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ABSTRACT 

Empirical findings on herding behavior among institutional investors suggest that those 
market participants speed up the price adjustment to new information and as such stabilize 
stock prices. Other findings indicate the opposite, that institutional herds drive stock prices 
away from fundamental values, and thus destabilize stock prices. This study examines the 
effect that Swedish institutional investors have on the stock prices on the Stockholm Stock 
Exchange. More precisely, we analyze the relationship of institutional herding with future 
excess stock returns. Major findings from this paper suggest that persistent herding among 
Swedish institutional investors leads to future long-term return reversals, which to some 
extent indicates a destabilizing influence at long horizons. 
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1. Introduction 
Herding behavior can negatively influence the stability and efficiency of stock markets 

(Lakonishok, Shleifer, & Vishny, 1992; Gleason, Mathur, & Peterson, 2004; Chiang & Zheng, 

2010). Banerjee (1992, p.798) defines herding as: “[...] everyone doing what everyone else is 

doing, even when their private information suggests doing something quite differently”. 

Research shows that institutional investors such as pension fund managers (Lakonishok et al., 

1992) and mutual fund managers (Grinblatt, Titman, & Wermers, 1995) exhibit herd behavior. 

However, there is conflicting evidence on the supposed impact of institutional herding in 

driving stock prices from fundamental values. If institutional herds stabilize stock prices, we 

should observe a positive correlation with short- and long-term future returns (Hirshleifer, 

Subrahmanyam & Titman 1994; Wermers, 1999). However, if herds destabilize stock prices, 

we should observe a positive short-term correlation with returns followed by a negative long-

term correlation (Scharfstein & Stein, 1990; Wermers, 1999). On one hand, Lakonishok et al. 

(1992) and Sias (2004) find that institutional herding does not move stock prices from their 

intrinsic values. In the same vein, Wermers’ (1999) results suggest that stocks bought by 

mutual fund herds have higher contemporaneous and future returns than stocks sold by herds. 

In contrast, Dasgupta, Prat, and Verardo (2011a) find that persistent institutional herding is 

negatively correlated with long-term returns. Complementary to Wermers (1999) and 

Dasgupta et al. (2011a), Zheng, Li, and Zhu (2015) demonstrate that both short-term and 

long-term excess stock returns are positively correlated with the herding measure and that 

persistent herding is positively correlated with excess returns at short horizons but associated 

with a long-term reversal in stock returns. Research has thus far covered the U.S. (Wermers, 

1999; Dasgupta et al., 2011a), German (Walter & Weber, 2006) and Chinese markets (Zheng 

et al., 2015). To our knowledge, no prior studies exist on the effect of institutional herding on 

future excess stock returns on the Swedish market and therefore we examine this in the 

Swedish context.	

Institutional investors are an established unit of analysis when measuring herd 

behavior (Lakonishok et al., 1992; Nofsinger & Sias, 1999; Wermers, 1999; Sias, 2004). This 

is largely due to their size, and as such being influential in setting market prices (Grinblatt et 

al., 1995). Compared to individual investors, institutions have greater access to information 

(Lakonishok et al., 1992), and are more prone to use such information in mimicking (herding) 

other investors (Shiller & Pound, 1989; Banerjee, 1992; Bikhchandani, Hirshleifer, & Welch, 
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1992; Sias, 2004). In Q2 2015 Swedish institutional investors accounted for 46.4 percent1 of 

the Swedish equity market2 (SCB, 2016). This proportion has increased over the years, from 

35.9 percent in 1985 (SCB, 2016), and depicts a growing popularity in money managing 

services. Likewise, funds as a percentage of Swedish household savings have increased from 

around one percent in 1980 to roughly 30 percent in 2015 (Fondbolagen, 2016). The 

prominent position of institutional investors on the stock market and the growing demand for 

their services highlights the importance of understanding their trading patterns, and the 

potential impact of these patterns on stock prices. 

Prior studies examine the short-term as well as the long-term3 effect of institutional 

herding on stock returns. Wermers (1999) finds that institutional herding is positively 

correlated with contemporaneous and future excess stock returns. This permanent return 

effect implies that institutional investors do not destabilize stock prices, but rather speed up 

the price adjustment to new information. However, Dasgupta et al. (2011a) show that 

persistent institutional trading is associated with a long-term reversal of stock returns. That is, 

stocks that are persistently sold by institutions over three to five quarters outperform stocks 

that are persistently bought by them, after a period of about two years. This long-term return 

reversal suggests that institutional herds cause long-term stock price anomalies. The empirical 

observations by Wermers (1999) and Dasgupta et al. (2011a) are corroborated by Zheng et al. 

(2015), who document that herding is positively correlated with short- and long-term excess 

future returns, while persistent herding is positively correlated with short-term returns but 

associated with a long-term return reversal. Zheng et al. (2015) thus demonstrates that 

persistent herding causes temporary stock price deviations and that the anomalies tend to 

move back (even if not all the way) towards fundamentals in the long run. There are arguably 

two different strands in the literature: one that posits that institutional herds speed up the stock 

price adjustment to new information and thus act as stabilizers, while the other posits that 

institutional herds destabilize prices temporarily but that these adjust back in the long run. 

The aim with this paper is to investigate whether herding by Swedish institutional 

investors stabilizes or destabilizes stock prices on the Stockholm Stock Exchange. Similar to 

Wermers (1999), Dasgupta et al. (2011a), and Zheng et al. (2015) we test how herding and 
																																																													
1 Institutional investors from SCB include investment companies, insurance companies, investment funds and 
social security funds. 
2 Over-the-counter series in quoted stocks are included. Companies covered are originally Swedish companies on 
Stockholms Fondbörs A-lista, after that following amendments have been made: 1989 all companies on 
Stockholms Fondbörs, 1998; companies on SBI-listan (current lists of NGM), Aktietorget and Nya marknaden 
(current First North), 1999; Göteborgs OTC-lista. 
3 Short/Long-term is defined differently among herding-researchers. We define, in our study, short-term as next 
one quarter, intermediate as next four quarters, and long-term as next eight quarters.	
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herding persistency affect short- and long-term future returns. We believe our study 

contributes to a better understanding of: (1) the effect of institutional herding on stock prices, 

(2) the effect that institutional herding has on stock prices on the Swedish market. Our paper 

sheds new light on the role of institutional investors in influencing stock prices and 

contributes to the behavioral finance, market efficiency and empirical asset pricing literature. 

