst=1 if fund performance is higher than 
the median in the previous period  

  Best -Worst=0 if fund performance is lower than 

the median in the previous period  

Best -Worst x 

Performance  Performance variable x best_worst  

 Crisis Dummy  

{ Crisis  Dummy =1 if the semiannual of the year 
belongs to 2009 or later  

  Crisis Dummy =0 if the  semiannual of the year 

belongs to the years between 2005 and 2008.  

 Bank Dummy  

{ Bank Dummy=1 if fund is owned by a bank  

  Bank Dummy=0 if fund is owned by a non -bank 
institution.  
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Table 2 b. Variable Definitions for the Risk Models  

 
Variables  Proxies  

Dependent 

Variable  
Change in Risk  

 
æ in  semiannual standard deviation  

of daily returns  

æ 24 month beta 

 

Independent 

Variables  

Performance t -1 

Excess return from a market model 

(JensensAlphaExcessRet t -1) 

Excess return from a Four -Factor model 

(4FactorExcessRet t -1) 

Aget -1 
Fund age from its foundation  

in the previous period (age i,t -1) 

Sizet -1 
Natural logarithm of total net assets in the 
previous period (TNA t -1) 

 
The ratio of market value of fund i to market 

value of all funds in the sample  

Risk t -1 

Standard deviation of daily returns  

in the previous period (StdDev t -1) 

Beta from market model  

in the previous period (Beta t -1) 

Expense t  

Percentage of total fees  

that a fund applies to its total assets in the 
current period (Expense t) 

Flow t -1 

Cash Flow (CF) obtained through financial 

statements (CF i,t /TNA i,t -1) 

Change in number of investors (æ number of 

investors i,t /number of investors i,t -1) 

Best -Worst t -1 

{ Best -Worst=1 if fund performance is  

higher than the median in the previous period  

  Best -Worst=0 if fund performance is  
lower than the median in the previous period  

Best -Worst x 

Performance  Performance variable x Best -Worst  

 Crisis Dummy  

{ Crisis  Dummy =1 if the semiannual of the year 

belongs to 2009 or later  

  Crisis Dummy =0 if the semiannual of the year 

belongs to the years between 2005 and 2008.  

 Bank Dummy  

{ Bank Dummy=1 if fund is owned by a bank  

  Bank Dummy=0 if fund is owned by a non -

bank institution.  
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3.2.2.  Determining the Spatial Weight Matrix  

Upon determining the proxies, the next step is to establish the 

spatial weight matrix used in the analysis. Anselin, Gallo, and Jayet 

(2008)  define the spatial weight matrix as a posit ive n x n matrix in 

which the elements show the power of the interaction between two 

locations. A binary spatial weight matrix indicates the presence of 

neighborhood or not similar to dummy variables. A general spatial 

weight matrix, on the other hand, dem onstrate a combination of 

distance based associations (Anselin, 1988) . This matrix is used to 

weight the observations according to their prox imity to each other. 

In other words, a degree of relation is assigned to each observation. 

In this sense, this is in fact a solution to the well -known problem 

that is caused by Gauss Markovõs total independence assumption 

between observations.  

The proximi ty among locations can be defined based on the 

geographical as well as economical distance concepts (Anselin et al., 

2008; Anselin, 1988) . This dissertation aims to contribute to the 

spatial econometrics literature by introducing a new definition of 

economical distance. I use a general spatial weight  matrix based on 

mutual fund efficiencies. The fund i is considered as neighbor to the 

funds in its peer group. The distance between the fund i and its 

neighbors is the multiplicative inverse of its inefficiency values. The 

reason to take the multiplicativ e inverse is to obtain a decaying 

distance matrix. These peer group determinations and the degree of 

efficiencies are based on the data envelopment analysis (DEA) of 

mutual funds. According to Cooper, Seiford, and Tone (2006) , DEA 

does not only provide an efficiency evaluation of the decision making 

units, but also a òreference setó that they can reach if they operate 

at the full efficiency  level. In this dissertation, taking each mutual 

fund as a decision making unit in terms of DEA, I compute its 

efficiency. The inverse of the inefficiency value of each fund reflects 
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the distance between the reference group, the most efficient funds, 

and t he fund i. The reference set of each fund obtained from DEA 

constitute the peer groups that the funds are likely to be in when 

they are managed efficiently. Anselin (1988) indicates the similarities 

between input ð output models and the spatial weight matr ix (pg.28 -

29). He specifically notes that òinterconnectedness that are based on 

the technical measures would seem applicable to summarize the 

overall connectivity reflected in a spatial weight matrix.ó Hence, one 

may conclude that in both theoretical and a pplied sense, using DEA 

output as a spatial weight matrix is appropriate for the analyses 

carried out in this dissertation.  Upon the construction of the weight 

matrix, I employ a row standardization of the weights so that they 

sum up to 1.  

In many studie s, the specification of spatial weight matrix is 

shown to be the crucial point of spatial models. Anselin  (1988)  

indicate that the weights should have an economical meaning that is 

closely related to the underlying theory instead of informal 

representation of the spatial pattern. Here, the DEA method 

becomes very useful for the topic examined in this disse rtation. DEA 

is a commonly used method to evaluate the performances of decision 

making units (DMUs), while considering several efficiency measures 

at a time. By the aid of linear programming techniques, it creates 

virtual outputs and virtual inputs, and th en computes the radial 

distance of the DMUs from the efficient frontier (Cooper et al., 2006) . 

A DEA score up to 1 is assigned to each DMU based on its relative 

performance among all other DMUs. Since this method calculates 

the relative position of a DMU according to the efficient frontier, the 

application of this method to assess the performance of mutual 

funds can be consistent with the spatial nature of relations analyzed 

in this dissertation. Hence, the spatial distance a mong our DMUs in 

this dissertation can be obtained from the DEA method.  
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The use of ratios, such as Sharpe ratio or Treynor ratio is a 

conventional way to rank the mutual funds based on their 

performance. Choi and Murthi (2001)  and Basso and Funari (2001)  

criticize these traditional ratios because they are bounded by strong 

assumptions on market and investor behavior, and they are 

inadequate to incorporate several indicators of performa nce such as 

redemption costs at the same time. Choi and Murthi (2001)  make an 

analogy with DEA and Sharpe ratio and indicate that DEA provides 

a Sharpe ratio for a fund òrelativeó to the best performing, that is, 

winner fund, in its most basic form. Moreover, they note that DEA 

method is open for improvements by adding other scale and cost 

functions. Basso and Funari (2001) , additionally, indicate that the 

traditional measures, namely Sharpe and Treynor ratio and Jensen 

alpha may suffer from the bias that is caused by the need of 

estimating investorsõ investment horizon. DEA measure, on the other 

hand, is free from a holding period assumption, which makes it a 

better measure of the fund  performance than the conventional 

methods. In fact, Murthi et al. (1997)  also suggest that DEA is an 

appropriate technique for evaluating the efficiency of a fund relative 

to a best group without a priori underlying theory. Accordingly, Choi 

and Murthi (2001)  refer to well -known tournament behavior study 

by Brown et al. (1996)  to indicate the suitability of DEA measure for 

the mutual fund industry. From this point of view, the ranking 

nature of tournam ent hypothesis and the relative measurement of 

performance in the DEA method are totally consistent with each 

other. Last but not least, this dissertation benefits from the 

òreference setó computation of DEA in constructing the spatial 

weight matrix, which  is not available in any of the conventional 

performance evaluation methods mentioned above.  

Another requirement of this model is to establish the DEA 

inputs and outputs in order to assess the location of mutual funds 
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in a Euclidian space. Murthi et al. (1997)  employ return as output, 

and expense ratio, load, turnover and standard deviation as inputs. 

They note that since the return of the riskless asset is constant, the 

usage of excess return or actu al return does not make any difference 

in DEA efficiency analysis. Basso and Funari (20 01) have integrated 

another output ð the stochastic dominance indicator ð besides the 

expected return to the model by Murthi et al. (1997) . The inputs in 

their model are portfolio standard deviati on, the square root of the 

half variance, and the beta coefficient. Choi and Murthi (2001)  also 

use traditional cost and risk measures to improve the Sharpe ratio 

in mutual fund performance evaluation. Tarĕm and Karan (2001) use 

a single output -three input model to evaluate the performance of 

Turkish type -A and type -B funds for the January -August 1998 

period. In this model, expense ratio, standard deviation, and 

tu rnover ratio are taken as the inputs, while the output is the 

monthly fund returns. In a recent study on Turkish mutual funds, 

Gºkgºz (2009) takes standard deviation, beta, expenses and 

turnover rate as inputs, and excess return defined as the difference 

between the return on a mutual fund and risk free security as the 

only output. Following the literature on the performance evaluation 

of mutual funds with DEA approach, in this dissertation, I use the 

standard deviation, beta coefficient and expense ratio as inputs; a nd 

the excess return of mutual funds as defined in Gºkgºz (2009) as 

the output.  

Last, based on the mutual fund performance evaluation 

literature, one should decide on the computational method for the 

DEA efficient frontier. In their seminal work, Cooper et al (2006)  

mention two methods for this computation, namely Charnes, 

Cooper, Rhodes (CCR) model and Banker, Charnes, Cooper (BCC) 

model. The inefficiency  in these models is defined as the ex cess 

usage of inputs or shortfalls in the outputs (Cooper et al., 2006) .  
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Both CCR and BCC models assess this efficiency of decision making 

unit by solving a linear programming model in the envelopment 

form, so the inefficie nt units are plot below the efficient frontier. The 

basic difference between these two models lies in their returns to 

scale assumptions. The CCR model is based on the constant returns 

to scale assumption for the production possibility set. That is, if ( x,y) 

is feasible, for any positive t, (tx,ty)  is also feasible. In contrast, the 

BCC model assumes varying returns to scale, in which the 

production possibility set is concave and consists of different 

piecewise linear parts. These piecewise linear parts rep resent 

increasing returns to scale, decreasing returns to scale and constant 

returns to scale, respectively. In other words, the efficiency 

computed by CCR model is a global technical efficiency. By adding a 

new convexity constraint to the CCR model, howev er, BCC model is 

able to isolate the technical efficiency values of CCR from the scale 

differences (Gºkgºz, 2009).  Studies analyzing the performance of 

mutual funds using the DEA method utilize both estimation 

methods. For instance, Murthi, Choi, and Desai (1997); Tarĕm and 

Karan (2001); Basso and Funari (2001)  employ the CCR method, 

while Choi and Murthi (2001)  use the BCC method. Gºkgºz (2009) 

applies both of these methods to evaluate the performance of 

Turkish mutual funds. However, he does not show which one of 

these methods is better suited for t he analysis of Turkish mutual 

funds. Cooper, Seiford, and Tone (2006)  point out that if a DMU is 

efficient according to the CCR method, it will also be efficient 

accor ding to the BCC method, because the CCR score indicates 

global technical efficiency.  However, the reverse is not necessarily 

valid for every case, since the BCC method operates in a piecewise 

linear efficient frontier. In other words, the BCC efficient fr ontier is 

either on the CCR linear frontier or below it. This is why, the 

efficiency expressed in the BCC method is called as pure technical 
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efficiency (Cooper et al., 2006) . As in the basic CCR model, BBC also 

provides a reference set for decision making units, which indicates 

their peer groups if they operate with full efficiency. This property of 

BCC allows me to use DEA as a new distance metric for spatial 

econometric analysis.  

For the choice between these two alternati ve methods, Cooper, 

Seiford, and Tone (2006)  designate the relevant prior literature as a 

benchmark. In particular, they note that if the prior studies identify 

a form  for the efficient frontier, like a production frontier defined 

according to the Cobb -Douglas production function, than a DEA 

method that suits to the structure of the frontier can be chosen. 

Choi and Murthi (2001)  point out that mutual funds can operate at 

all kinds of returns to scale. Because the CCR method makes no 

attempt to consider the scale effe ct, these scale differences cannot be 

correctly addressed when one uses the CCR method for mutual fund 

performance evaluation (Choi & Murthi, 2001) . 

Since the CCR and the BCC methods identify different types of 

inefficiencies in a DMU as stated in Banker et al. (2004) , the source 

of dif ferences in the results of the CCR and the BCC model would be 

important for studies evaluating purely the fund performances. 

However, this dissertation focuses on the distances between mutual 

funds as DMUs. Given the arguments provided by Choi and Murthi 

(2001) , this dissertation uses the BCC model while generating the 

elements of spatial weight matrix.  

The last point in the specification of DEA models is the 

orientation. Two most frequently used types of DEAs are input 

oriented and output oriented ones. Input oriented models keep the 

output level constant while trying to reduce the inputs as much as 

the y can. Output oriented models aims to maximize the output level 

while keeping the inputs constant (Cooper et al., 2006) . Following 

the prior Turkish mutual fund efficiency literature such as Gºkgºz 
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(2009) and Yĕldĕz (2006), this dissertation employs input oriented 

DEA model.  

As pointed out by many authors, determining the spatial 

weight matrix is a crucial part of spatial analyses. Anselin (1988)  

and LeSage and Pace (2009) , among others, explicitly state that the 

distance that is used to show the neighboring impact should be 

meaningful and closely related to the units of analysis.  This 

requir ement of spatial analysis is not a problem when the distan ce is 

geographically determined. In this case, even different distance 

metrics can be provided and compared, such as a binary weight 

matrix , indicating the existence of a common border , versus a 

decaying distance matrix , demonstrating the exact distances 

between two units. Geographical distance metrics are exogenous by 

definition and do not create endogeneity problems  for the analyses. 

However, most of the time, the close relation between theory and 

spatial weights requirement makes exogenously determined weight 

matrices difficult to justify (Kelejian & Piras, 2014) . 

When employing an economic distance concept, however, 

overcoming the endogeneity problem may not be easy. Possible 

reasons and solutions for the endogeneity problem have very 

recently been discussed in the spatial econometrics literature 

(Kelejian & Piras, 2014; Qu & Lee, 2015) . This dissertation uses DEA 

to measure the distances between funds on an analytical surface. 

