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Abstract:  

Herding investment behaviour is a concept heavily discussed in the last two decades. If it is found present on a 

financial market, it affects the asset pricing modelling. This research, as to authors’ knowledge, is the first attempt to 

combine theoretical overview with empirical tests for presence of herding effects in Croatia. Study observes effects 

of extreme market movements, bull and bear markets, volatility changes, etc. on herding behaviour on Croatian stock 

market. 26 models in total are estimated, by using maximum likelihood method of estimation. The sample consists of 

daily data (January 2
nd

 2012 - October 31
st
 2017) on return series of five sector indices and the stock market index 

CROBEX, trading volume and realized volatility. Results indicate that increase of market return leads to increase of 

market dispersion. However, changes of extreme values of market returns do not lead to herding behaviour, 

especially when the market is bearish. 
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1. Introduction 

Rational economic theory assumes certain behaviour of investors on financial markets. Efficient market 

hypothesis (Fama 1965, 1970, 1995) is most famous concept of rational theory; which assumes that all 

investors are rational maximizers of their utility; they all have full relevant information on financial 

markets. Thus, prices on markets reflect all information at every moment instantaneously. It also claims 

that existence of non-rational investors can be explained as random trading in which they cancel each 

other out. Opposite standpoint of view is characteristic of behavioural economists (Tversky, Thaler, De 

Bondt, Thaler, Summers, etc., see Tversky, Kahneman 1986, Shefrin, Statman 2000, Shiller 2003). They 

claim that human emotion, their cognitive abilities, social and other factors influence investors’ decisions 

on financial markets. Two main concepts play an important role in this line of thought: psychology and 

limits to arbitrage. Investors are not always rational in their behaviour and thus, different anomalies occur 

on financial markets, especially regarding financial crisis. There is more and more discussion on the links 

between financial crisis and investor herding behaviour in the last couple of years (see Chari, Kehoe 

2004). 

In the last two decades there has been a rise in debate on herding behaviour of investors on financial 

markets. Generally speaking, such behaviour can be defined as following and mimicking actions of others 

on the financial market, while ignoring own beliefs and expectations. Banerjee (1992) defines herding 

behaviour as doing what everyone else is doing, even when one’s private information suggests doing 

something else. Hirshleifer and Hong Teoh (2003) define it as convergence in behaviour of investors; 

Bikhchandani and Sharma (2001) as obvious intentions of investors to copy behaviour of others; Christie 

and Huang (1995) as suppressing own beliefs and basing own investment decisions upon collective 

actions on the market. One popular definition is given in Hwang and Salmon (2007): imitating observed 

decisions of other investors or movements on the financial market rather than following own beliefs and 

information. This means that investor notices changes in some trends on the market, when other “players” 

start to make changes in their portfolios or trading strategies. Next, he starts to follow those trends and 

changes his behaviour, although he might have different (private) information on future changes on the 

market and different beliefs. As more and more investors mimic other similar behaviour, their actions tend 

to move in herds. 
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There are two main groups of explanations of herding behaviour: rational theories (rational herd 

behaviour) and non-rational ones (Devenow, Welch 1996). Details are given in Bikhchandani and Sharma 

(2001), where they give a detailed discussion on theories which try to explain this behaviour. Here we 

give a summary of key results. Rational theories include information, reputation and compensation based 

herding behaviour, whilst non-rational ones rely upon momentum strategies. Information-based herding 

relies upon informational cascades and imperfect information. Namely, all investors have some private 

information, and based upon actions of first ones to make them, others follow despite their own 

information (Devenow, Welch 1996, Bikhchandani, Hirshleifer, Welch, 1998). However, information 

shocks can disrupt those cascades. Reputation based herding is a consequence of managers mimicking 

others on financial markets, where managers do not know if trading signals they obtain are true or noise 

signals. When one group of managers start same actions (without the knowledge what is the best), others 

start to follow due to not wanting to be “called out” for not taking the opportunity, due to saving their 

reputations (Scharfstein, Stein 1990). Compensation based herding (Bikhchandani, Sharma 2001) occurs 

when managers’ compensations are based upon their performance compared to others. Non-rational 

explanations can be found in Devenow and Welch (1996), where they explain that herding behaviour is a 

result of individual’s preference for conformity to follow others. Christie and Huang (1995) and Tan et al. 