Moreover, our findings are useful to practitioners that trade on the Swedish stock market. 

 

The remainder of this paper is structured as following: Section 2 is used for presenting earlier 

research and deduce our hypotheses. In Section 3 we describe our data, and in Section 4 we 

explain our research design for testing our hypotheses. Section 5 contains results from testing 

our data. In Section 6 we assess the robustness of our results, and finally Section 7 concludes 

our results and suggests implications for future research. 

2. Background 
2.1 Why do institutional investors herd? 

Institutional investors are sometimes referred to as being as rational (or irrational) as any 

other investor on the market and that they herd in and out of stocks without fundamental 

justification. Others argue that institutional investors are more sophisticated and better 

informed than other investors and thus more rational. The former view of institutional 

investors suggests that they drive stock prices away from fundamental values, whereas the 

latter would imply that they rationally counter the deviation of prices from fundamentals and 

so stabilize them. However rational or irrational they may be, there are several explanations as 

to why institutional investors might herd in or out of stocks. 	

Theory distinguishes between two types of herding: intentional and unintentional 

(Hirshleifer & Teoh, 2003). Intentional (or ‘true’) herding results from an intent by investors 

to mimic the behavior of their peers. If information is scarce, investors may attempt to acquire 

information from prior trades of other more informed and sophisticated investors 

(Bikhchandani et al., 1992). Consequently, an informational cascade might form with 

institutional investors intentionally trading together. An informational cascade is a situation in 

which it is more beneficial for an agent to follow the action of their peer, rather than choosing 

their own course of action (Bikhchandani et al., 1992). Scharfstein and Stein (1990) provide a 

related but alternative explanation that money managers have an incentive to disregard their 

own private information and follow the herd out of reputational reasons. Institutional 

investors are often evaluated against each other, which creates agency problems between fund 
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managers and fund sponsors. Thus to avoid falling behind their peer group by following a 

unique investment strategy, money managers have an incentive to hold the same stocks as 

their competitors.     	

Unintentional (or ‘spurious’) herding is more fundamentals-driven and occurs when 

investors share the same information and respond identically to similar decision problems. 

According to Froot, Scharfstein, and Stein (1992) and Hirshleifer et al. (1994), money 

managers may unintentionally align their trading decisions as result of receiving and 

evaluating correlated private signals. Moreover, institutional investors may constitute a 

relatively homogenous group that share a common aversion to stocks with particular 

characteristics, such as low liquidity (Falkenstein, 1996). Consequently, they may 

unintentionally be drawn towards stocks with certain characteristics. Money managers may 

for instance dress up their portfolios by buying past winners and dumping past losers out of 

reputational and evaluational concerns (Lakonishok, Shleifer, Thaler, & Vishny, 1991). This 

window-dressing explanation for herding bears witness of agency problems between 

managers and sponsors, which cause money managers to unintentionally align their trading 

decisions with their competitors. Lastly, institutional investors may herd as a result of 

extrapolative expectations about price changes, or trend chasing (DeLong, Shleifer, Summers, 

& Waldmann, 1990). These are known as positive feedback (momentum investment) 

strategies in which investors buy stocks when prices rise (past winners) and sell when prices 

fall (past losers).      	

Empirical studies employing a purely statistical approach to measure herding are 

unable to differentiate between intentional and unintentional herding and cannot directly test 

any of the theoretical models. It is however possible to reconcile empirical findings with 

theory by investigating smaller and more homogenous groups of stocks or market participants 

sharing particular traits (Walter & Weber, 2006). Lakonishok et al. (1992) are among the first 

to empirically test herding behavior and the measure introduced in their study has become a 

standard in the field. Examining 769 US all-equity (predominantly pension) funds over the 

period 1985 to 1989, they find little evidence of money managers engaging in herd behavior. 

Evidence for herding on small stocks is slightly more significant, but even in this case and 

overall there is no destabilizing or stabilizing impact on stock prices. A plausible explanation 

for why herding on small stocks is more extensive is that there is less public information 

about these stocks, and therefore, an informational cascade might form where money 

managers are more likely to pay attention to each other’s behavior and make decisions based 

on the trades of others in these stocks. Furthermore, Grinblatt et al. (1995) provide empirical 
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evidence that a majority of the 155 US based mutual funds that employ positive-feedback 

trading strategies also herd. This finding lends some support to the theory that informed 

investors have a tendency to herd unintentionally as a result of extrapolative expectations.	

Two theoretical notions render themselves better for direct empirical testing than 

intentional and unintentional herding. First, theory suggests that herding levels differ between 

markets depending on how developed they are and empirical results support this hypothesis. 

Less developed capital markets are supposed to have higher levels of herding due to lower 

information efficiency (Walter & Weber, 2006). Money managers in these countries are 

therefore more likely to pay attention to each other’s trades, thus forming informational 

cascades, leading to herding. Lobao and Serra (2007) and Voronkova and Bohl (2005) find 

that mutual fund managers in Portugal and Poland respectively herd more extensively 

compared to their peers in the U.S. (Lakonishok et al., 1992; Wermers, 1999) and U.K. 

(Wylie, 2005). Germany places itself between the U.S./U.K. and Portugal/Poland but much 

closer to the former (Walter & Weber, 2006). Research confirms that herding levels do indeed 

differ between developed and less developed capital markets. No studies have been made on 

the Swedish market though, which warrants further inquiry into Swedish institutional herding. 

Second, herding levels differ depending on whether the market is under stress or not. Chiang 

and Zheng’s (2010) study on 18 stock markets finds that market level herding is likelier to 

occur during crises, again probably due to information inefficiencies. Similarly, Zheng et al. 

(2015) find that Chinese institutional investors herd significantly more during times of stress, 

resulting in a larger positive impact on stock returns. Our focal point remains investigating 

whether herding by Swedish institutional investors stabilize or destabilize stock prices. As we 

progress through this study, we will also uncover whether Swedish institutional investors herd 

more extensively when markets are under stress and its subsequent impact on stock prices to 

ensure that our main results are robust.	