The characteristics of DEA in terms of providing reference sets by 

the aid of relative measurement techni ques are appropriate for the 

nature of analyses carried out in this dissertation. However, since 

DEA is an economic distance metric and it uses fund characteristics 

as inputs and outputs, it would be difficult to assume exogeneity. 

Although some new estima tion methods are offered to overcome this 

issue, such as two stage instrumental variable or quasi -maximum 

likelihood estimation methods (Qu & Lee, 2015) , these estimation 
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techniqu es are not available in commercial statis tical package 

programs, yet. Therefore,  following Keiler and Eder (2013) , this 

dissertation employs a spatial weight matrix that is lagged by one 

period in an attempt to decrease the severity of the problems 

associ ated with the mentioned endogeneity in the spatial models. 

LeSage and Pace (2009) and Keiler and Eder (2013)  also suggest 

focusing on the model itself rather than the distance metrics. In 

future studies, this endogeneity problem can be addressed by 

analyzi ng alternative economic distance concepts as well.  
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CHAPTER 4  

 

 

FINDINGS  

 

 

This dissertation aims to understand how the mutual fund 

investors make their investment decisions among alternative funds; 

and based on this decision how the fund managers react/change 

their portfolio risk and return structure. Literature mainly suggests 

a convex relation between flows and past performance that makes 

managers to alter their portfolio at the end of the first semiannual 

period. However, this relation varies across different countries 

(Ferreira et al., 2012b) . This dissertation, first, investigates the 

determinants of flows to mutual funds to understand whether an 

asymmetric association betwee n fund flows and past fund 

performance exists in the Turkish mutual fund industry.  Next, 

effects of flows to neighboring funds and their performance on flows 

to a fund is examined by using spatial models. Finally, fund 

managersõ risk altering behavior in the second half of the year is 

examined. The effects of spatial variables on the risk altering 

behavior of fund managers are also evaluated. The basic models 

analyzed in this dissertation are augmented by new variables and 

modified to check the robustness o f main findings of this 

dissertation. The results based on these robustness checks are 

presented in the last section of this chapter.   

4.1.  Descriptive Statistics  

As explained before, the sample of this dissertation includes 

three different types of funds, nam ely equity funds, variable funds 

and mixed funds. Although they heavily invest in equity and their 
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investment objectives are quite similar, a general look at some 

characteristics of these funds would highlight the similarities and 

differences between these  fund types. Table 3a, 3b and 3c show the 

descriptive statistics on some fund characteristics for each fund 

group. These statistics are calculated for the period from 2005 to 

2011, because main analyses of this dissertation are conducted for 

this time peri od as well.  
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Table 3a. Descriptive Statistics for Equity Funds  

Variable  Obs.  Mean  Std. Dev.  Min  Max  

      Flow 1  236  0.3 4 1.85  -0.9 3 19.24  
Flow 2 (æ in 
Number of 
Investors)  232  27.29  156.35  -1.00  1084.80  
Jensenõs Alpha 
Excess Return  153  0.49  0.19  -0.34  1.05  
Four Factor 
Excess Return  153  0.0 1 0.09  -0.48  0.22  

Age 236  10.10  5.30  0.99  23.0 1 

Size 250  14.76  1.52  10.85  17.58  

Size2 250  0.0 2 0.02  0.00  0.1 2 

Expense Ratio  169  0.08  0.11  0.00  0.98  

Std . Dev. 236  0.0 2 0.01  0.00  0.17  

Beta  153  0.71  0.14  0.19  1.05  

Market Return  235  0.11  0.25  -0.33  0.6 7 
Market Risk 
Premium  221  -0.01  0.30  -0.55  0.5 4 

Rf 229  0.01  0.0 2 0.0 1 0.05  

Bank Dummy  250  0.80  0.39  0.00  1.00  
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Table 3b. Descriptive Statistics for Mixed Funds  

Variable  Obs.  Mean  Std. Dev.  Min  Max  

      Flow 1  246  0.19  1.43  -0.84  19.66  
Flow 2 (æ in Number of 
Investors)  240  24.00  158.83  -1.00  1366.54  
Jensenõs Alpha Excess 
Return  166  0.31  0.09  0.07  0.56  
Four Factor Excess 
Return  166  0.03  0.07  -0.10  0.28  

Age 246  9.61  4.66  0.49  22.01  

Size 258  14.73  1.56  10.37  19.41  

Size2 258  0.03  0.07  0.00  0.43  

Expense Ratio  154  0.06  0.03  0.00  0.24  

Std . Dev. 246  0.01  0.05  0.00  0.82  

Beta  166  0.40  0.09  0.14  0.71  

Market Return  238  0.11  0.26  -0.33  0.67  

Bank Dummy  258  0.53  0.49  0.00  1.00  
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Table 3c. Descriptive Statistics for Variable Funds  

Variable  Obs.  Mean  Std. Dev.  Min  Max  

      Flow 1  593  0.95  14.65  -1.02  350.58  
Flow 2 (æ in Number 
of Investors)  584  19.67  131.68  -1.00  1040.33  
Jensenõs Alpha 
Excess Return  384  0.40  0.16  -0.08  1.10  
Four Factor Excess 
Return  384  0.04  0.10  -0.41  0.42  

Age 597  9.12  5.15  -0.00  23.00  

Size 629  14.35  1.69  9.07  18.06  

Size2 629  0.02  0.03  0.00  0.34  

Expense Ratio  408  0.07  0.04  0.00  0.33  

Std . Dev. 593  0.01  0.04  0.00  0.70  

Beta  384  0.52  0.16  0.03  1.19  

Market Return  597  0.12  0.25  -0.33  0.67  

Bank Dummy  633  0.61  0.49  0.00  1.00  

Table 3a, 3b and 3c report the descriptive statistics on some fund 

characteristics for equity, mixed and variable funds, respectively for the period 
from 2005 to 2011.  

From these descriptive statistics, one may observe that these 

fund groups have similar characteristics. For instance, mean 

standard deviation of daily returns for equity funds is 1.47%, while 

for mixed and variable funds; the means are 1.23% and 1.53% 

resp ectively. The highest average beta, 0.71, is obtained for equity 

fund category. This is followed by variable funds with an average 

beta of 0.5259. However, the highest beta value is observed for a 

variable fund. These findings are consistent with expectati ons.  

Similarly, the highest mean flow goes to the variable funds. On 

the other hand, net cash flows that are obtained from CMB reports 

are very similar for the equity and mixed fund categories. However, 

the highest mean account numbers are seen in the equity fu nds. 

Although change in number of investors is a generally accepted flow 

proxy, this analysis shows that it may not be very highly correlated 

with the TL fund flow.  These fund categories have similar age, size 

and expense ratios as well.  However, a large r percentage of equity 
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funds (80.40%) are owned by banks than variable (60.98%) and 

mixed funds (53.49%).   

The most important conclusion that can be drawn from these 

descriptive statistics is that comprising a sample from these fund 

categories is acceptab le because of the similarity in their 

characteristics. As a result, descriptive statistics for the entire 

sample is also given in Table 4.   

Table 4. Descriptive Statistics for Entire Sample  

Variable  Mean  Std. Dev.  Min  Max  

     Flow 1  0.1858  1.3569  -0.9295  19.6637  
Flow 2 (æ in Number of 
Investors)  21.7378  141.5522  -1.0000  1184.3170  
Jensenõs Alpha Excess 
Return  0.4103  0.1705  -0.3411  1.1056  
Four Factor Excess 
Return  0.0334  0.0959  -0.4859  0.3242  

Age 11.4243  4.6526  2.4904  23.0082  

Size 14.7052  1.6051  9.1562  19.4099  

Size2 0.0202  0.0501  0.0000  0.4325  

Expense Ratio  0.0731  0.0662  0.0000  0.9800  

Std Dev  0.0101  0.0046  0.0000  0.0381  

Beta  0.5453  0.1776  0.0325  1.1939  

Market Return  0.0917  0.2406  -0.3326  0.4891  

Bank Dummy  0.6688  0.4710  0.0000  1.0000  

Table  4 provides the descriptive statistics on some fund characteristics for 
the entire sample of funds between the years 2005 and 2011.  

The descriptive statistics for the entire sample indicates that 

66.88% of funds analyzed in this dissertation are owned by b anks.   

There is a wider range of betas observed for the sample funds.  On 

the other hand, the variability in total risks of these funds is quite 

low. Overall, descriptive statistics for the entire sample, as expected, 

are consistent with the numbers repor ted for the three different fund 

categories.   

To further examine the similarity between these fund 

categories, their portfolio allocations to the broad asset classes are 
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also analyzed. The descriptive statistics on asset allocations of these 

funds on a se miannual basis are reported in Tables 5a, 5b and 5c.  

Table 5a. Asset Allocation of Equity Funds  

Variable  Obs.  Mean  Std. Dev.  Min  Max  

      Equity  187  79.54  11.18  51.88  100.00  

Treasury bills and bonds  187  4.05  7.83  0.00  38.34  

Reverse repo  187  15.45  11.63  0.00  43.66  

Money market  187  0.77  2.99  0.00  19.62  

Foreign markets  187  0.00  0.00  0.00  0.00  

Other investment options  187  0.19  1.87  0.00  18.47  

Table 5b. Asset Allocation of Mixed Funds  

Variable  Obs.  Mean  Std. Dev.  Min  Max  

      Equity  176  43.09  12.12  18.63  80.40  

Treasury bills and bonds  176  31.19  18.50  0.00  70.53  

Reverse repo  176  24.42  17.71  0.00  70.48  

Money market  176  0.38  2.15  0.00  18.22  

Foreign markets  176  0.00  0.00  0.00  0.00  

Other investment options  176  0.92  3.19  0.00  20.43  

Table 5 c. Asset Allocation of Variable Funds  

Variable  Obs.  Mean  Std. Dev.  Min  Max  

      Equity  464  57.85  19.16  0.40  100.00  

Treasury bills and bonds  464  13.91  17.83  0.00  74.12  

Reverse repo  464  26.91  20.54  0.00  99.60  

Money market  464  0.71  2.68  0.00  20.24  

Foreign  markets  464  0.22  1.72  0.00  16.24  

Other investment options  464  0.40  2.56  0.00  33.97  

Table 5a, 5b and 5c provide a general view on allocations to the broad 
asset classes by equity, mixed and variable funds from 2005 to 2011.  

Examining these tables for allocations to asset classes 

indicates that the equity funds have the highest allocation to the 

equity asset class. This finding is consistent with the equity funds 
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having the highest average beta estimate reported in Tables 3a, 3b 

and 3c. Equity funds are followed by variable (57.85%) and mixed 

funds (43.09%) in terms of mean value of equity investments. Here, 

one may notice that the lowest investments in equity class for 

variable (0.4%) and mixed funds (18.63%) are significantly  lower 

than the minimum 25% investment requirement in equity class 

imposed by the CMB of Turkey on type -A funds.  A closer 

examination of the data reveals that these extreme values belong to 

the portfolio rebalancing intervals during the sample period anal yzed 

in this dissertation. In a few days, these extreme values return back 

to the normal investment levels that are required by the CMB 

communiqu®. Again, descriptive statistics for the general portfolio 

holdings of these three fund types show that these f unds invest a 

significant percentage of their portfolios in the equity class.  

Therefore, constructing a sample with these three types of funds is 

appropriate for the purposes of this dissertation because these fund 

types have high investments in equity cl ass and similar 

characteristics.  

The correlations between different fund characteristics might 

be interesting as well. These correlations and their significance levels 

are given in Table 6.  
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Table 6. Piecewise Correlations between Fund Characteristics  

  Flow 1  

Flow 2 (æ in 

Number of 
Investors)  

Jensenõs Alpha 
Excess Return  

Four Factor Excess 
Return  Age 

      Flow 1  (TL Flow)  1 
    Flow 2  

(æ in Number of Investors) -0.0144  1 
   Jensenõs Alpha  

Excess Return  -0.0118  -0.0025  1 
  Four Factor  

Excess Return  0.0072  -0.0421  0.4328*  1 
 Age -0.1072*  -0.0201  0.0221  0.025  1 

Size 0.0000  0.1233*  -0.0249  -0.2075*  0.1718*  

Size2 -0.0178  0.1607*  -0.0911*  -0.0933*  -0.009  

Expense Ratio  -0.0426  -0.0042  0.044  -0.0162  -0.029  

Std . Dev. 0.0303  0.0379  0.5981*  0.1000*  -0.1396*  

Beta  -0.0056  0.0116  0.6515*  -0.2268*  -0.0136  

Market Return  0.0880*  -0.0613  -0.5208*  -0.3053*  -0.0611  

Market Risk Premium  0.0855*  -0.0389  -0.5839*  -0.3967*  -0.0906*  

Risk free rate  -0.029  -0.0141  0.5344*  0.4967*  0.1411*  

Bank Dummy  -0.0026  0.0957*  0.0684  -0.1356*  0.1449*  

Crisis Dummy  0.0323  -0.1244*  0.0069  0.1000*  0.2066*  
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Table 6 (C ont õd). Piecewise Correlations between Fund Characteristics  

  Size Size2 
Expense 
Ratio  

Std. 
Dev.  Beta  

Market 
Return  

Market 

Risk 
Premium  

Risk 

free 
rate  

Bank 
Dummy  

Crisis 
Dummy  

Size 1 
         Size2 0.5473*  1 

        
Expense Ratio  

-0.2253*  -0.1167*  1 
       

Std. Dev.  
-0.0855*  -0.0697  0.0176  1 

      
Beta  

0.1004*  -0.0656  0.1419*  0.4860*  1 
     Market Return  0.0646  0.0048  0.0548  -0.3666*  -0.0426  1 

    Market Risk Premium  0.0331  0.0103  0.0733*  -0.3691*  -0.0418  0.9703*  1 
   Risk free rate  0.0692  -0.0135  -0.1037*  0.2247*  0.0206  -0.4875*  -0.6821*  1 

  Bank Dummy  0.1557*  0.1089*  -0.0214  0.0791*  0.1862*  -0.0016  0.0019  -0.0081  1 
 Crisis Dummy  0.1133*  -0.0468  -0.0932*  -0.0917*  -0.0614  0.2621*  0.1284*  0.2322*  -0.0339  1 

 

Table 6 provides the correlations among fund characteristics. The correlation coefficients that are significantly different f rom zero 

at the 5% significance level are indicated by *.  
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Table 6 shows that the fund flow obtained from the financial 

statements is negatively and significantly correlated with fundõs age 

but no other fund characteristics. The second flow definition, on the 

other hand, is significantly and positively correlated only with 

measures of fund size. Performance variables are mostly positively 

and significantly related to the risk variables, as expected. 