(2008) explain that consequences of herding are reflected in asset pricing models, when asset prices are 

driven away from their equilibrium values. Moreover, it could enable realising profitable trading 

strategies, as well as much greater transaction costs due to following the herd. More details on rational and 

non-rational based explanations are given in Cote and Sanders (1997), Rook (2006) or Hirshleifer and 

Hong Teoh (2003). 

Croatian financial market has started to be explored more extensively over the last 15 years. Majority 

of the empirical research has started with simple models and methods. In the last few years more focus has 

shifted towards more developed models which suit behaviour on the market more realistically. Moreover, 

more specific questions are started to be answered. However, research on herding and investors’ 

behaviour generally has not yet been explored. Thus, the purpose of this paper is to bring closer this field 

of research to academics and practitioners in Croatia. Structure of the paper is as follows. First section 

already dealt with defining herding behaviour and reasons behind it. Second section gives a brief overview 

of previous empirical research relevant for this study. Next, third section describes methodology used in 

the fourth, empirical part of the paper, where interpretations are given. Final, fifth section concludes the 

paper. 

 

2. Previous research 

This section gives an overview of previous relevant research. It includes important papers which 

stimulated the still ongoing and rising bulk of empirical research; as well as papers which focus on similar 

markets as the Croatian market (CEE countries, emerging markets, etc.). In that way, we can observe main 

conclusions and compare results, as well as gain new knowledge. 

Christie and Huang (1995) is one of the most cited empirical studies of this type. They use daily and 

monthly returns on stocks on NYSE and Amex for a long period (July 1962 – December 1988), and using 

several model specifications they did not find evidence of herding. Other relevant papers include 

Lakonishok et al. (1992), who also using US daily data (1985-1989) did not find investment funds herding 

behaviour; Chang, Cheng, Khorana (2000) who did not find herding behaviour on US and Hong Kong 

market, weak evidence on Japanese and strong evidence of herding on South Korean and Taiwanese 

market (different time periods using daily data, ranging from 1963 until 1995). Strong evidence was also 

found in study of Hwang and Salmon (2001), who in monthly data (January 1990 – October 2000) found 

investor herding on US, UK and South Korean market. However, the evidence is stronger for the South 

Korean market (example of an emerging market). Italian market was examined in Caparrelli, 

D’Arcangelis, Cassuto (2004) who use daily data (1988 – 2001) and found herding effects in extreme 

market conditions. Daily, weekly and monthly data on the Greek market was considered in Caporale, 

Fotini, Nikolaos (2008), who also found herding behaviour, with strongest evidence in daily data. This 

implies that herding behaviour has short-term characteristic. Another example of exploring emerging 
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markets is given in De Almeida, Costa, Da Costa (2012). Authors extensively investigate several model 

specifications for Brazilian, Argentinean, Chilean and Mexican market (daily data, 2000-2010) and 

compared them to the US market. Herding was found in Chilean market in different market conditions, 

and some asymmetric herding effects in other markets. 18 countries have been explored in Chiang and 

Zheng (2010), for the period 1989-2009. Authors include fairly different markets in the analysis (from 

French, German and UK market, to Asian markets). Herding was found in more developed markets. They 

also include herding measure on US market as explanatory variable for other markets, due to assumption 

that changes on the US market transmit to other markets. 

Some of the most recent research includes the following. Ouarda, El Bouri, Bernard (2013) explored 

174 shares constituting EuroStoxx600 in the period January 1998 – December 2010, by examining 

quadratic form of a model, bull and bear market influences, as well as volatility and trading volume co-

movements with herding behaviour. In the majority of the returns they found herding behaviour, with 

asymmetric effects in bull and bear market. Garg and Gulati (2013) focus on Indian stock market (daily, 

weekly and monthly data for period 2000-2013) and did not find herding behaviour. They explain this by 

entrance of foreign investors and regulatory reforms. Romanian market was explored in Trenca, Pece. 