In the most comprehensive empirical study to date, Wermers (1999) analyzes a sample 

of virtually all US based mutual funds from 1975 to 94 and shows a higher level of herding 

compared to Lakonishok et al. (1992). Looking at subgroups of funds, Wermers (1999) finds 

higher levels of herding among growth-oriented funds than among income funds. This is 

consistent with growth funds having less information about the future earnings of their 

holdings (mainly growth stocks) than income funds (holding value stocks), which gives 

growth funds an incentive to herd. Looking at subgroups of stocks, Wermers (1999) finds a 

higher level of herding in small stocks, especially on the sell-side, which would give support 

to the notion that sparse information is conducive to herding. It also shows that funds share an 
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aversion to stocks that have dropped significantly in price (cf. Falkenstein, 1996). More 

importantly for our study, Wermers (1999) demonstrates that stocks bought by institutional 

herds earn significantly higher abnormal returns during subsequent quarters than stocks sold 

by institutional herds, mainly due to the underperformance of stocks sold by herds. In other 

words, institutional herding is positively correlated with short- and long-term excess stock 

returns, which implies that institutional investors adjust prices to reflect new information and 

thus act as stabilizers. 

 

2.2 Institutional herds’ impact on stock prices 

Friedman (1953 in DeLong et al., 1990) posits that rational investors ought to stabilize stock 

prices. Speculators who destabilize stock prices do so through positive-feedback trading 

strategies. Rational speculators4 however trade against less rational investors who move prices 

away from fundamentals and thereby rationally counter the deviation of prices and move 

them closer, even if not all the way, to fundamentals. Rational investors thus buck noise-

driven price movements and stabilize stock prices. This standard notion is accepted by 

research on noise trading and market efficiency (cf. DeLong, Shleifer, Summers, & 

Waldmann, 1987). It is however challenged by respondents to Friedman who propose that in 

the presence of rule of thumb investors (e.g. positive-feedback traders), it could benefit large 

rational speculators to destabilize stock prices by inflating prices temporarily, only to divest 

their holdings afterwards (cf. DeLong et al., 1990). Our study does not separate between 

institutional investors based on size, nor do we include individual positive-feedback traders. 

But the concept is related to our study, and knowing that destabilization could potentially gain 

institutional investors is theoretically relevant. 	

DeLong et al. (1990) suggest that it is rational for rational investors to jump on the 

bandwagon and herd on the basis of anticipating noise trading that inflate prices, thus 

enabling the divestment of stocks at future higher prices. On the basis of this action by 

rational speculators, positive-feedback traders join the herd, creating higher expectations and 

thereby drive prices even further away from fundamentals. In this instance, DeLong et al. 

(1990) propose that both rational and irrational investors destabilize prices, although on the 

basis of separate motives. As in rational speculators intend to divest their holdings at a future 

higher price to make a profit whereas rule of thumb investors expect the price trend to 

continue and thus intend to keep their holdings. DeLong et al.’s (1990) model is able to 

																																																													
4 DeLong et al. (1990) do not explicitly reference institutional investors, but rather rational investors/speculators. 
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account for the commonly observed regularity of positive correlation of returns at short 

horizons and the associated negative correlation (i.e. reversal) of long-term returns (cf. 

DeBondt & Thaler, 1985).       	

Other researchers adhere to the idea that institutional herding stabilizes stock prices 

(Wermers, 1999; Sias, 2004). Theory suggests that if funds buy stocks in a stabilizing manner, 

we should observe a price increase without a subsequent price decrease (Hirshleifer et al., 

1994; Wermers, 1999). Several studies demonstrate empirical evidence of a positive 

correlation of short- and long-term excess stock returns and the herd direction, suggesting that 

institutional herds indeed push stock prices closer to equilibrium values (Grinblatt et al., 

1995; Nofsinger & Sias, 1999; Wermers, 1999; Chen, Hong, & Stein, 2002; Cohen, Gompers, 

& Vuolteenaho, 2002; Sias, 2004). For instance, Wermers’ (1999) results suggest that 

institutional herds speed up stock price adjustments to reflect new information since this 

positive relationship is permanent across short and long horizons. Wermers’ (1999) results are 

mainly explained by the underperformance of stocks sold by herds. As such, he demonstrates 

positive-feedback trading has a stabilizing influence on stock prices. Sias (2004) presents 

similar findings in that institutional demand is positively correlated to following year’s return 

(suggesting information is enclosed in asset prices). Therefore, these findings indicate that 

information-based herding, a type of unintentional herding based on institutional investors 

receiving correlated private signals, stabilizes stock prices. 	

Wermers (1999) findings are dissimilar to DeLong et al.’s (1990), in that mutual funds 

positively influence stock prices in the short- and long-term to reflect new information, rather 

than temporarily accentuate short-term stock price movements only to these divest these at a 

high future higher price. Wermers (1999) and Sias (2004) use Lakonishok et al.’s (1992) 

herding measure (LSV hereafter), as do Zheng et al. (2015) in their study on the Chinese 

market. Zheng et al. (2015) demonstrate that herding as measured by LSV is positively 

correlated with future excess stock returns across short and long horizons, consistent with the 

idea that institutional herds stabilize stock prices. Since empirical studies on herding 

employing LSV’s herding measure report this permanent relationship, we hypothesize that 

this measure captures unintentional herding. Using the LSV herding measure, our study 

should observe that institutional herding is consistent with that of institutional investors 

speeding up price adjustments to include new information.	

	

H1a: Institutional herding is positively correlated with future excess stock 

returns in the short-term	
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H1b: Institutional herding is positively correlated with future excess stock 

returns in the long-term	

	

Dasgupta et al. (2011a) hypothesize that persistent decisions by agents over time leads 

to other agents imitating their choice, and persistency therefore induces herding. They base 

their hypothesis on the notion that herding-models are fundamentally dynamic following 

Bikhchandani et al. (1992) and Scharfstein and Stein (1990). Dasgupta et al. (2011a) do not 

explicitly theorize as such, but we argue that their notion is based on the theory of 

informational cascades. We can extend their idea as follows: when an agent consistently 

chooses a particular action over time, other agents should follow thus forming an 

informational cascade where investors intentionally herd on the basis of their competitors’ 

actions. A money manager may thus follow for reputational reasons, which should 

theoretically have a destabilizing influence on stock prices, i.e. an increase in prices followed 

by a decrease (Scharfstein & Stein, 1990). If persistent herding is conducive to the formation 

of informational cascades, it might enable us to capture intentional herding and empirically 

examine its impact on stock prices. 	