Interestingly, size variables mostly negatively related to the 

performance variables. This negative correlation may i ndicate that 

an increase in the size does not necessarily create productivity and 

performance for fund investors. The second definition of size, namely 

Size 2 , has a positive and significant correlation with Size. 

Consistently, Size 2  has negatively relate d to performance variables 

as well.  

The correlations among fund characteristics and some other 

market variables are also examined. Here, market return is the 

semiannual return on the BIST ALL index. The market risk premium 

is computed by subtracting the ri sk free rate from the market 

return. The crisis dummy variable becomes one for the period after 

the first half of 2009 to indicate the post -subprime mortgage crisis 

era. As expected, the market return and the market risk premium 

are highly and positively c orrelated, while the risk free rate is 

negatively related to the market risk premium. The crisis dummy 

variable also positively and significantly correlated with all of these 

market variables. The market return and the market risk premium 

are negatively an d statistically significantly correlated with both of 

the fund performance variables, whereas the crisis dummy variable 

is positively and significantly correlated with only the Four -Factor 

excess return.  Furthermore, the correlation between the crisis 

dum my variable and the Four -Factor excess return is much lower in 

magnitude than that between the market return and both of the 

performance measures or that between the market risk premium 
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and both of the performance measures.  As a result of significant 

and positive correlations of the crisis dummy variable with the 

market return and the market risk premium, and low or no 

correlation of this variable with fund performance measures, the 

crisis dummy variable is considered to be a good proxy for overall 

market conditions.  Therefore, it is added to the main models of this 

dissertation as a robustness check.  

It is well known that Turkey has a bank based financial 

system. The dominance of bank ownership for mutual funds is 

documented in Tables 3a, 3b and 3c. Corr elations reported in Table 

6 indicate that bank ownership is only positively related to the 

second flow definition. This might be due to investors finding it 

easier to open investment accounts in bank owned mutual funds. 

Furthermore, bank ownership is posi tively and statistically 

significantly correlated with the age, the size, both risk measures 

and negatively correlated with the Four -Factor excess return of the 

funds.  

Given these correlations between fund characteristics and 

bank ownership, it makes sens e to analyze the similarities and 

differences between characteristics of the bank and the non -bank 

owned mutual funds more closely. The summary statistics on 

characteristics of bank and non -bank owned mutual funds are given 

separately in Tables 7a and 7b, respectively.  Furthermore, the 

statistical significance of differences in characteristics of bank and 

non -bank owned funds based on Wilcoxon rank sum test, a non -

parametric test, are shown in Table 8.  
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Table 7a. Fund Characteristics for Bank Owned Mutual  

Funds  

Variable  Obs.  Mean  Std. Dev.  Min  Max  

Flow 1  508  0.3402  2.7551  -0.9295  50.5551  

Flow 2 (æ in Number of 

Investors)  503  29.4684  164.9172  -1.0000  1184.3170  

Jensenõs Alpha Excess 

Return  428  0.4188  0.1674  0.0012  1.0476  
Four Factor Excess 

Return  428  0.0259  0.0870  -0.2637  0.3170  

Age 483  11.0970  5.4117  0.4904  23.0082  

Size 519  14.7766  1.5510  9.9472  19.4099  

Size 2  519  0.0219  0.0565  0.0001  0.4325  

Expense Ratio  479  0.0699  0.0677  0.0000  0.9800  

Std. Dev . 481  0.0109  0.0071  0.0000  0.1264  

Beta  428  0.5656  0.1717  0.1614  1.0520  

Market Return  521  0.1041  0.2368  -0.3326  0.4891  

Market Risk Premium  483  -0.0051  0.2877  -0.4901  0.4188  

Rf 483  0.0164  0.0140  0.0054  0.0553  

 

Table 7b. Fund Characteristics for Non -Bank Owned 

Mutual Funds  

Variable  Obs.  Mean  Std. Dev.  Min  Max  

Flow 1  299  0.3542  2.2791  -1.0238  21.3241  

Flow 2 (æ in Number of 

Investors)  298  
2.8549  48.1800  -1.0000  831.7032  

Jensenõs Alpha Excess 

Return  237  
0.3944  0.1771  -0.3411  1.1056  

Four Factor Excess 

Return  237  
0.0532  0.1099  -0.4859  0.4268  

Age 285  9.5622  4.4287  -0.0027  19.0055  

Size 308  14.2336  1.8474  9.0752  17.8568  

Size 2 308  0.0115  0.0168  0.0000  0.0907  

Expense Ratio  252  0.0727  0.0512  0.0000  0.3423  

Std. Dev.  284  0.0099  0.0049  0.0013  0.0284  

Beta  237  0.4955  0.1867  0.0325  1.1939  

Market Return  309  0.1049  0.2364  -0.3326  0.4891  

Market Risk Premium  285  -0.0063  0.2905  -0.4901  0.4188  

Rf 285  0.0166  0.0145  0.0054  0.0553  

  Table 7a and 7b provides the fund characteristics separately for bank 

owned and non -bank owned mutual funds.  

  



109 

 

Table 8. Wilcoxon Rank Sum Test for Bank Ownership  

  Wilcoxon Rank Sum Test  

Flow 1  0.8143  

Flow 2 (æ in Number of Investors) 0.1847  

Jensenõs Alpha Excess Return 0.0671  

Four Factor Excess Return  0.0000  

Age 0.0004  

Size 0.0024  

Size2 0.0019  

Expense Ratio  0.0441  

Std . Dev. 0.0021  

Beta  0.0000  

Market Return  0.9780  

Market Risk Premium  0.9330  

Rf 0.9065  

Table 8 provid es the test statistics from Wilcoxon rank sum test for the 

difference between characteristics of bank owned and non -bank owned funds.  

Table 8 demonstrates that none of the flow definitions differ 

significantly based on the ownership type. Furthermore, the 

Jensenõs alpha excess return is not statistically significantly 

different for bank and non -bank owned funds.  However, Four -

Factor exc ess return is significantly higher for non -bank owned 

funds. As one may expect, bank owned mutual funds are older and 

larger than their non -bank owned counterparts. Moreover, bank 

owned mutual funds have statistically significantly higher mean for 

total ri sk and systematic risk variables. On the other hand, non -

bank owned funds have significantly higher expense ratios.  Because 

of these statistically significant differences in fund characteristics of 

bank and non -bank owned funds, a bank dummy variable havi ng a 

value of 1 for bank owned funds and 0 otherwise is added to the 

main models of this dissertation as a robustness check.    

The next step is to examine the relationship between flow ð 

past performance for Turkish mutual funds during the sample 

period o f this dissertation. Figure 1 represents the general nonlinear 

relation between past performance and fund flows for Turkish 
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variable, mixed and equity funds included in the sample, between 

the years 2005 and 2011. Funds are ranked into 10 groups based 

on t heir Jensenõs alpha excess returns in each semiannual period. 

Then, for each performance group, new money growth scaled by 

fundõs total net assets is computed as the median of flow for that 

group. Actual flow data is used for this figure.  

 

Figure 1.  This graph illustrates the median of new money flow to funds 

according to the Jensenõs alpha excess returns in the previous semiannual. The 

worst performing funds are in the Group 1; while the Group 10 consists of the 

best performing funds.  

This figure is  obtained by using the Jensenõs alpha excess 

return definition; however, Four -Factor excess return and the flow 

definition based on òthe change in numbers of investoró also show a 

similar pattern. To conserve space, these additional figures are not 

include d in the dissertation, however, are available from the author 

upon request. The nonlinear relation between fund flows and past 

performance can be observed in Figure 1. Cash flow to the funds is 

negative up to the funds with average performance, and cash 
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ou tflows only begin to decrease from this point on. It seems that best 

performers prevent withdrawals at the least.  

4.2.  Flow Models  

According to the T¿rkiye Sermaye Piyasasĕ Raporu (2009), 

96.6% of the mutual fund investors are domestic individuals. Zheng 

(2008)  underlines the importance of the individual inv estorsõ 

decisions for the overall market stability. Therefore, this study first 

examines the determinants of the Turkish fund flow by using Eq (1). 

The findings from the regression model that associates flow to the 

fund characte ristics are presented in Tab les 9a and 9b . 

The regressions reported in Table s 9a and 9b  are checked for 

the regression assumptions. The variance of the residuals is found 

to be not constant. Therefore, the White estimator is used for the 

computation of standard errors of estimates. M oreover, since there 

are dummy and interaction variables in the model, special attention 

is paid to the multi -collinearity issue. However, variance inflation 

factor is always found to be below the critical value. Hence, no 

multi -collinearity problem is det ected in any of the models.  

However, residuals from these regressions are not normally 

distributed. This problem, in fact, exists in other studies, such as 

Busse (2001) and Goriaev et al. (2005) . Busse (2001) reports p -

values obtained from Monte Carlo simulations, which are free from 

the normality assumption as well as p -values obtained by assuming 

normal distribution and, he points out that simulated p -values are 

not substantially different than those obtained from assuming 

normal distribution. Goriaev et al. (2005) states that Monte Carlo 

simulation approach is computationally intensive. Given arguments 

in Goriaev et al. (2005) and findings of Busse (2001 ) regarding 

simulated and regular p -values, I also assume normality for 

coefficent tests. Since number of observations used in the analyses 



112 

 

of this dissertation are large enough for the central limit theorem to 

hold, the violation of normality assumption a re considered to be not 

important enough to alter the main conclusions of this dissertation.  
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Table 9 a. Flow Models  

     

VARIABLES  (1) (2) (3) (4) 

     

Constant  3.146***  3.499***  3.165***  3.441***  

 (1.217)  (1.329)  (1.223)  (1.286)  

Jensenõs Alpha Excess Ret t -1 -0.980**   -0.944**   

 (0.421)   (0.448)   

4 Factor Excess Ret t -1  -0.996   -0.984  

  (0.613)   (0.599)  

Std. Dev  t -1 16.57  7.953    

 (10.44)  (10.72)    

Beta  t -1   0.551*  0.316  

   (0.309)  (0.222)  

Flow t -1 -0.0397**  -0.0352**  -0.0376**  -0.0351**  
 (0.0167)  (0.0147)  (0.0160)  (0.0146)  

Best -Worst  t -1 0.143  -0.142  0.0948  -0.134  

 (0.163)  (0.154)  (0.167)  (0.148)  

Best -Worst x Jensenõs 0.417*   0.300   

 (0.249)   (0.264)   

Best -Worst x 4Factor   -0.817   -0.731  

  (0.565)   (0.560)  

Semiannual Dummy  0.0226  0.00354  0.0326  0.00787  

 (0.120)  (0.112)  (0.120)  (0.112)  

Age t -1 -0.00119  -0.00166  -0.00165  -0.00185  

 (0.00992)  (0.00992)  (0.00983)  (0.00986)  

Size t -1 -0.188**  -0.211***  -0.196***  -0.214***  
 (0.0745)  (0.0810)  (0.0743)  (0.0813)  

Expense Ratio  t  -1.909  -1.791  -1.949  -1.872  

 (1.692)  (1.556)  (1.667)  (1.576)  

     

R-squared  0.059  0.064  0.059  0.065  

     

Observations  611  611  611  611  

     

t test  (Jensenõs + B-W x Jensenõs) -0.5630     

 (0.3995)     

*** p<0.01, ** p<0.05, * p<0.1  

This table shows the findings from the flow model that relates the fund flow 
to the fund characteristics, such as performance, age, size, risk, and expense ratio 

as well as one period lagged flow. The formal model can be represented as follows:  

ti,91t87

1ti,6ti,51ti,41ti,31ti,21ti,10ti,

ȄePerformancxBest_WorstȂBest_WorstȂ_DummySemiannualȂ

FlowȂExpenseȂRiskȂSizeȂAgeȂPerfȂȂFlow

++++

++++++=

-

-----

Here, the dependent variable is the cash flow obtained from daily reports to CMB. 

Models presented in this Table alternate the performance proxies, namely 
Jensenõs alpha excess returns and Four-Factor excess returns, as well as risk 

proxies, namely standar d deviation and beta. Robust standard errors are 

presented in parenthesis.  
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Table 9 b. Flow Models  

     

VARIABLES  (1) (2) (3) (4) 

     

Constant  -165.4***  -125.4*  -176.5***  -137.3**  

 (63.90)  (64.40)  (65.95)  (66.22)  

Jensenõs Alpha Excess Rett -1 59.87   33.53   

 (44.24)   (28.60)   

4 Factor Excess Ret t -1  132.4**   127.2**  

  (65.44)   (63.44)  

Std. Dev t -1 -1,655  -1,494    

 (1,615)  (1,375)    

Beta t -1   6.102  -16.94  

   (46.89)  (28.71)  

Flow t -1 -0.0475***  -0.0473***  -0.0479***  -0.0480***  
 (0.0153)  (0.0155)  (0.0153)  (0.0157)  

Best -Worst t -1 -5.417  -25.46  -4.707  -24.63  

 (16.04)  (15.88)  (17.46)  (15.86)  

Best -Worst x Jensenõs -14.98   -18.62   

 (28.38)   (34.61)   

Best -Worst x 4Factor   -125.3**   -121.9**  

  (51.67)   (48.89)  

Semiannual Dummy  -12.87  -11.12  -12.58  -11.98  

 (11.84)  (11.66)  (12.08)  (11.54)  

Age t -1 -1.544  -1.505  -1.481  -1.454  

 (1.424)  (1.418)  (1.396)  (1.391)  

Size t -1 14.08***  13.27***  14.23***  13.70***  
 (4.964)  (4.847)  (5.134)  (4.991)  

Expense Ratio  t  55.97  65.41  49.20  62.91  

 (52.23)  (56.27)  (53.78)  (56.40)  

     

R-squared  0.030  0.036  0.029  0.035  

     

Observations  603  603  603  603  

     

t test (4 Factor Excess Ret. +  B-

W x 4 Factor Excess Ret.)  