Mihut (2015), who found herding in institutional investors’ behaviour, but not in individual ones in period 

2003 – 2013 (daily data). They checked for robustness of results by analysing sub periods as well. 

Few conclusions can be drawn based upon the examined literature. First of all, initial papers which 

emerged have focused on developed markets, and in the last five years the majority of literature is 

focusing on developing markets. A lot of papers deal with Asian stock markets, due to Asian financial 

crisis in early 2000s. Next, when herding behaviour is found, it is usually during extreme events on the 

market. Crisis also contributes to investor herding. Since there does not exist insight into the Croatian 

market, next sections deal with investor behaviour on Zagreb Stock Exchange. 

 

3. Methodology 

In order to empirically evaluate herding behaviour on the Croatian market, two measures of cross-section 

dispersion have been calculated (Christie, Huang 1995, Chang, Cheng, Khorana, 2000): 
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where CSSDt stands for cross sectional standard deviation in time t, CSADt for cross sectional average 

deviation, rj,t return on index j in time t and rM,t market return in time t, j∈{1,2,...,n}. Thus, the approach in 

this study is based upon explanations that investors observe others behaviour and decisions and change 

their own actions to mimic others on the market. In that way, they move similar and reduce market 

dispersion around the market return. Previous research uses many different variables to measure rj,t and 

rM,t. In their original work, Christie and Huang (1995) use returns on n firms and market return was the 

average return of those n firms. Measure (2) is used in this study as a robustness check of measure (1), as 

in Christie and Huang (1995). 

Several model specifications will be observed, as depicted in Table 1. dispt denotes measures in (1) and 

(2), Lt and Ut binary variables, which are equal to 1 when market returns are in lower and upper tail of the 

distribution respectively (measured by Chebyshev’s inequality at α=10%), 
,

up
M tr  denotes market return 

when the market is bullish , 
,

down
M tr  denotes market return when the market is bearish, Vt is a binary variable 

equal to 1 when volatility in time t is greater than average volatility in the last 15 periods and TRt denotes 

binary variable equal to 1 when stock market turnover (trading volume) in time t is greater than average 

turnover in the last 15 periods. Error term is denoted with εt. 

Measures (1) and (2) are dispersions of equity returns, used as measures of herd behaviour: if herd 

behaviour is present on the market, this dispersion is low; and the opposite is true if it is not present on the 

market. Thus, individuals follow others and their actions; while ignoring owns beliefs and the dispersion 
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around market return is low. There have been proposed several model specifications in order to test for 

herding behaviour. They are shown in Table 1, along with restrictions on the parameters which have to be 

tested. 

Table 1 Models considered in the analysis (authors) 
Model Restriction No 

0 1 ,t M t tdisp r      
1 0   (M1) 

2
0 1 , 2 ,t M t M t tdisp r r        1 20, 0    (M2) 

0t L t U t tdisp L U        , 0L U    (M3) 

0 1, , 2, ,
up up

t up M t up M t tdisp r r        1, 2,0, 0up up    (M4) 

0 1, , 2, ,
down down

t down M t down M t tdisp r r        1, 2,0, 0down down    (M5) 

2 2
0 1 , 2 , 3_ , 4_ ,t M t M t vol M t t vol M t t tdisp r r r V r V            3_ 4_0, 0vol vol    (M6) 

2 2
0 1 , 2 , 3_ , 4_ ,t M t M t trade M t t trade M t t tdisp r r r TR r TR            3_ 4_0, 0trade trade    (M7) 

 

The rationale is as follows: herding behaviour should be more prominent when market movements get 

higher. The basic model M1 has the restriction β1>0, which implies absence of herding behaviour. 