To study persistency, Dasgupta et al. (2011a) measure persistence as the consecutive 

number of quarters in which the stock is net bought or sold (aggregately by institutions) and 

then test its subsequent impact on future returns. Their results shows that persistent same-side 

herding is negatively correlated with stock returns at long horizons and thus associated with 

long-term return reversals. Dasgupta et al. (2011a) deduce one hypothetical explanation for 

these findings. Namely, that institutions are affected by a behavioral bias, leading them to 

trade on stale information and contributing to prices being pushed away from fundamental 

values. This reaffirms our extension of their idea that persistent herding is conducive to the 

formation of informational cascades. Dasgupta et al.’s (2011a) findings are corroborated by 

Zheng et al. (2015) who document that persistent herding among Chinese institutional 

investors is positively correlated with short-term future excess stock returns but negatively 

correlated with long-term returns, suggesting that persistent mutual fund herding destabilizes 

stock prices. As such, when institutional investors intentionally herd on the basis of persistent 

decisions over time by their competitors, we expect to observe a temporary positive 

correlation with future returns followed by a long-term reversal of stock returns, i.e. a 

destabilization of stock prices.  	
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H2a: Persistent institutional herding is positively correlated with short-term 

future excess stock returns 	

	

H2b: Persistent institutional herding is negatively correlated with long-term 

future excess stock returns	

3. Data and descriptive statistics 
3.1 The sample 

We retrieve data on fund holdings from the Swedish Financial Supervisory Authority’s 

(Finansinspektionen) database, which covers all funds registered in Sweden and their 

respective security holdings (Finansinspektionen, 2016). Finansinspektionen requires that 

Swedish funds report their security holdings on a quarterly basis. The data includes the 

following groups of institutional investors: mutual funds, pension funds, hedge funds and 

insurance companies, which provides the operational definition of institutional investors in 

this study. The sample consists of quarterly5 observations of institutional investors’ fund 

holdings during the period 2005 to 2015, yielding a total of 44 quarters. This raw data 

summates to 38,016 securities, 98 fund managers and 948 funds. We drop observations that 

are not in line with the aim of our study, such as Non-Swedish registered securities, fund 

managers and funds, and non-equities. No adjustments are made for holding-thresholds to 

determine funds’ geographical focus, since the data from Finansinspektionen covers all funds 

registered in Sweden. As we test Swedish institutional investors’ tendency to herd together on 

the Stockholm Stock Exchange, the only geographical requirement we impose on our sample 

is the equity’s listing location. In other words, all equities in our sample that match a listing 

on OMX Stockholm during our time period are included. 	

Next we adjust our sample for Other lists, which is defined as not included in our 

listing requirement (OMX). Moreover, we remove passively managed funds such as Index-

funds (Passive funds) as they have no active investment strategy and thus they merely amplify 

market movements. Therefore, we discard so called fund-in-funds that indeed hold underlying 

securities from our sample. This selection criterion is in line with Kremer and Nautz (2013), 

and information regarding our data is handpicked from NASDAQ OMX’s webpage and 

matched with our data set. We also make adjustments to observations where data is lacking or 

missing. These are observations where we cannot properly ensure that we identify the correct 

security, fund manager or fund (Missing data). After dropping observations based on our 
																																																													
5 Quarterly breakpoints according to Finansinspektionen:  03-31(Q1), 06-30(Q2), 09-30(Q3) and 12-31(Q4). 
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criteria (see Table 1) our sample is narrowed to 392 securities, 81 fund managers and 507 

funds. 

Besides adjusting the sample for our requirements, we also adjust our stock-period 

(quarters) observations to remove selection biases. As herding is fundamentally based on 

changes (buy/sell) in security holdings, we need to exclude observations (quarters) where 

benchmark-points are biased (Walter & Weber, 2006). Funds that are initiated during our 

sample-period will, in their first quarter of trading, upward bias our herding measure as their 

first investment goes from neutral (zero) holding to positive holding. The same principle 

holds for fund firms and securities, and we adjust for this by removing the first quarter of such 

observations. On the other hand, delistings of stocks and closing of funds will downward bias 

herding, and as such we drop these observations in their respective last quarter within our 

sample period. Having said that, we include stocks that have been delisted during our sample 

period, as well as funds that have been initiated or closed, to reduce survivorship bias (Wylie, 

2005; Walter & Weber, 2006). As this study is one of the first made on the Swedish market 

we do not separate between institutional investors based on subgroups such as: mutual funds, 

pension funds, hedge funds and insurance companies. Nor do we separate between subgroups 

based on their investment strategies. Rather, and in line with the aim, we study the aggregate 

herding levels of all institutional investors. 

We match our final sample of securities against accounting data obtained from 

Thomson Reuters Datastream. The following accounting items are retrieved, with 

corresponding Datastream-signifier in brackets: Total Return Index (RI), Price (P), Market 

Value (MV), Book Value Per Share (WC05476), Sales Per Share (WC05508), Cash Flow Per 

Security (WC05501), Earnings Per Share (EPS), Capital Adjustment Index (CAI) Turnover 

by Volume (TO) and Number of Shares (NOSH).	

	

Variables Securities Funds

Raw data sample 38,016 948

Non-Swedish -34,253 -219

Non-equity -3,243 -116

Other lists -118 -25

Passive funds - -49

Missing data -9 -32
Total 392 507

-3
81

98

-

Table 1
Sample mortality

This table describes the process to reach our final sample used in the descriptive statistics in Table 3 and 4, and for the 
observations that go into our Fama-MacBeth (1973) regressions that are presented in Table 5, 6 and 7.

Fund managers

-12

-

-2
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3.2 Herding measures 

Herding can be measured differently (Lakonishok et al., 1992; Christie & Huang, 1995; 

Chang, Cheng, & Khorana, 2000). This study makes use of the herding measure (HM) 

introduced by Lakonishok, Shleifer and Vishny (1992) (hereafter; LSV). Compared to other 

measures including CSSD6 and CSAD7, the LSV-HM as well as slightly modified versions of 

it (Dasgupta et al., 2011a; Zheng et al., 2015) are predominantly used in studies concerning 

institutional investors (Lakonishok et al., 1992; Grinblatt et al., 1995; Wermers, 1999; Sias, 

2004; Kremer & Nautz, 2013).	