 7.0720   5.2732  

  (41.487)   (40.801)  

*** p<0.01, ** p<0.05, * p<0.1  

Table 9 b is prepared using the formal model defined in Eq (1):  

ti,91t87

1ti,6ti,51ti,41ti,31ti,21ti,10ti,

ȄePerformancxBest_WorstȂBest_WorstȂ_DummySemiannualȂ

FlowȂExpenseȂRiskȂSizeȂAgeȂPerfȂȂFlow

++++

++++++=

-

-----  

Dependent variables in this table are the change in the number of investors scaled 

by the previous periodõs number of investors (number of investors i,t /number of 

investors i,t -1). Models presented in this Table alternate the performance proxies, 
namely Jensenõs alpha excess returns and Four-Factor excess returns, as well as 

risk proxies, namely standard deviation and beta. Robust standard errors are 

shown in parenthesis.  
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Literature suggests that investors are sensitive to the past 

performance of funds in a non -linear way. They do not flee when 

funds exhibit bad performance, but they invest more to the funds 

with good performance. Brown et al. (1996) and Chevalier a nd 

Ellison (1997)  indicate that this convex performance ð flow structure 

creates an implicit compensation scheme. That is, fund managers 

alter the risk of their portfolios to be in the winnersõ side. Based on 

this discussion in the literature, one may b egin to interpret effect of 

past performance on flows to Turkish mutual funds.     

Findings from the flow model show that investors do not pay 

attention to alphas from the Four -Factor model as a risk adjusted 

performance measure in their fund investments, since this variables 

does not have a significant coefficient in any of the flow models. 

Excess returns obtained from the Jensenõs alpha measure have a 

significant relation with the first flow definition in Table 9a. Contrary 

to the discussion in the previo us paragraph, there is not a convex 

relation between fund flows and past performance for the Turkish 

mutual funds 3.  It seems that past performance and fund flows are 

negatively related as opposed to the positive relation reported in the 

literature. Invest ors withdraw their money from the funds that have 

shown good performance in the previous 6 -month period. This could 

be due to the profit realization motivation of Turkish mutual fund 

investors between the years 2005 and 2011. According to the 

Turkish Capit al Markets Associationõs report, domestic individual 

investors in Turkey had a tendency to sell their assets and realize 

their profits between the years 2005 and 2008 (T¿rkiye Sermaye 

Piyasasĕ Aracĕ Kuruluĺlarĕ Birliķi (2006, 2007, 2008, 2009)). The 

heavy consequences of the crises in the beginning of 2000s were 

                                                 
3
 In order to test the convex structure in the fund flow-past performance relation, funds are divided 

into performance deciles, and these deciles are compiled into ñhighò, ñmidò and ñlowò groups. 

Although different ñhighò, ñmidò and ñlowò group definitions are used, significant results cannot be 

obtained.  Hence, this dissertation only includes Best-Worst dummy in the models to account for the 

asymmetric relation between fund flow and past performance. 
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influential on this selling decision. Domestic individual investors 

became a net buyer only in the year 2008, however the economic 

fluctuations in the May ð June of 2009 forced them to realize their 

net gains again  (T¿rkiye Sermaye Piyasasĕ Aracĕ Kuruluĺlarĕ Birliķi 

(2009, 2010)) . 

It seems that the relative bull market experienced in the Borsa 

Istanbul between the years 2005 and 2011 may also have 

contributed to this net profit reali zation behavior of fund investors. 

In Figure 2, the level of BIST ALL index and total flow to mutual 

funds analyzed in this dissertation are plotted together for the 

sample period analyzed in this dissertation. From this figure, one 

may observe that the st ock market of Turkey usually has an upward 

trend during the sample period of this dissertation. It seems that 

total flow to mutual funds has a similar trend with the stock market. 

Since the funds included in the sample of this dissertation heavily 

invest i n equity asset class, the higher gains in the stock market 

might allow investors in these mutual funds to withdraw their 

money to realize their profits from their investments in these funds.  
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Figure 2.  The blue line in the graph shows the level of BIST ALL  index from 

2005 to 2011, while the orange line shows the total flow to mutual fund analyzed 
in this dissertation on a monthly basis. Source: BIST and authorõs calculations.  

The holding period of an average individual investor was 50 

days in the 2 002 (T¿rkiye Sermaye Piyasasĕ Aracĕ Kuruluĺlarĕ Birliķi, 

2003) . Although it has fluctuated throughout the years, it became 1 

month on average in 2010 (T¿rkiye Sermaye Piyasasĕ Aracĕ 

Kuruluĺlarĕ Birliķi, 2011). From the reports of the Turkish Capital 

Markets Association, one may observe that individual investors are 

also very cautious while buying equity shares. Hence, it might be 

conceivable for these individual investors to be cautious when 

investing in mutual funds mainly holding equity securities.  

Therefore, outflow from sample funds may be explained by these 

behav iors of domestic individual investors.  

Before concluding about the performance ð flow relation for 

the Turkish mutual fund investors, one may look at the coefficient of 

the dummy variable ( Best -Worst ) and the interactive  variable  (Best -

Worst x Performance  variables ). The Best -Worst  dummy variable has 

a value of 1 for funds exhibiting above median performance and 0 
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otherwise. The interactive  variable is the multiplication of the 

performance proxy in the respective regression with the Best -Worst  

dummy variable. Best -Worst  dummy variable has an insignificant 

coefficient; that is, there is no difference in intercepts of the 

regression lines for the best and worst performing funds. However, 

Best -Worst x Performance  for Jensenõs alpha is significant and 

positive at lea st in the first model in Table 9 a. This means that the 

funds with above median performance have a less negative slope 

than those with below median performance. Putting it differently, 

the cash outflow from the best performers is less tha n the cash 

outflow from the worst performers. A separate t -test is conducted to 

understand whether the sum of the coefficients for the Jensenõs 

alpha excess return and the interactive variable is significantly 

different from zero. This test is conducted on ly when the coefficients 

of Jensenõs alpha and the interactive variable are individually 

significant and have the opposite signs. The null hypothesis of this 

summed coefficient being zero cannot be rejected. That is, for best 

performing funds, performance does not negatively affect the new 

cash flow to the funds. Instead, performance loses its overall impact 

on flows for these funds. However, the positive and statistically 

significant constant terms in these models indicate that best 

performing funds still attract more cash inflow than worst 

performing ones.  

The relation between fund flow and performance for best and 

worst performing funds are depicted in Figure 3:  

 

 

 

 



119 

 

 

 

Regression line for the worst performers  Regression line for the best performers  

Figure 3. Added variable plots for Jensenõs alpha excess returns are shown 

in figure 3. The first graph shows the relation of performance with the flow 
conditional on the control variables when the Best -Worst  dummy is 0. The 

second one illustrates the same relation when the Best -Worst  dummy is 1.  

 

Figure 3 exhibits the regression lines for fund flow and the 

Jensenõs alpha excess return as a performance proxy while holding 

other explanatory variables as constant. The first graph shows this 

association only for the funds with below median performance, 

whereas the second one depicts the same relation for funds with 

above median performance. From these figures, changing flow -

performance structure discusse d above can be seen more clearly. 

The fact that funds with good performance experience a smaller 

outflow than the bad performing ones may also induce an implicit 

compensation scheme similar to the one caused by the convex 

relation between fund flows and pa st performance. Funds with bad 

performances may shift their risk level in the next period to be 

among the winner funds.  

¥zt¿rkkal and Erdem (2012) previously indicated that 

semiannual tournaments exist in the Turkish mutual fund market 

by comparing the return volatility of funds with below and above 

median performance. They note that manage rs of the loser funds 
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alter the portfolio risk at the end of the first half of the year. Given 

this evidence, it is conceivable to see a difference in flows to funds in 

the first and the second half of the year.  Therefore, this dissertation 

also compares the flows to funds in the first and the second half of 

the year by adding  a semiannu al dummy to the regression models. 

The semiannual dummy takes the value of 1 if the data is from the 

second half of the year and 0 otherwise.  However, the coefficient for 

this explanatory variable is found to be insignificant. In other words, 

fund flows are not sensitive to the periods of the year.  

Previous literature documents either an insignificant (Kempf & 

Ruenzi, 2008)  or a negative (Chevalier & Elli son, 1997; Ferreira et 

al., 2012b)  relation between a fundõs age and its flow. Fund age in 

our flow models never has a significant coefficient. Results reported 

in Table 9a indicate that investors do not consider fundsõ age when 

they make investment/dis investment decisions.  

Size of a fund may also affect its flow, because many studies 

have found that larger funds experience a slower new cash flow 

causing a smaller growth rate for these funds (i.e. Chevalier and 

Ellison 1997; Sirri and Tufano 1998) . Some studies, on the other 

hand, point out that larger funds are more likely to draw more cash 

flow (Ferreira et al., 2012b) . Regarding the bank ownership of the 

larger mutual funds in the Turkish market, a positive association is 

expected to be observed between new cash flows and  fund size. 

Contrary to the expectations, findings consistently demonstrate a 

negative and significant effect of size on the fund flows. As in Li and 

Tiwari (2006) , smaller funds in the Turkish mutual fund market 

attract more cash flow th an larger funds. ¥zt¿rkkal and Erdem 

(2012)  note that banks may force the funds that t hey own to shift 

their portfolio risk in order to draw more flow. Because larger funds 

are usually bank related; investors may not prefer to invest in these 

funds. On the other hand, customers of bank related funds may 
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invest their excess money when they r eceive their salary at the 

beginning of the month in the funds of their banks instead of leaving 

it idle in their bank accounts, but withdraw it towards the end of the 

month when they are out of cash. The ability to invest and disinvest 

easily in bank rela ted mutual funds might result in higher cash 

outflow from the larger mutual funds relative to smaller non -bank 

owned funds.  

Another determinant of fundsõ cash flow is the risk structure 

of a fundõs portfolio. Naturally, a negative impact of risk increase on 

new cash flow to the funds suggests a risk averse behavior for 

investors. Literature has used many risk proxies to determine this 

association. This dissertation employs semiannual standard 

deviation of daily fund returns and each fundõs beta based on last 

36 month returns. Results demonstrate an insignificant coefficient 

for both of these risk proxies. In only one model, coefficient of 

systematic risk is positive and significant at 10% level. This weak 

evidence indicates that increased systematic risk ma y attract more 

cash flows to the funds, implying a risk taking rather than risk 

averse behavior for fund investors. Overall findings suggest that 

Turkish fund investors are not sensitive to either the total or the 

systematic risk while considering alternat ive funds in the sample for 

investment purposes. No evidence for risk aversion is detected for 

the mutual fund investors. This finding may be attributed to the 

sample of funds analyzed in this dissertation. Type -A funds in the 

Turkish mutual fund market ar e riskier than type -B funds. Among 

the type -A funds, the sample of this dissertation consists of the ones 

which invest heavily in the equity market. Considering the 

decreasing tendency of individual investors to invest in shares 

trading in the Turkish capi tal markets beginning from the 2000s 

(T¿rkiye Sermaye Piyasasĕ Aracĕ Kuruluĺlarĕ Birliķi 2003, 2004, 

2005, 2006, 2007, 2008) , the investors of variable, mixed and equity 
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funds are the ones who are more willing to take on risk. Hence, it 

may be natural to observe a lack of risk aversion for these investors. 

This finding implies that mutual fund managers are not be able to 

attr act more investors by changing their total or systematic risk 

levels.  

Previously, it has been suggested that the negative coefficient 

for size variable may have two explanations. First, bank related 

funds, which are usually the largest ones, are likely to  increase the 

fundõs portfolio risk and investors may not welcome this tendency. 

Second, investors of bank related funds may find it easier to 

withdraw their money from these funds and invest it in other 

options, since they may also have demand deposits wi th the bank. 

Since the findings shown in Table 9a and 9b indicate that investors 

do not pay attention to the risk structure of the fundõs portfolio, the 

negative impact of size variables on flows are more likely to be 

explained by the ease of withdrawals f rom bank related funds.  

This finding is similar to those put forth in Sirri and Tufano 

(1998) and Del Guercio and Tkac (2002) . Sirri and Tufano (1998) use 

the standard deviation of monthly returns as a risk proxy and show 

very weak or insignificant effect of this variable on the fund flows. 

Del Guercio and Tkac (2002) find that, contrary to the pension fund 

investors, mutual f und investors do not take into account the risk 

variable while allocating their investments.  

Literature mainly finds significant and positive coefficient for 

one period lagged flow (Del Guercio & Tkac, 2002; Ferreira et al., 

2012b; Li & Tiwari, 2006) . This positive association means that 

investors prefer to allocate their money to the funds that appealed 

more  to investors in th e past. The results from Table 9  indicate that 

lagged flow is always significant in all of the models supporting the 

autocorrelation argument and enhances the R 2 of the regressions. 

However, the coefficient for this variable is alway s negative stating 
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that if a fund draws more flow one period before, this trend will be 

reversed in the subsequent period, and the fund will experience 

out flow s. This contrary finding can only be explained by the unique 

structure of Turkish mutual fund ind ustry. The market experiences 

a high amount of cash outflows during the period analyzed. 

Individual investors are interested in realizing their net profits over 

their very short investment horizon. Hence, the withdrawals in the 

subseque nt period are expect ed in such an environment .  

Both Sirri and Tufano (1998) and Huang et al. (2007) point out 

the negative effect of fund expenses on the fund growth rates in 

terms of new cash flow. Flow models in Tables 9a, however, show 

that fund fees are not influential o n the cash flows, because expense 

ratio variable does not have a significant coefficient in any of the 

models. Again, this finding can be explained by the fee structure of 

the Turkish mutual fund. Fund expenses can be determined by the 

fund itself as long as they are clearly stated in their internal 

regulations. However, CMB puts an upper limit on the fund 

expenses by its communiqu®s (Yatĕrĕm Fonlarĕna ĸliĺkin Esaslar 

Tebliķi Seri:VIII, No:10, 1996 ). The general attitude of fund managers, 

then, is to determine an expense structure close to the upper limit 

and the expense structures of other funds. As a result, fund 

expenses do not show much variability, and hence may not have an 

effect on the flow allocation decision of investors. This finding is al so 

consistent with the world -wide evidence shown by Ferrei ra et al. 