However, if the relationship is nonlinear, model M2 is observed, where negative value of β2 means that 

large market movements (squared term of market return) lead to herding behaviour. Other models include 

M3: where it is assumed that when extreme values of market return occur herding should come in place 

(negative values of parameters). In this model the main difference between rational asset pricing theories 

and herding behaviour can be seen. Rational asset pricing models predict that coefficients in model M3 

should be all positive, thus leading to higher dispersion of returns. This is because stocks have different 

sensitivities to the market return. M4 and M5 are similar to the previous model. However, here bull (up) 

and bear (down) markets include more observations compared to extreme values of market return 

distribution. Since previous studies explain higher volatility and trading volume periods as periods of 

herding behaviour, models M6 and M7 are included as well. Additionally, all models will be observed with 

absolute value of market return as independent variable, which will be calculated before the estimation 

procedure. In that way, all of the models with exception of M3 can be re-estimated. All models will be 

estimated by using maximum likelihood method of estimation, with the assumption of Student distribution 

for the error term. This is because all of the models resulted with non-normal distributions of error terms. 

Moreover, all of the estimated variance-covariance matrices have been calculated based upon Newey, 

West (1987) corrections, as used in previous literature, due to presence of autocorrelation and (or) 

heteroskedasticity. This is usual procedure in previous literature as well. Finally, statistical significance of 

each parameter in Table 1 will be observed in order to test for herding behaviour. 

 

4. Empirical analysis 

The sample consists of daily data on return series of five sector indices (construction, nutrition, transport, 

tourism and industry) in Croatia and the stock market index CROBEX, as well as trading volume and 

realized volatility, for the period from January 2
nd

 2012 to October 31
st
 2017 (Zagreb Stock Exchange, 

2017). Longest possible time span has been chosen based upon availability of sector data. Returns have 

been calculated as continuous returns. All of the models in Table 1 have been estimated for variables 

given in (1) and (2), with stock market return, and as well with absolute value of stock market return. In 

that way, 26 models in total are observed. All of the calculations have been performed in Time Series 

Modelling v.4 software. Before the estimation procedure, Dickey-Fuller unit root tests have been carried 

out for all relevant variables. All variables have been found to be stationary on usual levels of significance 

(detailed results are available upon request). Estimation results are shown in Tables 2 and 3. Table 2 

includes market return as independent variable, while Table 3 uses its absolute value. First part of each 
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table includes estimated parameters and their p-values in parenthesis and the second part consists of model 

diagnostics. Significant parameters are bolded and in grey cells. 

Firstly, by observing linear model M1 for each specification in both tables, it is suggested that increase 

of market returns leads to increase of market dispersion. However, it is not significant when we use only 

market return, but becomes significant for absolute values of market returns. This means that equal 

behaviour of investors cannot be expected on all levels of market returns. In that way, extreme values have 

a greater impact on market dispersion. This leads us to other non-linear relationships. By including 

squared market returns in model M2, more weight is added to extreme values of market return movement. 

In all 4 equations value of β2 is positive, which is contrary to the assumption of that model. Thus, herding 

behaviour is not present on the Croatian market when extreme market conditions occur. Some investors 

make substantial gains, while others losses. 

 

Table 2 Results from estimated models, market return independent variable (source: authors) 

 
Note: p-values are given in parenthesis; t-dist DoF denotes estimated degrees of freedom for Student distribution, 

Log Lik stands for maximum value of likelihood function, SIC, HQC and AIC are Schwartz, Hannan-Quinn and 

Akaike information criteria respectively. N denotes number of used observations. 

 

Moreover, the values of parameters β2 in all equations are much greater than parameters β1, which adds 

a greater weight to effects of market return changes on market dispersion. However, in model M2 we 

cannot observe if there exist any asymmetries when the market is rising or falling. That is why models M3, 

M4 and M5 are introduced. By focusing only on extreme values of market returns, model M3 has been 

estimated. Lower and upper tail of market return distribution is considered in this model. As it can be 

seen, all of the parameters are positive, which leads to higher dispersion. All of the parameters βL are 

greater than βU, which means that market dispersion is bigger when markets undergo extreme negative 

returns. It seems that investors “lose their minds” when adverse market conditions occur. Moreover, these 

results are in line with Christie and Huang (1995), and are in favour of rational asset pricing models. 