	

The reason why LSV, as compared to CSSD or CSAD, is more suitable for studies on 

institutional investors is that LSV revolves around the object (investor) whilst CSSD and 

CSAD measures the dispersion of stock returns across the whole market.	

In line with LSV (Lakonishok et al., 1992), we measure herding (HM) as the number 

of institutional investors that are net buyers of a stock (𝑏!,!), followed by the number of 

institutional investors that are net sellers of the same stock (𝑠!,!), for each quarter. Thereafter, 

																																																													
6 Cross-Sectional Standard Deviation of returns (dispersion) (Christie & Huang, 1995). 
7 CSSD is later refined to CSAD (Cross-Sectional Absolute Deviation) by Chang et al. (2000) and includes a 
nonlinear regression specification to detect equity dispersion, as compared to market overall return.	

Author(s) Year Unit of Analysis Method Holding Excess Return

Shiller and Pound 1989 Institutional Survey n.i. n.i.
Lakonishok et al. 1991 Pension funds LSV n.i. Weighted average
Lakonishok et al. 1992 Pension funds LSV n.i. Weighted average
Christie & Huang 1995 Stocks CSSD Daily Weighted index
Grinblatt et al. 1995 Mutual funds LSV Quarterly Average return
Nofsinger & Sias 1999 Institutional Mod.CSSD n.i. Comp. Monthly
Wermers 1999 Mutual funds LSV Quarterly Weighted average
Chang et al. 2000 Stocks CSAD n.i. Weighted average
Chen et al. 2002 Mutual funds Mod.LSV n.i. Weighted average
Gleason et al. 2004 ETFs Mod.CSAD Intraday n.i.
Sias 2004 Institutional Mod.LSV Quarterly n.i.
Walter & Weber 2006 Mutual funds LSV Half year Average return
Lobao & Serra 2007 Mutual funds LSV n.i. Weighted average
Agudo & Vicente 2008 Equity funds LSV Monthly n.i.
Dasgupta et al. 2011 Institutional Mod.LSV Quarterly Market adjusted
Zheng et al. 2015 Institutional Mod.LSV Quarterly Market adjusted

Table 2
Overview of Earlier Research on Herding

This table presents herding measures employed in earlier research. We have limited this table to only include research 
papers that analyses 'Institutional investors, Pension funds, Mutual funds and Equity funds', as these are comparable 
to our study. Method used in measuring herding is presented, where LSV is the most frequently used. Holding 
describes data frequency on fund holdings. Excess return differs across research papers, but the most frequently 
used is subtracting a weighted-average expected return where stocks are evaluated according to size-deciles.
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the buyer ratio for each stock is determined as 𝐵!,! =
!!,!

!!,!!!!,!
 where 𝑏!,! + 𝑠!,! represents all 

fund trades in that stock. The market buyer ratio (𝐵!), defined as the average of all stocks’ 

buyer ratios in quarter t, is then subtracted from the buyer ratio of a particular stock to 

eliminate the market level buy or sell trend, resulting in the below equation:	

	

	 𝐻𝑀!,! = 𝐵!,! − 𝐵! − (𝐵!,!!! − 𝐵!!!)	 (1)	

	

The latter part of the equation (𝐵!,!!! − 𝐵!!!) is the lagged term, which compares 

previous quarter holdings to deduct time series trend and determine the level of herding in 

stock i in quarter t. Herding is absent if 𝐻𝑀!,! is equal to zero and if 𝐻𝑀!,! is greater than zero 

it indicates that herding exists on the buy side and conversely if 𝐻𝑀!,! is less than zero it 

indicates that herding exists on the sell side. The larger the value of the herding measure, the 

more pronounced herding activity among institutional investors in the given stock 

(Lakonishok et al., 1992). For instance, we can interpret a value of five percent (0.05) as if 

100 investors trade a particular stock then five more funds trade on the same side of the 

market than would be expected if money managers chose their stocks independently. 

In practice, our herding measure will almost always have a value different from zero, 

thus indicating some degree of herding even where no herding might exist. So what 

constitutes actual herding? According to Wermers (1999), a few managers trading in the same 

direction in a stock cannot be considered to be a herd. Thus, he applies a threshold of five 

funds active in a stock at quarter t for computing the herding measure. However, since our 

sample from Finansinspektionen is comparatively limited, we impose a hurdle of at least two 

funds trading a given stock, which is in line with Walter and Weber (2006). We find our mean 

herding measure to be downward biased when imposing these different hurdles. When we 

impose a hurdle of two institutional investors, the mean herding level of our sample is 2 

percent. A hurdle of five institutional investors leads to a mean herding measure of 1.24 

percent (see Table 3). 
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Furthermore, theory does not demand higher activity than two money managers 

trading a stock in a given period. An informational cascade may form even if a stock is traded 

by two funds (Bikhchandani et al., 1992). Scharfstein and Stein (1990) demonstrate that 

money managers herd due to reputational reasons as long as two or more funds are active in 

that stock. Therefore, a hurdle of two or more funds active in a stock during a given quarter 

should suffice to capture herding. Characteristics of the herding measure under different 

threshold-levels can be seen in Table 3. The descriptives are consistent with that of earlier 

research (cf. Wermers, 1999), namely that herding is present across all thresholds. However, 

the mean declines in more recent time-periods, which could indicate that market conditions 

impact herding levels. We return to this matter in Section 6, to control whether our main 

results are driven by these deviating herding levels.	

Studies on comparable markets show mean herding levels of 2.70 percent among U.S. 

pension funds (Lakonishok et al., 1992), 3.40 percent among U.S. mutual funds (Wermers, 

1999), 2.60 percent for U.K. mutual funds (Wylie, 2005), and 5.11 percent for German 

mutual funds (Walter & Weber, 2006). The consensus seems to be that these levels are quite 

low. Nonetheless, Wermers (1999) reports a positive and significant correlation between 

mutual fund herding and excess stock returns. The same applies for Dasgupta et al. (2011a) 

who find a median herding level of 1.5 percent among U.S. institutional investors, and yet, 

that herding persistency is significantly associated with long-term return reversals. Since we 

find a mean herding level of 2 percent, we contend that the LSV-HM should allow us 

examine the effect of institutional herding on future excess stock returns in the Swedish 

context.	