(2012b) . 

Table 9b shows the results of the same analysis with the 

second proxy of cash flow, i.e. change in the number of investors. In 

these analyses, effects of the same independent variables on this 

alternative measure of fund flow are exam ined. Findings indicate 

that fund size positively affects the change in number of investors. 

In other words, larger funds are more likely to grow in terms of 
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number of investors. Based on the bank -related nature of the large 

funds, this finding may not be surprising. Yet, given the results 

reported in Table 9a, one may conclude that an increase in the 

number of investors does not always mean a higher TL flow to the 

fund. Performance in terms of Four -Factor excess return seems to 

positively affect the change  in number of investors. For funds with 

high performance, the number of accounts increases. The interactive 

variable for Four -Factor excess return is negative, however. To 

observe the overall impact of performance on this second flow 

definition for best pe rforming funds, a separate t tests on the sum of 

the coefficients for the Four -Factor alpha and the interactive variable 

is conducted. This statistic points out that for best performing funds 

the impact of performance is not significantly different from ze ro.  

This finding is consistent with t hat for the first flow measure.  

 

4.3.  Spatial Flow Models  

As explained before, Manski (2000)  states that individuals 

consider othersõ choices when choosing among many alternatives. 

He called this relation among individuals as preference interactions. 

In order to take into acco unt the preference interactions in the 

mutual fund choices, one may look at cash flows to other funds 

which reflect individualsõ investment decisions.  

In fact, the existence of high autocorrelation among mutual 

fund flows has been well documented. Del Gue rcio and Tkac (2002) 

note that this situation is unique to mutual funds and not observed 

for pension funds. They suggest the òherding behavior toward 

specific funds ó as a possible explanation for this correlation. This 

herding behavior may be seen as a res ult of the preference 

interactions noted in Manski (2000). However, conventional methods 

are insufficient to model this interaction between individual 



125 

 

investors. Therefore, besides including one period lagged flow 

variable as an additional independent vari able in conventional 

regressions, this dissertation also utilize three types of spatial 

modeling for fund flows in order to explore the existence of 

preference interactions as mentioned in Manski (2000).  

The beginning point of the spatial analysis can be c onsidered 

as the construction of a spatial weight matrix (W). A general spatial 

weight matrix, which displays the proximity among observations, is 

created by the aid of data envelopment analysis explained in the 

methodology section.  In all of the spatial a nalyses of flow and risk, 

the same W matrix is employed.  Next, based on this matrix, the 

existence of spatial autocorrelation among observations is 

investigated. Anselin (1992)  points out Moranõs I and Gearyõs C 

measures as the classical spatial autocorrelation tests. Although 

they mostly provide the same conclusions about the existence of 

spatial autocorrelation, Getis (2010)  notes that Moranõs I is the 

leading and most powerful test for this type of spatial interaction. 

Hence, this dissertation employs Moranõs I statistic to detect the 

global spatial autocorrelatio n in the variables. As in the OLS models, 

the time dimension is ignored and a pooling regression specification 

is used in the spatial models as well. Moranõs I statistic is also 

computed without this time dimension. The results are presented in 

Table 10.  
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Table 10 . Moranõs I  Results  

Variables  I  E(I)  sd(I)  z p-value  

Age 0.038  -0.002  0.025  1.577  0.057  

Beta  0.065  -0.002  0.025  2.667  0.004  

Standard Deviation  0.201  -0.002  0.025  8.145  0.000  

Flow 1  0.046  -0.002  0.023  2.087  0.018  

Flow 2  0.000  -0.002  0.024  0.061  0.476  
Four -Factor Excess Return  0.586  -0.002  0.025  23.583  0.000  

Jensenõ s Alpha Excess Return 0.208  -0.002  0.025  8.396  0.000  

Expense Ratio  0.429  -0.002  0.025  17.271  0.000  

Size 0.037  -0.002  0.025  1.550  0.061  

This table shows the Moranõs I statistics for the flow model variables. The 
null hypothesis for this statistic is that there is no spatial autocorrelation. Flow 1  

is computed from data provided in financial statements of funds and scaled by the 
past periodõs TNA. Flow 2  is defined as t he change in number of investors scaled 

by one period lagged number of investors. Age is a fundõs age in years from its 

foundation. Beta and standard deviation are the risk proxies, while Four -Factor 

excess return and Jensenõs excess return are performance proxies. A general 

spatial weight matrix based on mutual fund efficiencies is obtained by the aid of 
DEAs. The fund i is accepted as a neighbor to its peer group. The distance 

between them is the inverse of fund iõ s efficiency value. 

 

A positive and sign ificant Z value indicates the presence of 

positive spatial autocorrelation and rejects the null hypothesis of no 

spatial autocorrelation. Putting it differently, a positive value of this 

statistic means that high values of variables move together, while 

th e low values make another cluster. Findings in Table 10 reject the 

null hypothesis for all but the second flow definition and indicate the 

existence of positive spatial autocorrelation. Naturally, a higher 

Moranõs I statistic points out a stronger relation.  

The scatter plots, presented below, help to visualize the extent 

of spatial autocorrelation for performance and risk variables. The 

Moranõs I scatter plots for the other variables can be found in the 

appendix A. T he highest clustering among high and low values can 

be seen in the performance proxies.  
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 Figure 4.a Jensenõs alpha excess return   Figure 4.b Four -Factor excess return  

 
 

  

Figure 4.c Standard Deviation   Figure 4.d 24 month beta  

Figure 4. Moranõs I scatter plots for performance and risk variables. The 

standardized variable, which has zero mean and 1 variance, is on the horizontal 

axis, while its spatial lag is shown on the vertical axis. The values of the variable 

over the mean are displayed in the upper right quadrant, while low values are 
plotted on the lower left one. Clustering in these quadrants indicate a positive 

spatial autocorrelation. A random distribution in all four quadrants cannot reject 

null hypothesis of no spatial autocorrelation. A distribution in the other two 

quadrants indicates a negative spatial autocorrelation.  

One may recall that initial flow models estimated in this 

dissertation are heteroskedastic and have significant coefficients on 

lagged flows indicating the existence of a utocorrelation. This finding 

is not surprising, given the Moranõs I results indicating the existence 

of positive spatial autocorrelation for variables of these models. 

Hence, three types of spatial modeling are applied to the flow 

models.  

First, a spatial lag model, where the spatial lag of flow is 

included as shown in Eq (2), is considered. Two different models, 

one for each flow definition used in this dissertation, are estimated 

as in the traditional flow models. The findings from this specification 

can be seen in Tables 11a and 11b for the TL flow and the change in 
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the number of investors, respectively. To correct for 

heteroskedasticity, robust standard errors are used and reported in 

the parentheses. Since R 2 values for these models are not 

comparable t o the ones for the OLS models (Anselin, 1988; 

Leenders, 2002) , Akaike Information Criteria (AIC) values as a 

goodness of fit statistic are reported in these tables.  
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Table 11 a. Spatial Lag Mode l of Flow  

     

VARIABLES  (1) (2) (3) (4) 

     
Constant  3.360 * 3.500 * 3.351*  3.521 * 

 (1.38)  (1.41)  (1.39)  (1.45)  
Spatial Lag of Flow (Rho)  0.057  0.049  0.065  0.050  

 (0.12)  (0.12)  (0.12)  (0.12)  

Jensenõs Alpha Excess Rett -1 -0.969 *  -0.960*   

 (0.43)   (0.44)   

4 Factor Excess Ret t -1  -1.664 *  -1.686  
  (0.75)   (0.88)  

Std. Dev  t -1 14.176  1.061    

 (11.34)  (11.54)    

Beta  t -1   0.511  -0.027  

   (0.32)  (0.42)  

Best -Worst t -1 0.136  0.185  0.091  0.195  
 (0.17)  (0.16)  (0.18)  (0.22)  

Best -Worst x Jensenõs 0.437   0.331   

 (0.26)   (0.28)   

Best -Worst x 4Factor   -0.563   -0.566  

  (0.62)   (0.62)  
Semiannual Dummy  0.000  -0.005  0.008  -0.004  

 (0.12)  (0.12)  (0.12)  (0.12)  

Age t -1 -0.001  -0.002  -0.001  -0.002  

 (0.01)  (0.01)  (0.01)  (0.01)  

Size t -1 -0.201 * -0.217 * -0.207*  -0.217 * 

 (0.08)  (0.09)  (0.08)  (0.09)  
Expense Ratio  t  -2.149  -2.178  -2.166  -2.170  

 (1.88)  (1.81)  (1.84)  (1.80)  

     

AIC 2059.789  2056.582  2059.597  2056.583  

 
Observations  599  599  599  599  

***p<0.01, ** p<0.05, * p<0.1  

This table displays the findings from the spatial lag model. The formal 

specification of this model can be seen as follows:  

ti,81t76
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ij0ti,
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In these specifications, flow is computed from the CMB daily reports. Models vary 
by the alternative performance and risk variables used. W is computed from DEAs 
based on the fund efficiencies. The fund i is accepted as a neighbor to its peer 

group. The di stance between two funds is the multiplicative inverse of fund iõs 

inefficiency value. Robust standard errors are given in parenthesis.  
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Table 11 b. Spatial Lag Model of Flow  

     

VARIABLES  (1) (2) (3) (4) 

 

    Constant  -172.718 * -155.521 * -184.587 ** -172.483 * 

 (67.70)  (66.22)  (70.05)  (69.61)  

Spatial Lag of Flow (Rho)  -0.008  -0.007  -0.008  -0.007  

 (0.21)  (0.21)  (0.21)  (0.21)  

Jensenõs Alpha Excess Rett -1 62.740   34.453   

 (44.07)   (28.96)   

4 Factor Excess Ret t -1  52.866   65.733  

  (36.96)   (53.05)  

Std. Dev  t -1 -1736.504  -1072.922    
 (1613.87)  (1497.70)    

Beta  t -1   9.035  11.962  

   (46.73)  (47.03)  

Best -Worst t -1 -7.293  -5.633  -6.872  -11.694  

 (16.30)  (13.37)  (17.75)  (19.39)  

Best -Worst x Jensenõs -13.841   -18.589   

 (27.84)   (34.17)   

Best -Worst x 4Factor   -125.737 *  -121.983 * 

  (51.81)   (50.29)  

Semiannual Dummy  -13.541  -10.756  -13.239  -11.703  

 (11.93)  (12.05)  (12.14)  (11.76)  

Age t -1 -1.422  -1.336  -1.360  -1.281  
 (1.40)  (1.39)  (1.37)  (1.37)  

Size t -1 14.374 ** 14.221 ** 14.490 ** 14.420 ** 

 (5.15)  (5.11)  (5.28)  (5.23)  

Expense Ratio  t  64.013  71.632  56.777  66.585  

 (54.60)  (58.18)  (56.20)  (58.75)  

     

AIC 7634.924  7634.042  7635.927  7634.475  

     

 

    Observations  599  599  599  599  

***p<0.01, ** p<0.05, * p<0.1  

This table reports  the findings from the spatial lag model which can 
formally be expressed as follows:  
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In these specifications, flow is the change in the number of investors in 

subsequent periods. Models vary by the alternative performance and risk v ariables 
used. W is computed from DEAs based on the fund efficiencies. The fund i is 

accepted as neighbor to its peer group. The distance between two funds is 
computed as the multiplicative inverse of fund iõs inefficiency value. Robust 

standard errors are  given in parenthesis.  
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The LM test shows that there is no spatial autocorrelation left 

after spatial modeling, although the initial analyses have indicated 

significant and positive spatial autocorrelation. AIC values as 

goodness of fit measure are smaller than those obtained but not 

reported from the OLS flow models, so they indicate an improved fit.  

Despite the results of initial Moranõs I test, models in Tables 4a 

and 4b do not show a significant rho . It means that flow to a fund is 

not affected from flow to its peer funds. This indicates that, contrary 

to the expectations, individuals make their investment decisions 

independently and do not take into account how other investors 

distribute their money  across funds. Therefore, the feedback 

mechanism expected from the spatial lag models cannot be detected 

in these models. These results do not indicate any herding behavior 

for Turkish individual investors towards specific fund managers as 

claimed in Del Guercio and Tkac (2002) . In other words, Turkish 

mutual fund investors are not affected from endogenous interacti ons 

as defined in Manski (1993) .  

Under these conditions, these spatial lag models rever t back to 

classical OLS models, and present results very similar to those 

reported in Tables 9a and 9b. The most important performance 

proxy that the investors take into account is the Jensenõs alpha and 

it is negatively related to the TL flow variable. In  only one model, 

Four -Factor excess return becomes significant and negative like 

Jensenõs alpha measure. Consistent with the OLS results, Size is 

negatively associated with the net flow as well in these models. 

However, it seems that Size improves the numb er of accounts 

opened, since it has a positive and significant coefficient in models 

reported in Table 11b. Performance measured by Four -Factor excess 

return has no impact on this second flow definition, but coefficient 

of the interactive variable indicate s that the incremental effect of this 

performance measure for best performing funds is negative.  
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Up to this point, the analyses show that flow and prior 

performance is related, but not as suggested in the literature. 