Although, Wald test reports that there does not exist statistically significant difference between parameters 

βL and βU on usual levels of significance in each model (results are again, available upon request). Models 

1 2 3 4 5 6 7 1 2 3 4 5 6 7

β 0

0,0089 

(0,000)

0,0085 

(0,000)

0,0088 

(0,000)

0,0078 

(0,000)

0,0084 

(0,000)

0,0083 

(0,000)

0,0085 

(0,000)

0,0109 

(0,000)

0,0105 

(0,000)

0,0108 

(0,000)

0,0098 

(0,000)

0,0105 

(0,000)

0,0103 

(0,000)

0,0105 

(0,000)

β 1

0,0181 

(0,417)

0,0164 

(0,440)
- - -

0,0168 

(0,688)

-0,0038 

(0,894)

0,0251 

(0,387)

0,0254 

(0,339)
- - -

0,0328 

(0,583)

-0,0051 

(0,889)

β L - -
0,0088 

(0,055)
- - - - - -

0,0097 

(0,022)
- - - -

β U - -
0,0030 

(0,234)
- - - - - -

0,0048 

(0,078)
- - - -

β 1_up - - -
0,3369 

(0,000)
- - - - - -

0,3302 

(0,047)
- - -

β 2_up - - -
-8,2015 

(0,189)
- - - - - -

-6,6875 

(0,581)
- - -

β 1_down - - - -
0,0153 

(0,837)
- - - - - -

0,0511 

(0,599)
- -

β 2_down - - - -
13,5906 

(0,000)
- - - - - -

16,529 

(0,000)
- -

β 2 -
12,8752 

(0,000)
- - -

46,7157 

(0,000)

13,8006 

(0,008)
-

14,2571 

(0,000)
- - -

52,0398 

(0,000)

15,0113 

(0,000)

β 1_vol - - - - -
-0,0013 

(0,978)
- - - - - -

-0,0111 

(0,864)
-

β 2_vol - - - - -
-34,1634 

(0,000)
- - - - - -

-38,0778 

(0,009)
-

β 1_trade - - - - - -
0,0376 

(0,347)
- - - - - -

0,0549 

(0,277)

β 2_trade - - - - - -
-1,0065 

(0,855)
- - - - - -

-0,7744 

(0,882)

t -dist DoF
4,13 

(0,000)

4,24 

(0,000)

4,27 

(0,000)

3,91 

(0,000)

4,64 

(0,000)

4,30 

(0,000)

4,25 

(0,000)

3,34 

(0,000)

3,37 

(0,000)

3,34 

(0,000)

3,27 

(0,000)

3,47 

(0,000)

3,44 

(0,000)

3,42 

(0,000)

Log Lik 5887,9 5854,76 5897,4 2949,1 2947,94 5868,03 5855,32 5401,70 5483,25 5468,33 2733,61 2725,76 5433,95 5424,98

SIC -8,0758 -8,1116 -8,0866 -8,131 -8,1277 -8,12559 -8,10797 -7,4083 -7,5963 -7,4976 -7,5356 -7,5139 -7,52354 -7,5111

HQC -8,0692 -8,1028 -8,0779 -8,1152 -8,1119 -8,11245 -8,09482 -7,4018 -7,5875 -7,4889 -7,5198 -7,4981 -7,5104 -7,498

AIC -8,0781 -8,1148 -8,0898 -8,1357 -8,1324 -8,13042 -8,11279 -7,4107 -7,5995 -7,5008 -7,5404 -7,5187 -7,52836 -7,5159

N 1457 1442 1457 724 724 1442 1442 1457 1442 1457 724 724 1442 1442

CSAD CSSDParameter/

Model:
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M4 and M5 separate effects of market movements on bull and bear market conditions. Parameter β1,up is 

positive in all cases and much greater than β1,down. Thus, when the market is bullish, on smaller values of 

market returns, dispersion gets greater due to market shocks, when compared to bearish market. However, 

in the case of bull market, parameters β2,up are negative, which contributes to lowering the market 

dispersion (although, they are not statistically significant). In the bear market, all of the parameters β2,down 

are positive, which contributes to higher dispersion. This means that some herding effects are present in 

bull market, but not at all in bear market. The results are in line with model M3. If we observe Table 3, 

negative parameters β1,up contribute to lower market dispersion and increasing herding behaviour. But they 

are not statistically significant, so excluding the sign of market return is not significant in this model 

specification. 