Levels of herding can be driven by cash flows to or out from the fund industry. For 

instance, Warther (1995) finds that sudden inflows of cash to institutional fund managers are 

correlated with excess stock returns. In line with Wermers (1999), we regress our mean 

quarterly herding levels against current (quarter) and lagged (previous quarter) net flows of 

cash to the fund industry using data on net fund flows from Fondbolagen (2016b). We find no 

2005-2007 2008-2010 2011-2015

HM (mean) Min Max Std. HM (mean) HM (mean) HM (mean)

2 2.00 0.34 3.85 0.92 2.47 2.01 1.45
5 1.24 -2.47 3.35 1.27 1.93 1.22 0.50
7 1.08 -0.64 2.83 0.89 1.34 0.96 0.95

Institutions actively 
trading

Whole Period

Table 3
Herding under different threshold-levels of active institutional investors

This table reports differences in herding levels, expressed in percentage, under different thresholds of institutions actively trading in a stock.
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significant impact on our herding levels and as such we do not adjust our herding measure for 

net flows of cash. Results from the above regression are found in Appendix 1.	

Dasgupta et al. (2011a) define institutional trade persistence as the number of 

consecutive quarters in which institutional investors are net buyers or sellers of a stock. In the 

same vein, we define herding persistence as the consecutive number of quarters before time t 

that institutions net trade in the same direction in stock i. First, we use the LSV measure to 

determine whether institutions are net buyers or sellers of a stock. Second, we measure the 

amount of consecutive quarters they net trade in the same direction. For instance, when 

institutions (considered aggregately) buy stock i at time t - 1 but sell it at time t then herding 

persistence is 0. When institutions buy (sell) stock i at time t - 1 and buy (sell) it again at time 

t then herding persistence is 1 (-1). If institutions buy (sell) stock i at time t - 2, t - 1 and t, 

then herding persistence is 2 (-2). In short, persistency is observed if institutions choose the 

same course of action as in the previous quarter. Our measure of persistency is more 

conservative than Dasgupta et al. (2011a) and more in line with Zheng et al. (2015). This 

stems from the difference in how we treat the first net trade or change in the direction of net 

trade (i.e. going from net buyers to net sellers). Dasgupta et al. (2011a) treat the first net trade 

or change in direction of net trade as persistence by assigning it a value of 1 (or -1 if net sell), 

whereas we do not treat the first trade or change in direction in a stock-quarter as persistency 

and assign it a value of 0. We argue that Zheng et al.’s (2015) conservative take on 

persistency is more congruent with the notion of persistency as a repeated action. 

	

Persistence Portfolio -5 -4 -3 -2 0 2 3 4 5
Number of stock-quarters 48 56 132 304 1,702 437 194 96 86
HM (mean) -0.003 -0.015 -0.002 -0.020 0.015 0.000 0.002 0.014 0.010
Mkt cap (msek., mean) 45,728 34,540 29,437 31,304 19,596 20,336 17,998 19,508 12,747
Mkt cap (msek., median) 9,886 8,739 7,991 6,953 478 2,820 2,389 2,375 1,213
B / M (mean) 0.51 0.43 0.42 0.42 0.22 0.42 0.45 0.51 0.63
Turnover (mean) 0.08 0.09 0.08 0.09 0.08 0.08 0.06 0.06 0.05
Inst. Ownership (mean) 0.10 0.11 0.10 0.10 0.11 0.13 0.13 0.14 0.14
Past return (mean) 0.20 0.24 0.14 0.09 0.03 -0.06 -0.05 -0.14 0.09
E / P (mean) 0.10 0.08 0.09 0.08 0.08 0.08 0.07 0.06 0.08
CF / P (median) 0.08 0.08 0.07 0.08 0.08 0.08 0.08 0.08 0.09
S / P (median) 0.35 0.44 0.45 0.76 0.84 0.86 0.94 1.05 1.39
Earnings growth (mean) 0.02 0.03 0.02 0.01 0.00 -0.02 0.00 -0.02 -0.02

Table 4
Descriptive Statistics of Persistence Portfolios

This table presents quarterly cross-sectional median-/ mean levels of portfolios sorted on persistent herding. Persistence zero 
consists of portfolios 1 and -1, as persistency starts at -2. In line with Wermers (1999) and Dasgupta et al. (2011a) portfolios 5 and -5 
are truncated, thus including all extreme values. Past return is return at quarter t.
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Table 4 reports descriptive statistics on stocks that are being persistently bought (sold) 

by institutional investors. The zero persistence portfolio includes the most amount of stock-

quarters, which indicates that the buy/sell direction of institutional herds change between 

quarters more often than the direction persists. Mean herding is highest in the persistently 

bought portfolio over four quarters (0.014). Market capitalization shows an inverse relation to 

persistency, which is opposite to the results from Dasgupta et al. (2011a). However, value 

proxies such as Book-to-market (B/M) and Sales-to-price (S/P) show a positive relation to 

buy-persistency. The degree of institutional ownership tends to increase the longer a stock is 

being persistently bought, indicating that a larger share of institutions persistently herd on the 

buy-side than those who herd on the persistent sell-side. 

4. Research design 
4.1 The model 

Following Dasgupta et al. (2011a), we use cross-sectional regression analyses to examine the 

relationship between institutional herding and excess stock returns at different time-horizons. 

We estimate cross-sectional predictive regressions of cumulative market-adjusted returns on 

the herding measure from Eq.(1), past returns, and a set of control variables: 	

	 𝑅!,!!!:!!! = 𝛼! + 𝛽𝐻𝑀!,! + 𝛾𝑅!,!!!!!:! + 𝛿𝑍!,! + 𝜀!,! 	 (2)	

where 𝑅!,!!!:!!! denotes the cumulative market-adjusted return on stock i at time t + 1, and 

time t is the last trading day of each quarter when public data of fund holdings are available. 