Furthermore, there is spatial autocorr elation in the model that 

cannot be explained by endogenous interactions. Then, the spatial 

autocorrelation may be explained by exogenous interactions. To test 

this hypothesis, a spatial lag of X model as shown in Eq (3) is 

constructed by adding a spatial lag of past performance variable to 

the models. These models have the ability to account for the spatial 

autocorrelation (Rey & Montouri, 1999) , but they can be estimated 

by the OLS method. The results are given in Tables 12a and 12b f or 

the two flow measures of this dissertation, respectively. Robust 

standard errors are estimated and given in the parentheses.  
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Table 12 a. Spatial Lag of X Model of Flow  

     

VARIABLES  (1) (2) (3) (4) 

     

Constant  3.626**  4.026***  3.693**  4.012***  

 (1.415)  (1.554)  (1.431)  (1.516)  

Spatial Lag of Perf. (Jensenõst -1) 0.106   -0.0304   

 (0.427)   (0.415)   

Jensenõs Alpha Excess Rett -1 -1.180**   -1.084**   

 (0.466)   (0.487)   

Spatial Lag of Perf. (4Factor t -1)  0.900   0.751  

  (0.656)   (0.655)  

4 Factor ExcessRet t -1  -1.499**   -1.406**  

  (0.707)   (0.670)  

Std. Dev  t -1 17.44  11.79    
 (11.80)  (11.34)    

Beta  t -1   0.399  0.276  

   (0.331)  (0.240)  

Flow 1 t -1 -0.0373*  -0.0381*  -0.0365*  -0.0378*  

 (0.0214)  (0.0219)  (0.0209)  (0.0216)  

Best -Worst t -1 0.180  -0.110  0.140  -0.112  

 (0.179)  (0.157)  (0.184)  (0.151)  

Best -Worst x Jensenõs 0.477*   0.416   

 (0.247)   (0.255)   

Best -Worst x 4Factor   -0.905   -0.796  

  (0.785)   (0.782)  

Semiannual Dummy  0.00621  -0.0208  0.0122  -0.0138  
 (0.130)  (0.120)  (0.130)  (0.121)  

Age t -1 -0.00272  -0.00490  -0.00327  -0.00501  

 (0.0105)  (0.0108)  (0.0104)  (0.0106)  

Size t -1 -0.216**  -0.244**  -0.221**  -0.246**  

 (0.0891)  (0.0959)  (0.0890)  (0.0963)  

Expense Ratio  t  -2.060  -1.956  -2.085  -2.000  

 (1.952)  (1.789)  (1.936)  (1.816)  

     

R-squared  0.066  0.070  0.065  0.070  

     

Observations  554  554  554  554  

     
t test  (Jensenõs + B-W x Jensenõs) -0.7027     

 (0.422)     

*** p<0.01, ** p<0.05, * p<0.1  

This table shows the results of spatial lag of X model for fund flow. One period 

lagged performance variables are scaled by the spatial weight matrix. Fund 

characteristics are age, size, expense ratio and risk. Dependent variable, Flow 1, is the 

flow compu ted from the daily reports of funds to CMB. W is constructed by the aid of 

DEAs based on fund efficiencies. The fund i is accepted as neighbor to its peer group. 

The distance between two funds is computed as the multiplicative inverse of fund iõs 
inefficie ncy value. Robust standard errors are given in parentheses. The formal model 

can be seen below:  
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Table 12 b. Spatial Lag of X Model of Flow  

     

VARIABLES  (1) (2) (3) (4) 

     

Constant  -141.0**  -138.9*  -165.6**  -153.7*  

 (66.83)  (82.34)  (71.45)  (85.91)  

Spatial Lag of Perf. (Jensenõst -1) -117.0***   -83.02*   

 (45.11)   (43.30)   

Jensenõs Alpha Excess Rett -1 44.51   6.596   

 (42.79)   (30.58)   

Spatial Lag of Perf. (4Factor t -1)  -8.631   3.855  

  (70.11)   (73.56)  

4 Factor ExcessRet t -1  68.71   60.23  

  (75.27)   (70.94)  

Std.  Dev  t -1 -2,322  -1,157    
 (1,746)  (1,305)    

Beta  t -1   18.49  -0.354  

   (55.15)  (29.87)  

Flow 2 t -1 -0.0491***  -0.0475***  -0.0501***  -0.0484***  

 (0.0173)  (0.0172)  (0.0176)  (0.0175)  

Best -Worst t -1 4.877  -12.75  5.115  -11.07  

 (16.43)  (15.48)  (19.22)  (14.97)  

Best -Worst x Jensenõs -12.04   -23.41   

 (28.20)   (30.41)   

Best -Worst x 4Factor   -87.47   -84.59  

  (69.59)   (72.82)  

Semiannual Dummy  -6.321  -2.827  -5.186  -3.488  
 (11.42)  (11.50)  (11.62)  (11.53)  

Age t -1 -1.090  -1.236  -0.976  -1.143  

 (1.561)  (1.656)  (1.525)  (1.618)  

Size t -1 15.23***  13.76**  15.15**  13.96**  

 (5.863)  (5.948)  (6.037)  (6.026)  

Expense Ratio  t  -3.174  -2.262  -3.200  -2.457  

 (2.032)  (1.971)  (2.058)  (1.913)  

     

R-squared  0.038  0.033  0.036  0.032  

     

Observations  554  554  554  554  

     
t test (4 Factor + B -W x 4 Factor)   -6.2813   -23.547  

  (59.588)   (55.070)  

*** p<0.01, ** p<0.05, * p<0.1  

The findings from the spatial lag of X model are presented in this table. The 

formal model can be seen below.  
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Fund characteristics are age, size, expense ratio and risk. Dependent variables in 

all models, Flow 2, are the change in the number of investors in two subsequent 

periods. One period lagged performance variables are scaled by the spatial weight 
matrix. W is constructed by the aid of DEAs based on fund efficiencies. The fund i 

is accepted as neighbor to its peer group. The distance between two funds is 
computed as the multiplicative inverse of fund iõs inefficiency value. Robust 
standard errors are given in parentheses.  



135 

 

All models in Tables 12a and 12 b have a higher R2 indicating 

a better fit. This increase in the goodness of fit is even more 

dramati c for models reported in Table 12 b where the dependent 

variable is the change in number of investors of a fund . 

However, findings presented in Table 12a shows that flow to a 

fund is not affected from the performance of funds in its peer group, 

because spatial lag for both performance variables has an 

insignificant coefficient estimate. Putting it differently, indi vidual 

investors are not under the influence of exogenous effects measured 

by performance of neighboring funds. The only performance that 

investors consider is the fundõs own prior performance, which has a 

negative impact on flows as shown in traditional f low models 

estimated with OLS. Taking into account the interaction terms and 

slope differences, one may again conclude that funds with good prior 

performance experience a lower outflow. This negative relation 

between fund flow and performance can be attrib uted to the length 

of investment horizon of Turkish investors as explained before.  

As in the OLS models, a separate t -test is conducted for the 

sum of the coefficients on Jensenõs alpha excess return and the 

interactive variable. Results indicate that sum  of these two 

coefficients is not significantly different from zero. That is, for best 

performing funds, performance does not negatively affect the new 

cash flow to the funds. Instead, it loses its overall impact. Yet, the 

constant terms indicate that best  performing funds still attract more 

cash inflow than worst performing ones, because they have positive 

and significant coefficients.  

 The insignificance of spatial lag of performance variab le 

reduces the models in Table 12 a to the classical OLS models. He nce, 

the findings in Table 12a are consisten t with those reported in Table 

9a. Besides the performance variables, Size and lagged flow are 

inversely related to current fund flow. In other words, small funds 
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attract more flow, which may be explained by the ownership of large 

funds by banks. The negative association between lagged and 

current flow may be due to short investment horizon of investors 

and their desire to realize their net profit immediately.  

The findings in Table 12b, on the other hand, paint  another 

picture. In this table, flow is defined as the change in the number of 

investors of a fund. It shows that spatial lag of Jensenõs alpha excess 

return has a negative and significant coefficient. It means that a 

performance increase in neighboring f unds induce a decrease in the 

number of investors of a fund. This finding is in line with the 

expectations of this dissertation and tournament hypothesis. 

Change in number of investors is also affected from Size and one 

period lagged flow. Size is positive ly related, indicating that larger 

funds have more investor accounts. This may be again related with 

the ownership structure of larger funds as explained before. Again, it 

should be noted that although the change in number of investors 

might be proxy of fl ow, it may not be the same as the actual TL flow.  

One period lagged flow has a negative influence on the fund 

flow as expected. This again can be attributed to the gain realization 

incentive of Turkish mutual fund investors.  

Consistent with the classical OLS models, investors take into 

account fundsõ own performance measured by Four-Factor excess 

return while opening new accounts. However, the incremental effect 

of this variable for best performing funds is not significantly different 

from zero.  

Based on t he arguments of Manski (1993) , one may conclude 

that Turkish mutual fund investors are n ot alike in terms of obeying 

the group norms, because no endogenous effect is detected. From 

this point of view, they act as independent decision makers. 

However, evidence of exogenous effects on the number of investors is 

documented. This means that the p erformance of neighboring 
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investment options is still important for these investors in making 

their allocation decisions to mutual funds.  

It is also possible that endogenous and exogenous effects are 

not separable (Elhorst, 2010; Manski, 1993) . In this case, Elhorst 

(2010)  underlines the importance of spatial Durbin modeling in 

order to account for the possible spatial interactions among the 

independent variables and the error terms. As a result, this 

dissertation models flow ð performance relation by using spatial 

Durbin specification as presented in Eq (4). In this specification, 

both the impact of neighboring fundõs flow and performance are 

taken into consideration. The  results are presented  in Tables 13a 

and 13b for the two flow measures of this dissertation, respectively.  
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Table 13 a. Spatial Durbin Model of Flow  

     

VARIABLES  (1) (2) (3) (4) 

     Constant  6.508 ** 6.875 ** 6.444**  6.636 * 

 
(2.33)  (2.54)  (2.37)  (2.60)  

Spatial Lag of Flow (Rho)  0.398  0.371  0.391  0.352  

 

(0.28)  (0.28)  (0.27)  (0.29)  

Spatial Lag of Perf. (Jensenõst -1) 1.016   1.008   

 

(1.05)   (1.06)   

Jensenõs Alpha Excess Rett -1 -1.584   -1.700*   

 
(0.83)   (0.83)   

Spatial Lag of Perf. (4Factor t -1)  1.539   1.287  

 

 (1.04)   (1.00)  

4 Factor Excess Ret t -1  -3.266 *  -3.055  

 

 (1.53)   (1.79)  

Std. Dev  t -1 -9.224  -20.766    

 

(25.39)  (26.80)    

Beta t -1   0.017  -0.010  

 

  (0.70)  (0.87)  

Best -Worst t -1 0.133  0.437  0.143  0.390  

 

(0.36)  (0.33)  (0.36)  (0.49)  

Best -Worst x Jensenõs 1.411 *  1.384*   
 (0.59)   (0.66)   

Best -Worst x 4Factor   0.223   0.262  

  (1.42)   (1.40)  

Semiannual Dummy  0.107  0.095  0.105  0.067  

 
(0.27)  (0.26)  (0.26)  (0.25)  

Age t -1 -0.028  -0.035  -0.028  -0.034  

 

(0.02)  (0.02)  (0.02)  (0.02)  

Size t -1 -0.370 * -0.390 * -0.369*  -0.385 * 

 

(0.15)  (0.16)  (0.14)  (0.15)  

Expense Ratio  t  -2.448  -2.527  -2.489  -2.650  

 
(3.60)  (3.43)  (3.57)  (3.41)  

     AIC 1024.671  1027.171  1024.738  1027.571  

Observations  599  599  599  599  

 *** p<0.01, ** p<0.05, * p<0.1  

This table illustrates the findings from the spatial Durbin model of flow 
where both flow and performance variables are scaled by the spatial weight 

matrix. The model is given below:  
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Fund characteristics are age, size, expense ratio a nd risk. Dependent variable is 

the cash flow obtained from the daily reports to the CMB. Models include either 

Jensenõs alpha excess returns or Four-Factor excess returns as performance 
variables. W is constructed by the aid of DEAs based on fund efficienc ies. The 

fund i is accepted as neighbor to its peer group. The distance between two funds is 
the multiplicative inverse of fund iõs in efficiency value. Robust standard errors are 

given in parentheses.  
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Tab le 13 b. Spatial Durbin Model of Flow  

     

VARIABLES  (1) (2) (3) (4) 

     Constant  -226.424  -226.856  -250.322  -272.828  

 
(148.55)  (144.49)  (151.49)  (148.04)  

Spatial Lag of Flow (Rho)  -0.008  -0.009  -0.009  -0.010  

 

(0.21)  (0.21)  (0.21)  (0.21)  

Spatial Lag of Perf. (Jensenõst -

1) 

-32.764   -77.681  

 

 

(106.50)   (113.51)  

 Jensenõs Alpha Excess Rett -1 210.305   206.034 * 
 

 

(117.48)   (101.52)  

 Spatial Lag of Perf. (4Factor t -1)  66.202   54.055  

 

 (178.55)   (178.20)  

4 Factor Excess Ret t -1  177.779   212.618  

 
 (119.47)   (147.60)  

Std. Dev  t -1 -6788.515 * -3138.389    

 

(3203.34)  (3145.86)    

Beta t -1   -193.176  -10.447  

 

  (104.87)  (102.89)  

Best -Worst t -1 -36.741  -10.347  -20.619  -17.777  

 
(41.55)  (32.89)  (43.09)  (47.56)  

Best -Worst x Jensenõs 16.554   65.391   

 (69.28)   (83.04)   

Best -Worst x 4Factor   -92.374   -87.962  

  (194.28)   (195.10)  

Semiannual Dummy  -25.419  -15.139  -28.081  -15.180  

 

(29.81)  (37.05)  (30.41)  (37.27)  

Age t -1 -3.130  -3.344  -3.271  -3.209  

 

(3.00)  (2.98)  (3.03)  (3.04)  

Size t -1 24.215 * 25.624 * 28.265 ** 27.214 * 

 

(10.00)  (10.36)  (10.93)  (10.65)  

Expense Ratio  t  73.302  83.549  95.403  79.186  

 

(104.34)  (108.69)  (108.54)  (109.14)  

     AIC 3079.939  3081.26  3080.684  3081.987  

Observations  599  599  599  599  

*** p<0.01, ** p<0.05, * p<0.1  

The spatial Durbin model of flow, where flow is defined as the change in 

the number of investors, is presented in this table. The formal model can be seen 

below:  

ti,81t76ti,5

1ti,41ti,31ti,21ti,1ti,

n

1j

ij2ti,

n

1j

ij10ti,

ȆePerformancxBest_WorstȕBest_Worstȕ_DummySemiannualȕExpenseȕ

RiskȕSizeȕAgeȕPerfȕPerfWȃFlowWȃȕFlow

+++++

++++++=

-

----

==

ää

  Fund characteristics are age, size, expense ratio and risk. Models include 

either Jensenõs alpha excess return or Four-Factor excess returns as performance 
variables. Both flow and performance variables are scaled by the spatial weight 
matrix ( W) which is generated by the aid of DEAs based on fund efficiencies. The 

fund i is accepted as neighbor to its peer group. The dis tance between two funds is 

the multiplicative inverse of fund iõs inefficiency value. Robust standard errors are 

given in parentheses.  
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To provide a comparison with other models, AIC values for all 

models are presented in Tables 6a and 6b. Although lower values of 

AIC, which indicate a better fit, are obtained for all spatial Durbin 

models, none of the coefficients for spatial lags in models reported in 

these tables are different from zero. That is, the spatial Durbin 

models employed in this dissertation r everts back to the classical 

OLS models. The coefficients and signs of other independent 

variables verify this inference, since they have almost the same size 

and sign with the OLS models displayed in Tables 9a and 9b, 

respectively. The only difference bet ween classical OLS models and 

those reported in Tables 13a and 13b is the significant coefficient on 

Four -Factor excess return in one of the models. Consistent with 

previous findings, this coefficient also indicates a negative impact of 

fund performance on  new cash flows to funds.  