 

Table 3 Results from estimated models, absolute value of market return used (source: authors) 

 
 

 
Figure 1 Different relationship between market dispersion and market return (source: authors) 

 

1 2 4 5 6 7 1 2 4 5 6 7

β 0

0,008 

(0,000)

0,008 

(0,000)

0,0078 

(0,000)

0,0085 

(0,000)

0,0084 

(0,000)

0,0083 

(0,000)

0,0099 

(0,000)

0,0103 

(0,000)

0,0098 

(0,000)

0,0105 

(0,000)

0,0103 

(0,000)

0,0104 

(0,000)

β 1

0,218 

(0,000)

0,00998 

(0,221)
- -

-0,0168 

(0,433)

0,0633 

(0,529)

0,2386 

(0,000)

0,0699 

(0,424)
- -

-0,1047 

(0,799)

0,0133 

(0,893)

β 1_up - -
0,3369 

(0,000)
- - - - -

0,3302 

(0,047)
- - -

β 2_up - -
-8,202 

(0,189)
- - - - -

-6,6875 

(0,581)
- - -

β 1_down - - -
-0,0059 

(0,937)
- - - - -

-0,0389 

(0,680)
- -

β 2_down - - -
13,5906 

(0,000)
- - - - -

16,036 

(0,000)
- -

β 2 -
7,762 

(0,199)
- -

54,375 

(0,000)

10,345 

(0,297)
-

10,7824 

(0,061)
- -

63,3714 

(0,340)

15,056 

(0,051)

β 1_vol - - - -
0,1243 

(0,205)
- - - - -

0,0966 

(0,786)
-

β 2_vol - - - -
-44,307 

(0,000)
- - - - -

-49,693 

(0,451)
-

β 1_trade - - - - -
0,0558 

(0,605)
- - - - -

0,0831 

(0,464)

β 2_trade - - - - -
-3,359 

(0,770)
- - - - -

-5,6904 

(0,581)

t -dist DoF
4,36 

(0,000)

4,29 

(0,000)

3,91 

(0,000)

4,72 

(0,000)

4,33 

(0,000)

4,35 

(0,000)

3,34 

(0,000)

3,40 

(0,000)

3,27 

(0,000)

3,55 

(0,000)

3,47 

(0,000)

3,46 

(0,000)

Log Lik 5916,23 5918,62 2949,13 2975,45 5868,77 5856,02 5401,70 5483,25 2733,61 2753,39 5433,63 5424,59

SIC -8,1146 -8,20014 -8,13097 -8,20368 -8,12662 -8,10894 -7,4083 -7,5963 -7,53561 -7,59025 -7,5231 -7,51056

HQC -8,10808 -8,19138 -8,11517 -8,18788 -8,11348 -8,09579 -7,4018 -7,58754 -7,51981 -7,57445 -7,50995 -7,49741

AIC -8,11699 -8,20336 -8,13572 -8,20843 -8,13144 -8,11376 -7,4107 -7,59951 -7,54036 -7,595 -7,52792 -7,51538

N 1457 1442 724 724 1442 1442 1457 1442 724 724 1442 1442

Parameter/

Model:

CSAD CSSD

0

0,005

0,01

0,015

0,02

0,025

0,03

0,035

-0,04 -0,03 -0,02 -0,01 0 0,01 0,02 0,03 0,04

crobex_00

crobex_01

crobex_10

crobex_11

crobex_00

crobex_01

crobex_10

crobex_11

CSAD

CROBEX return
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At last, we observe volatility and trading volume effects on herding behaviour in models M6 and M7. It 

was found that higher volatility has a negative effect on dispersion, meaning that investors exhibit herding 

behaviour when volatility is higher on the market. Similar conclusions can be drawn for trading volume as 

well. When trading volume is on the lower side, dispersion raises more, with respect to market returns. 