Following Dasgupta, Prat and Verardo (2011b), we define market-adjusted returns as the 

Capital Asset Pricing Model (CAPM) alpha.8 The CAPM alpha is the return on a security in 

excess of the expected return predicted by the CAPM. For instance, we compute our 

dependent variable cumulative market-adjusted return on stock i at time t + 1 as follows:	

	 𝛼!,!!! = 𝑅!,!!! − [𝑅!,!!! + 𝛽!" 𝑅!,!!! − 𝑅!,!!! ]	 (3)	

																																																													
8 Dasgupta et al. (2011a) do not explicitly mention that they use the CAPM alpha as their definition of market-
adjusted return used in the regression model. However, they compute CAPM alphas in Dasgupta et al. (2011b), 
the internet appendix to their main paper (2011a), to test the robustness of their 5-factor alpha portfolio analysis 
in their main paper. Therefore, we assume that they compute the CAPM alpha as their market-adjusted return in 
the regression model and decide to do so as well in this study. 
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where alpha (𝛼!,!!!) denotes the cumulative market-adjusted return of stock i at time t + 1; 

𝑅!,!!! is the realized return measured as the log transformation of stock i’s total return at time 

t + 1 minus the log transformation of its total return at time t. In line with Zheng et al. (2015) 

that uses the one month Chinese treasury bill as the risk-free rate, the risk-free rate (𝑅!,!!!) is 

the one month Swedish treasury bill rate (Sveriges Riksbank, 2016). 𝛽!" denotes the beta or 

sensitivity of the stock’s return to the market return to proxy for its risk, measured as the 

covariance of the stock’s return with the market return divided by the variance in market 

returns. 𝑅!,!!! is the market return proxied as the return on the OMXSPI following Zheng et 

al.’s (2015) corresponding use of the return on the Shanghai Stock Exchange. The risk-free 

rate and the market return are consistent with the realized total return with respect to its 

accumulation across time. Meaning we cumulate each term in Eq. 3 separately before 

subtracting them from the realized return to compute the alpha.	

To examine the time horizon-effects of institutional herding on excess stock returns 

we change t to test cumulative market-adjusted returns over next quarter (𝑅!,!!!), next year 

(𝑅!,!!!:!!!) and next two year (𝑅!,!!!:!!!) returns against the HM in Eq. (1). The variable 

𝑅!,!!!!!:! is the past return on stock i measured during a period of m quarters up to quarter t. 

We include this variable in order to capture the return reversal effect documented in the 

literature (cf. Jegadeesh, 1990; DeBondt & Thaler, 1985). We capture short- and long-term 

reversals by ensuring that the amount of m quarters up to quarter t is consistent with the 

dependent variable’s time-length as described above. We use 𝑅!,!  to capture short-term 

reversals when examining next quarter returns following Zheng et al. (2015); 𝑅!,!!!:! (past 

four quarters at time t) when examining next one year returns; and 𝑅!,!!!:! (past eight quarters 

at time t) to capture long-term reversals when testing the impact of herding on next two year 

returns following Dasgupta et al. (2011a). 𝑍!,! is a vector of a set of control variables that we 

describe further below.	

We use Fama-MacBeth (1973) regressions as statistical tests following Dasgupta et al. 

(2011a). First, we standardize all independent control variables by subtracting their cross-

sectional mean and dividing them by their cross-sectional standard deviation at each quarter t 

(Dasgupta et al., 2011a).9 It allows us to facilitate the interpretation of the coefficient 

estimates of our explanatory variables and compare our results to prior research. Second, we 

estimate the regressions following the Fama-MacBeth (1973) procedure. The cross-section of 
																																																													
9 Control variable B/M is adjusted for negative values following Dasgupta et al. (2011a) and winsorized at the 
top and bottom five percent levels to center extreme values that were present in the initial data set from 
Datastream. 
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cumulative market-adjusted returns is regressed quarterly on our standardized independent 

control variables, across our whole sample. The regression estimates that we test for statistical 

significance are time-series averages of the coefficients obtained from these quarterly cross-

sectional regressions. The t-statistics provide the formal tests for statistical significance. The 

t-statistic is equal to the coefficient divided by its Fama-MacBeth standard error (Fama & 

MacBeth, 1973; Petersen, 2009). We compute Fama-MacBeth standard errors as follows:	

	

𝑆𝐸(𝛽!") =
1
𝑇

(𝛽! − 𝛽!")!

𝑇 − 1

!

!!!

	

(4)	

where T denotes the amount of cross-sections in our sample period (e.g. 44 for next quarter 

returns), 𝛽!  is the coefficient estimate at quarter t and 𝛽!"  is the time-series average 

coefficient (i.e. Fama-MacBeth coefficient reported in our results). Finally, we accept H1a that 

institutional herding is positively correlated with excess stock returns in the short-term (t + 1) 

if 𝛽𝐻𝑀 > 0  is statistically significant; and we accept H1b that institutional herding is 

positively correlated with excess stock returns in the long-term (t + 8) if 𝛽𝐻𝑀 > 0 is 

statistically significant.        	

The regression we apply in its entirety (referred to as Model 1 in Section 5) to test 

hypothesis H1a (H1b is tested similarly, with the exception that we change the dependent 

variable to 𝑅!,!!!:!!!, and past return to 𝑅!,!!!:!) is the following:	

	 𝑅!,!!! = 𝛼! + 𝛽!𝐻𝑀!,! + 𝛽!𝑅!,! + 𝛽!𝑀𝑘𝑡𝑐𝑎𝑝!,! + 𝛽!𝐵/𝑀!,! + 𝛽!𝑂𝑤𝑛!,!
+ 𝛽!𝑇𝑂!,! + 𝛽!𝐼𝑠𝑠𝑢𝑎𝑛𝑐𝑒!,! + 𝛽!𝐸/𝑃!,! + 𝛽!𝐶𝐹/𝑃!,! + 𝛽!"𝑆/𝑃!,!
+ 𝛽!!𝐸𝑔𝑟𝑜𝑤𝑡ℎ!,! + 𝜀!,! 	

(5)	

where 𝑅!,!!! and 𝑅!,! are defined as mentioned before, and 𝐻𝑀!,! is retrieved from Eq.(1). 