To summarize, investors of Turkish mutual funds decide 

independently from exogenous and endogenous effects. They do not 

consider either the impact of neighboring fundsõ performance or how 

the other investors allocate their money. Accordingly, one may 

conclude that Turkish mutual fund investors are rational in terms of 

maximizing their own utility when allocating their capital across 

mutual funds. Therefore, not considering social effects, as pointed 

out by Akerlof (1997), is not a costly mistake for studies analyzing 

the behavior of Turkish mutual fund investors as rational agents.  

Since the spatial lags are not significant in fund flow modeling, 

OLS will continue to be the best specification. Only evidence for a 

significant spatial  lag comes from the spatial lag of X models when 

the fund flow is proxied by the change in the numbers of investor. 

Performances of neighboring funds affect the change in number of 

investors negatively but do not have any effect on the TL flow.  A 

fundõs flow and its past performance are inversely related. By 

including the interactive variable in the models, one can observe 
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that funds with better performance experience less cash outflow. 

Age is not a determinant of fund flow. Although smaller funds have 

hig her TL flows, large funds have more investors. Last but not least, 

individuals do not consider either the total or systematic risk of a 

fundõs portfolio when they are choosing among alternative funds.   

4.4.  Risk Models  

The determinants of mutual fund flow is i mportant for the 

stability of the fund market, because flow affects fund managersõ 

decisions as well as asset prices (Zheng, 2008) . Therefore, it is 

possible to conclude that the well -functioning of the mutual fund 

market does not only depend on the decisions of the fund managers, 

but also that of fund investors. Based on this reasoning, the first 

part of the analysis conducted in th is dissertation investigates which 

characteristics of mutual funds and their peers, investors take into 

account while allocating their money among funds.  

Literature indicates that individuals do not withdraw as much 

from the loser funds as they invest into  the winner funds. This 

convex relation is the main motivation for the fund managers to alter 

the risk of their portfolios. Contrary to the fund flow ð performance 

literature, the flow analyses of this dissertation show that Turkish 

mutual fund investors d o not chase performance when allocating 

their money across funds.  There is a continuous trend of 

withdrawals from the  mutual  funds during the analysis period of 

this dissertation. However, the interaction term indicates that funds 

with better performance e xperience lower withdrawals than those 

with worse performance. This may constitute an incentive for 

Turkish fund managers to increase the risk of their portfolios in 

order to be among funds with better performance. In addition, Koski 

and Pontiff (1999)  indicate that fund managers may not be willing to 

change the risk structure immediately when new cash flow comes to 
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fund due to market timing strategies. Hence, the next parts of this 

dissertation focus on fund managers and how they react to fund 

flows and change the risk ð return structure of a fund.  

Tables 14a and 14b illustrate the determinants of risk changes 

for the two different risk definitions used in this dissertation. Table 

14a represents the determinants of risk change decision of fund 

managers when the risk is defined as the semiannual standard 

deviation of daily returns. On the other hand, the dependent variable 

of Table 14b is the change in the betas from first half  of the year to 

the second. These betas are computed from the regressions using 

monthly data as explained in the methodology section. Similar to the 

flow models, the regression assumptions are checked first. To 

account for the heteroskedasticity, White sta ndard errors are 

computed and reported in the parentheses. Variance inflation factor 

shows no multi -collinearity. Furthermore, residuals of the models 

are normally distributed. Regressions reported in both Tables 14a 

and 14b are run by using data only from  the second half of the year. 

That is, I investigate whether a fund changes its risk in the second 

half of the year depending on its characteristics in the first half of 

the year.  
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Table 14 a. Risk Change Models  

Panel A  

     

VARIABLES  (1) (2) (3) (4) 

     

Constant  5.84e -05  0.000538  -0.000107  0.000438  

 (0.00168)  (0.00214)  (0.00168)  (0.00218)  

Std. Dev  t -1 -0.418***  -0.103  -0.423***  -0.130  

 (0.148)  (0.124)  (0.148)  (0.125)  

Jensenõs Alpha Excess Rett -1 0.0163***   0.0156***   

 (0.00306)   (0.00302)   

4 Factor Excess Ret t -1  0.0169***   0.0163***  

  (0.00456)   (0.00452)  

Best -Worst t -1 -0.00240***  -0.00254***  -0.00239***  -0.00247***  

 (0.000645)  (0.000752)  (0.000651)  (0.000733)  

Best -Worst x Jensenõs 0.00164   0.00168   
 (0.00122)   (0.00125)   

Best -Worst x 4Factor   0.00649*   0.00693**  

  (0.00351)   (0.00349)  

Flow 1 t -1 0.000141  -2.68e -05    

 (0.000160)  (0.000179)    

Flow 2 t -1   -5.74e -07  -6.47e -07  

   (1.25e -06)  (1.73e -06)  

Age t -1 -2.77e -05  -3.70e -05  -2.94e -05  -4.26e -05  

 (6.35e -05)  (6.80e -05)  (6.33e -05)  (6.79e -05)  

Size t -1 -5.01e -05  0.000140  -1.72e -05  0.000161  

 (0.000122)  (0.000122)  (0.000121)  (0.000119)  

Expense Ratio  t  -0.00500**  -0.00439*  -0.00511**  -0.00422*  
 (0.00229)  (0.00250)  (0.00222)  (0.00245)  

     

R-squared  0.291  0.155  0.287  0.165  

     

Observations  309  309  305  305  

***p<0.01, ** p<0.05, * p<0.1  
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Table 14 a. Risk Change Models  

Panel B  

 

VARIABLES  (1) (2) (3) (4) 

     

Constant  -0.00207  -0.00254  -0.00224  -0.00265  

 (0.00190)  (0.00181)  (0.00189)  (0.00180)  

Beta  t -1 -0.00482***  0.00343***  -0.00477***  0.00293**  

 (0.00185)  (0.00130)  (0.00182)  (0.00128)  
Jensenõs Alpha Excess Rett -1 0.0147***   0.0142***   

 (0.00219)   (0.00221)   

4 Factor Excess Ret t -1  0.0163***   0.0157***  

  (0.00429)   (0.00425)  

Best -Worst t -1 -0.00212***  -0.00216***  -0.00210***  -0.00212***  
 (0.000697)  (0.000694)  (0.000702)  (0.000677)  

Best -Worst x Jensenõs 0.00151   0.00140   

 (0.00162)   (0.00168)   

Best -Worst x 4Factor   0.00848***   0.00890***  

  (0.00290)   (0.00287)  

Flow 1 t -1 2.05e -05  -4.26e -05    
 (0.000184)  (0.000196)    

Flow 2 t -1   -1.21e -06  -7.45e -07  

   (1.58e -06)  (1.75e -06)  

Age t -1 4.24e -06  -2.26e -05  1.42e -06  -2.64e -05  

 (5.96e -05)  (6.14e -05)  (5.97e -05)  (6.17e -05)  
Size t -1 6.51e -06  0.000135  3.33e -05  0.000157  

 (0.000132)  (0.000128)  (0.000130)  (0.000124)  

Expense Ratio  t  -0.00567**  -0.00638**  -0.00566**  -0.00615**  

 (0.00274)  (0.00266)  (0.00266)  (0.00258)  

     

R-squared  0.215  0.166  0.205  0.166  
     

Observations  309  309  305  305  

***p<0.01, ** p<0.05, * p<0.1  

This table illustrates the findings from the  risk models that associate the 

risk change decisions of fund managers to the fund characteristics, such as flow, 

performance, age, size, risk, and expense ratio. The formal model is as follows:  

ti,81t71ti,61ti,5

ti,41ti,31ti,21ti,10ti,

uePerformancxBest_WorstȀBest_WorstȀFlowȀPerfȀ

ExpenseȀSizeȀAgeȀRiskȀȀǤRISK

+++++

++++=

---

---

 Here, the dependent variable is the change in the semiannual standard 

deviation of daily returns. Models presented in Panel A and Panel B of this table 

only differ by the lagged risk proxies, namely standard deviation or beta, used as a 
control variable. Lagged performance proxies are either  Jensenõs alpha excess 

returns or Four -Factor excess returns. Robust standard errors are reported in 

parenthesis.  
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The models in the Table 14a explain the semiannual change in 

the standard deviation of daily returns from the first to the second 

part of th e year. Findings from this table show that fundsõ 

performance in the first semiannual, measured by both the Jensenõs 

alpha excess returns and Four -Factor excess returns, is positively 

and significantly related to the risk alteration behavior of managers. 

In other words, good past performance in the first interim causes an 

increase in the fund risk in the second half of the year. This is in 

fact contrary to the existing risk change ð performance association 

in the literature. For instance, Koski and Pontiff (1999)  find a 

negative coefficient on past performance when the dependent 

variable is the change in portfolio risk as measure by either 

standard deviation or beta indicating  a tendency to increase risk for 

loser funds. Therefore, the evidence from the Turkish mutual fund 

industry does not support the tournament behavior  for f und 

managers . 

Nevertheless, there is a significant difference between the best 

performing and worst performing fundsõ risk altering behavior since 

the dummy variable, namely Best -Worst , is always significant in a ll 

of the models in Table  14a. This variable has a negativ e coefficient 

which indicates a lower constant term for best performing funds. 

Putting it differently, when there is no other impact, best performing 

funds have a tendency to decrease the total risk of their portfolios.  

The worst performing ones, however, do not have a statistically 

significant intercept, meaning that these funds do not change their 

risk level from the first to the second half of the year, all else being 

equal. The interaction terms for both performance definitions are 

mostly significant an d positive. Here, one should pay special 

attention to the direction of the coefficients. In none  of the models 

reported in Panels A and B  of Table 14a,  the coefficients of 

performance and interactive  variables  (Best -Worst x Performance)  
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have contradictory sign. They always have positive coefficients, when 

they are significant. This situation creates an incremental increase 

in the slope of the performance variable for the best funds. In other 

words, the relation between past performance an d risk change 

decision is stronger for best funds, since the coefficient of 

performance  variable is higher for these funds. When a fund exhibits 

good performance in the first half of the year, managers of best 

performers are willing to increase the change in portfolio risk more 

than the managers of worst performers. These findings are 

inconsistent with the predictions of the tournament hypothesis.  

Following the methodology of Brown et al. (1996), ¥zt¿rkkal 

and Erdem (2012)  report  tournament like behavior for Turkish 

mutual funds. . However, they do not benefit from a regression 

analysis, an d only compare the standard deviation ratios as noted in 

Brown et al. (1996). Moreover, they look at only the equity portion of 

all type -A fundsõ portfolios. This approach has been criticized before 

in this dissertation based on the potential biases create d by their 

sampling method. This dissertation, on the other hand, finds no 

evidence of tournament behavior for the Turkish mutual fund 

market so far. In fact, results of this dissertation are consistent with 

the contrary arguments put forth by Busse (2001) . 

Busse (2001) cannot show any evidence of tournament 

behavior by using daily data. Actually, he demonstrat es that above 

median funds may take higher total risk than below median ones. 

Taylor (2003)  rationalizes this behavior as such: winners and losers 

decide to gamble with respect to each otherõs positions. Therefore, 

the manager of a winner fund decides to gamble with a certain 

probabili ty when she expects a gambling behavior from the manager 

of a loser fund as well. This might explain  higher risk taking by 

Turkish mutual fund managers with increasing performance. Kempf 

and Ruenzi (2008)  also state that in declining markets, unlike 
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managers of winner funds, loser fund managers are not willing to 

increase the risk level due to career concerns. Considering the 

constant outflow from the Turkish Type -A mutual fund market in 

the analyzed period, it is natural to observe such unwillingness for 

loser funds.  

The interaction between loser and winner funds, and their 

relative positions, are taken into account from a different angle in Li 

and Tiwari (2006) . They note that regression analyses with monthly 

data indicate a tournament like behavior for the US aggressive 

growth, long term growth and growth and income mutual funds for 

the years between 1962 and 2004. Worst fun ds increase their 

idiosyncratic risk, whereas the coefficient of the past performance 

variable is negative in the risk equation for the best funds. They 

explain this behavior  by the performance gap between the leader 

fund and its followers. The risk taking  behavior is observed only 

when the follower funds are not too far away from the leader so that 

they have an expectation of catching up with the leader and being 

ranked among the best funds. The contradictory findings from the 

Turkish mutual fund market ma y also be the result of this 

performance gap mentioned in the study of Li and Tiwari (2006) .  