Comparing results from both tables for the final model M7, it can be seen that the relationship gets weaker 

for absolute values of market return. Robustness check was made in each table by comparing conclusions 

from every model when using (1) and (2) measures as dependent variables. As it can be seen both from 

tables and previous discussion, conclusions do not differ. 

Finally, a graphical representation of a basic non-linear relationship between market dispersion 

(formula (1), on y axis) and market return (x axis) is shown on Figure 1. Blue dots and parabola denote the 

relationship when market volatility and trading volume are low (denoted as crobex_00); gray when market 

volatility is low and trading volume is high (crobex_01); red when volatility is high and trading volume is 

low (crobex_10) and black denote situations when both are high (crobex_11). In that way, we can control 

for market volatility and trading volume in all possible cases. The quadratic relationship (model M2) is 

present in all cases, with all positive parameters (no herding effects); but the main difference is in the 

effects of changes of market returns on market dispersion. Those effects are stronger when both volatility 

and trading volume are low (crobex_00) and low volume (crobex_10) cases. Higher trading volume and 

volatility contribute to higher dispersion of the observed relationship. This means that although there is no 

evidence in favour of investor herding, the market dispersion reacts less to market return when volatility 

and trading volume is higher. Thus, there is a bit greater consensus on the market in that case. This is in 

line with conclusions of models M4 and M5. 

 

5. Conclusions and future research 

Understanding investor behaviour on financial markets is gaining more importance over the last two 

decades. Rational and behavioural theories try to give their explanations on investor herding, a 

phenomenon which is getting more focus over the last couple of years. Since consequences of existence of 

such behaviour effects market models outcomes, it is important to observe and evaluate investment 

herding afore. 

Summarized results in this study are as follows. There has been established a relationship between 

herding behaviour and selected relevant variables, mostly the stock market return. Greater market return 

leads to greater market dispersion (model M1). However, this relationship is not linear, due to different 

reactions of investors to positive and negative market shocks and information, changes in volatility, as 

well as in trading volume (other models). Evidence is found on herding behaviour on the Croatian market 

when the market is bullish; although, the evidence is weak. Much stronger effects are found of higher 

market dispersion on the overall market and especially when the market is bullish. However, asymmetries 

in investor behaviour exist and should be considered in future research, as well as when evaluating asset 

pricing models on Croatian data. 

Main contributions of this paper include giving a concise overview of the theory behind (none)rational 

investor behaviour on financial markets; both from theoretical and empirical point of view. Moreover, best 

to our knowledge, this is the first study of this type in Croatia, thus we hope to stimulate more interest in 

this field of research. As it can be seen, many questions are left unanswered (did we find spurious herding 

effects due to chosen functional forms in the paper, what is going on the individual stock levels on the 

market, etc.). Pitfalls of the study were as follows. We observed only sector indices, as opposed to specific 

investor portfolios or individual stocks. This is due to getting an overall overview of the situation on the 

market, and lack of liquid stocks on the market to examine longer time spans. Moreover, only 5 indices 

have been examined as Zagreb Stock Exchange constructs only 5 of them (again due to lack of stocks). A 

relatively short time span was observed as well, as sector indices have been introduced only in year 2013. 

Moreover, we used daily data to observe herd behaviour. This implicates that, if exists, herding behaviour 

is short lived. However, this may not be the case. Thus, our future work will include: longer time spans to 

re-evaluate results from this study; observe individual stocks besides indices (try to collect and construct 

longer time series); other forms of potential asymmetries in the observed relationship, etc. Moreover, by 
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focusing on individual assets on the market, the last financial crisis can be included in order to observe 

investor behaviour in extreme conditions. In that way, a more detailed and concise insights can be given 

about (none)existence of herding behaviour on Croatian financial market. 
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