The inferences made by Li and Tiwari (2006)  and the 

implications of Taylor (2003)  model, once more, highlight the need 

for spatial analysis which considers the distance between funds in 

the mutual fund industry. In fact, the òperformance gapó concept, 

discussed in Li and Tiwari (2006) , is taken into account in the 

spatial weight construction of this dissertation. The spatial analyses 

are con ducted in the next section. However, first, the risk alteration 

behavior of best and worst funds that is depicted in the Table 14a 

should be examined thoroughly. This behavior is also illustrated in 

Figure 5 . 
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Figure 5. Added variable plots for Jensenõs alpha excess returns are shown 

in figure 4. The first graph demonstrates the change in risk based on the one 
period lagged performance conditional on the control variables when the Best -
Worst  dummy is 0. The second one ill ustrates the same relation when the Best -
Worst  dummy is 1.  

Table 14a also shows that as the expense ratio, that is the cost 

of operating a fund, increases, the tendency to enhance the fundõs 

total risk change decreases.  

 Koski and Pontiff (1999)  expect a mean reversion in risk 

changing behavior of mutual funds and include a lagged risk 

variable in their models. To capture this behavior, our risk models 

contain either one peri od lagged semiannual standard deviation 

(Panel A) or beta (Panel B). Panels A and B of Table 14a show often 

significant and negative coefficients for lagged standard deviation 

and beta. Fund managers seem to decrease the change in the total 

risk of their p ortfolios in the next period when the total risk or the 

systematic risk of their portfolios has already been high in the first 

half of the year. In other words, a mean reversion process in risk 

changes is seen for Turkish mutual funds.  

From the results rep orted in Table 14a, it is clear that fund 

managersõ decision for the alteration of total risk is not affected from 
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either Age or Size of the fund. In fact, both Chevalier and Ellison 

(1997) and Hu ang et al. (2011)  point out that younger funds are 

more open to risk alterations in comparison to older ones. This 

dissertation cannot provide such evidence, however. Last but not 

least, managers do not consider the flow, defined in either ways, in 

the first half of the year when deciding to change their portfolioõs 

total risk.  

Up to this point, the effects of past performance and other 

control variables on the managersõ total risk change decision are 

discussed. Table 14b, presented below, however, shows the 

determinants of managersõ systematic risk, i.e. beta, change 

decisions.  
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Table 14 b. Risk Change Models  

Panel A  

     

VARIABLES  (1) (2) (3) (4) 

     

Constant  -0.0740***  -0.0730***  -0.0760***  -0.0753***  

 (0.0230)  (0.0240)  (0.0229)  (0.0240)  

Std. Dev t -1 7.510***  5.066***  7.512***  5.195***  

 (0.980)  (0.812)  (0.982)  (0.824)  

Jensenõs Alpha Excess Rett -1 -0.0940***   -0.0918***   

 (0.0171)   (0.0172)   

4 Factor Excess Ret t -1  -0.0172   -0.0165  

  (0.0534)   (0.0536)  

Best -Worst t -1 0.0209***  0.0191***  0.0206***  0.0185***  

 (0.00499)  (0.00616)  (0.00500)  (0.00611)  

Best -Worst x Jensenõs -0.00711   -0.00746   
 (0.00976)   (0.00981)   

Best -Worst x 4Factor   -0.00266   -0.00238  

  (0.0514)   (0.0515)  

Flow 1 t -1 9.22e -05  0.000970    

 (0.00259)  (0.00217)    

Flow 2 t -1   -2.93e -06  -2.72e -06  

   (2.30e -05)  (2.54e -05)  

Age t -1 0.000440  0.000392  0.000546  0.000532  

 (0.000507)  (0.000534)  (0.000501)  (0.000523)  

Size t -1 0.00238*  0.00165  0.00238*  0.00167  

 (0.00130)  (0.00134)  (0.00129)  (0.00133)  

Expense Ratio t -0.00929  -0.0166  -0.00484  -0.0130  
 (0.0187)  (0.0199)  (0.0184)  (0.0195)  

     

R-squared  0.270  0.193  0.269  0.196  

     

Observations  309  309  305  305  

     

t test (Constant + B -W) -0.0565**  -0.0580 **  -0.0597***  -0.0616***  

 (.0221)  (0.023)  (0.022)  (0.023)  

***p<0.01, ** p<0.05, * p<0.1  
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Table 14 b. Risk Change Models  

Panel B  

     

VARIABLES  (1) (2) (3) (4) 

     

Constant  -0.00566  -0.00302  -0.00859  -0.00584  

 (0.0235)  (0.0236)  (0.0231)  (0.0234)  

Beta t -1 -0.00557  -0.0150  -0.00520  -0.0136  

 (0.0251)  (0.0150)  (0.0251)  (0.0152)  

Jensenõs Alpha Excess Rett -1 -0.00250   -0.00166   

 (0.0294)   (0.0299)   

4 Factor Excess Ret t -1  0.0249   0.0236  

  (0.0602)   (0.0606)  

Best -Worst t -1 0.0103*  0.00871  0.00878  0.00746  

 (0.00565)  (0.00659)  (0.00555)  (0.00651)  

Best -Worst x Jensenõs -0.0199*   -0.0182*   
 (0.0105)   (0.0106)   

Best -Worst x 4Factor   -0.114***   -0.110***  

  (0.0385)   (0.0385)  

Flow 1 t -1 0.00206  0.00217    

 (0.00270)  (0.00264)    

Flow 2 t -1   4.73e -06  3.36e -06  

   (2.89e -05)  (2.89e -05)  

Age t -1 -0.000162  -8.25e -05  -3.44e -05  5.54e -05  

 (0.000514)  (0.000525)  (0.000510)  (0.000518)  

Size t -1 0.00122  0.00134  0.00132  0.00142  

 (0.00147)  (0.00147)  (0.00143)  (0.00144)  

Expense Ratio t 0.0194  0.0223  0.0212  0.0240  
 (0.0240)  (0.0233)  (0.0234)  (0.0225)  

     

R-squared  0.028  0.046  0.021  0.039  

     

Observations  309  309  305  305  

***p<0.01, ** p<0.05, * p<0.1  

The determinants of the risk change decision of managers are modeled in 

this table as follows:  

ti,81t71ti,6

1ti,5ti,41ti,31ti,21ti,10ti,

uePerformancxBest_WorstȀBest_WorstȀFlowȀ

PerfȀExpenseȀSizeȀAgeȀRiskȀȀǤRISK

++++

+++++=

--

----

 Fund characteristics, namely flow, performance, age, size, risk, and 

expense ratio, are explanatory variables, whereas the dependent variable is the 

semiannual change in a fundõs betas. The difference between Panel A and Panel B 

is th e lagged risk proxies used among the explanatory variables. One period lagged 
risk is defined as standard deviation of daily returns in Panel A and as beta in 

Panel B. Lagged performance proxies are either Jensenõs alpha excess returns or 

Four -Factor exces s returns.   
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Similar to the flow models  shown in Tables 9a and 9b, fund 

managers only take into account one period lagged Jensenõs alpha 

excess return as the performance proxy while altering the systematic 

risk of their portfolio s. Four -Factor excess returns do not have a 

significant coefficient in any of the models reported in Panels A and 

B of Table 14b . Contrary to the evidence presented in Table 14a for 

total risk change decisions, past performance and change in 

systematic risk are negatively relat ed indicating that as the 

performance of a fund enhances, managers are decreasing the 

systematic risk of their portfolios. In line with Koski and Pontiff 

(1999) , this findin g can be considered as supporting evidence for 

tournament hypothesis. In all of the models reported in Panels A 

and B of Table 14b, the constant term for the best and the worst 

performing funds are different. All funds exhibit a negative change in 

their be tas from the first half to the second half of the year. However, 

best funds consistently have less negative intercept terms, meaning 

that all things being equal, best funds begin with a smaller decline 

in their systematic risk. Here, special attention is p aid to the 

significance of constant terms for the best funds, because the 

coefficient of Best -Worst  dummy variable in all models is consistently 

positive, while constant terms of these models are negative.  

Separate t tests on the sum of the coefficients f or the Best -Worst 

dummy variable and the constant term in the models reported in 

Panel A of Table 14bare conducted. For all models, these t statistics 

are significant and the overall constant terms are negative. As a 

result, the earlier conclusion, indicat ing a smaller decline in the best 

fundsõ systematic risk, has not been changed. 

Interactive variables in Table 14b, indicating the gradual 

impact of performance for above median funds, usually have 

significant and negative coefficients. In other words, bet a change 

decisions of best performing funds are inversely affected from their 
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past performance over and above the effect coming from them being 

better than a median fund. This is in line with predictions of the 

tournament behavior. However, performance var iables mostly do not 

have a significant effect on the systematic risk change decisions of 

mutual fund managers. In only two out of the eight models of 

systematic risk change, performance variables have negative and 

statistically significant coefficients su pporting the tournament 

behavior. Only the results reported in Table 14b, but not the ones in 

Table 14a, provide a weak support for tournament behavior. 

Therefore, overall evidence supporting the tournament behavior is 

not very strong for the Turkish marke t.  

To investigate the effect of fund characteristics on the risk 

change decisions, one may look at Age, Size and Expense Ratio . 

Table 14b mostly displays a positive effect of Size positively on the 

systematic risk change decisions of managers. In other wor ds, older 

funds decrease the systematic risk of their portfolios by a smaller 

amount. Ferreira et al. (2012b)  indicate that older and larger funds 

usually draw less flow from investors. Although Age is not a 

determinant of Turkish investor flows, Size has shown to be 

negatively related to fund flows as well in this market. Hence, the 

reluctance of larger funds to decrease the systematic portfolio risk 

may be explained by the desire of these funds to attract more 

investor flow. Age and Expense Ratio are not significant in any of 

these models.  

It is also interesting to note that one period lagged standard 

deviation has a positive coefficient, while one period lagged beta does 

not have a significant coefficient in model presented in Table 14b. 

Putting it d ifferently, fund managers only consider the total risk in 

the first semiannual, while deciding on how much to change the 

systematic risk of their portfolios in the second half of the year. The 
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first period change in beta, on the other hand, has no impact o n this 

decision.  

Last but not least, Table 14b shows that managers of funds 

that have a higher expense ratio are not likely to alter the portfolioõs 

systematic risk. This is different than results reported in Table 14a. 

However, in line with the previous risk models, individual flows are 

not influential on the systematic risk change decision of fund 

managers.  

4.5.  Spatial Risk Models  

Literature suggests that fund managers have to compete with 

each other to attract more cash flow and this competition cause in a  

convex relation between performance and flow (Brown et al., 1996; 

Chevalier & Ellison, 1997; Sirri & Tufano , 1998) . Kempf and Ruenzi 

(2008) indicate that such  a competition even exists inside mutual 

fund families. All of these papers argue that relative position of a 

fund among other mutual funds inside or outside a family influences 

fund managersõ decisions. 

The previous section of this dissertation examines the risk 

change decision in the Turkish mutual fund industry. Results 

indicate that fund performance and risk in the first half of the year 

are the two most important factors affecting the risk alteratio n 

decision of managers in the second half the year. Based on the 

discussion above, this section takes into account the impact of 

performance of neighboring funds on the m anagersõ risk change 

decisions. The impact of neighboring funds is included in the 

ana lysis by the aid of a spatial lag of X model as shown in Eq (6). As 

it is the case in all of the spatial models above, this analysis also 

employs a spatial weight matrix generated by data envelopment 

analyses.  The same W matrix is used for all the spatial risk and 

spatial flow models.  Findings are reported in Tables 15a and 15b, 
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respectively for the two risk measures analyzed in this dissertation. 

Table 15a investigates the determinants of the change in the 

semiannual standard deviation of daily returns, wh ile Table 15b 

examines the change in the betas. The regressions are run by using 

the data from the second half of the year in order to see how funds 

change their risk structure at the end of the year. Robust standard 

errors are estimated. No multi -collinea rity problem is detected. 

Residuals of these regressions are normally distributed.   
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Table 15 a. Spatial Lag of X Model of Risk Change  

Panel A  

     

VARIABLES  (1) (2) (3) (4) 

     
Constant  -0.000591  0.00444*  -0.000641  0.00485**  

 (0.00186)  (0.00234)  (0.00183)  (0.00242)  

Std. Dev  t -1 -0.407***  -0.131  -0.414***  -0.163  

 (0.150)  (0.113)  (0.150)  (0.113)  

Jensenõs Alpha Excess Rett -1 0.0156***   0.0150***   

 (0.00312)   (0.00309)   

Spatial Lag (Jensenõst -1) 0.00376*   0.00326   

 (0.00223)   (0.00218)   

4 Factor ExcessRet t -1  0.00710**   0.00646**  

  (0.00301)   (0.00297)  

Spatial Lag (4Factor t -1)  0.0201***   0.0200***  

  (0.00359)   (0.00356)  
Best -Worst t -1 -0.00222***  -0.00151***  -0.00224***  -0.00140**  

 (0.000670)  (0.000576)  (0.000672)  (0.000558)  

Best -Worst x Jensenõs 0.00150   0.00157   

 (0.00120)   (0.00123)   

Best -Worst x 4Factor   -0.00173   -0.00103  

  (0.00449)   (0.00444)  

Flow 1 t -1 0.000117  -0.000134    

 (0.000172)  (0.000198)    

Flow 2 t -1   -5.39e -07  4.50e -07  

   (1.30e -06)  (1.52e -06)  

Age t -1 -2.65e -05  -8.43e -05  -2.81e -05  -9.31e -05  

 (6.34e -05)  (6.59e -05)  (6.33e -05)  (6.64e -05)  
Size t -1 -6.20e -05  -7.81e -05  -3.03e -05  -9.09e -05  

 (0.000127)  (0.000113)  (0.000127)  (0.000110)  

Expense Ratio  t  -0.00463**  -0.00270  -0.00476**  -0.00266  

 (0.00229)  (0.00239)  (0.00222)  (0.00219)  

     

R-squared  0.296  0.300  0.290  0.313  

     

Observations  304  304  300  300  

     

t test (Constant + B -W)  0.003   0.0034  

  (0.0021)   (0.0022)  

     

***p<0.01, ** p<0.05, * p<0.1  

 

  


























































































































































































































