Following Dasgupta et al. (2011a), we control for the reversal effect associated with past 

returns, for firm size (𝑀𝑘𝑡𝑐𝑎𝑝!,! ), Book-to-market equity ratio (𝐵/𝑀!,! ), institutional 

ownership (𝑂𝑤𝑛!,!), and share turnover (𝑇𝑂!,!). Mktcap is a stock’s market capitalization (in 

MSEK) measured at the end of quarter t. We obtain the B/M of stock i at the end of quarter t 

by dividing its book value of equity at end of year t - 1 by its market capitalization at the end 
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of quarter t. 𝑂𝑤𝑛!,! is measured as the degree of institutional ownership of stock i’s total 

shares outstanding at the end of quarter t. Share turnover (𝑇𝑂!,!), a proxy for a stock’s 

liquidity, is the monthly trading volume of a stock divided by total shares outstanding, 

measured at the end of quarter t. 	

In line with Dasgupta et al. (2011a), we also include a measure of share issuance 

(𝐼𝑠𝑠𝑢𝑎𝑛𝑐𝑒!,!) to capture a firm’s growth in market value that is not attributable to past returns. 

We compute our share issuance variable using the capital adjustment index (CAI) from 

Datastream following McLean, Pontiff and Watanabe (2009). We use the CAI recorded at the 

end of quarter t (𝐶𝐴𝐼!) to compute 𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑠ℎ𝑎𝑟𝑒𝑠!,! by dividing the shares outstanding of 

stock i in quarter t by 𝐶𝐴𝐼!. We then use 𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑠ℎ𝑎𝑟𝑒𝑠!,! to compute our measure of 

share issuance (𝐼𝑠𝑠𝑢𝑎𝑛𝑐𝑒!,!), as the natural log of 𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑠ℎ𝑎𝑟𝑒𝑠!,! minus the natural log 

of 𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑠ℎ𝑎𝑟𝑒𝑠!,!!!.	

 We follow the same reasoning as Dasgupta et al. (2011a) and improve the 

ability of our regression model to control for the value effect on stock returns by adding the 

ratios: earnings to price (𝐸/𝑃!,!), cash flow to price (𝐶𝐹/𝑃!,!), and sales to price (𝑆/𝑃!,!), as 

further proxies for value. E/P is measured as stock’s earnings per share divided by its price 

per share at quarter t. CF/P is measured as a stock’s cash flow per share divided by its price 

per share at quarter t. We compute S/P in the same manner by dividing a stock’s sales per 

share by its price per share at time t. Lastly, we control for the earnings growth of stock i at 

quarter t, measured as the percentage change in annual earnings scaled by price, i.e. growth in 

earnings per share.	

We test our second hypotheses (H2a and H2b) following the same manner as we test 

H1a and H1b, with two exceptions. First, we include herding persistency measured as 

mentioned in Section 3, in our regression equation instead of the herding measure from Eq.(1). 

Second, we add the independent control variable 𝑃𝑒𝑟𝑠_𝑅𝑜𝑤𝑛!,!, an interaction term defined 

as the product between herding persistency and residual ownership following Dasgupta et al. 

(2011a) and Nagel (2005). Nagel (2005) finds that stocks with lower levels of institutional 

ownership generally experience a larger value effect on returns. Similarly, Dasgupta et al. 

(2011a) find that the return reversal associated with herding persistency is larger for stocks 

with a higher degree of institutional ownership. Including 𝑃𝑒𝑟𝑠_𝑅𝑜𝑤𝑛!,! should therefore 

allow us to further separate the effect of herding persistency from the value effect on returns. 

To compute this variable, we first perform a log transformation of institutional ownership: 
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	 log (𝑜𝑤𝑛)!,! = log (
𝑜𝑤𝑛!,!

1− 𝑜𝑤𝑛!,!
)	 (6)	

 

Then, we estimate the following regression: 

	 log (𝑜𝑤𝑛)!,! = 𝛼! + 𝛽!log (𝑀𝑘𝑡𝑐𝑎𝑝)!,!

+ 𝛽! log (𝑀𝑘𝑡𝑐𝑎𝑝!,! )! + 𝜀!,! 	

(7)	

, cross-sectionally for each stock i at quarter t. We use the residual 𝜀!,!, denoted 𝑅𝑜𝑤𝑛!,!, as 

our measure of residual institutional ownership of stock i at quarter t. We standardize it in the 

same manner as we do with all independent control variables. We apply the following 

regression (referred to as Model 2 in Section 5) to test hypothesis H2a: 

	 𝑅!,!!! = 𝛼! + 𝛽!𝑃𝑒𝑟𝑠!,! + 𝛽!𝑃𝑒𝑟𝑠_𝑅𝑜𝑤𝑛!,! + 𝛽!𝑅!,! + 𝛽!𝑀𝑘𝑡𝑐𝑎𝑝!,! + 𝛽!𝐵/𝑀!,!

+ 𝛽!𝑂𝑤𝑛!,! + 𝛽!𝑇𝑂!,! + 𝛽!𝐼𝑠𝑠𝑢𝑎𝑛𝑐𝑒!,! + 𝛽!𝐸/𝑃!,! + 𝛽!"𝐶𝐹/𝑃!,!
+ 𝛽!!𝑆/𝑃!,! + 𝛽!"𝐸𝑔𝑟𝑜𝑤𝑡ℎ!,! + 𝜀!,! 	

(8)	

We then change the dependent variable to regress next year returns (𝑅!,!!!:!!!) on the herding 

measure and control for four quarter past returns (𝑅!,!!!:!). To test hypothesis H2b we change 

the dependent variable to two year returns (𝑅!,!!!:!!!) and past returns to 𝑅!,!!!:!. We accept 

H2a that persistent institutional herding is positively correlated with excess stock returns in the 

short-term (t + 1) if 𝛽𝑃𝑒𝑟𝑠 > 0 is statistically significant; and we accept H2b that persistent 

institutional herding is negatively correlated with excess stock returns in the long-term (t + 8), 

i.e. associated with long-term return reversals, if 𝛽𝑃𝑒𝑟𝑠 < 0 is statistically significant.   	

	

4.2 Assessing the model 

A drawback of the Fama-MacBeth (1973) approach is that information within the cross-

section, such as heteroscedasticity, is lost upon averaging the coefficients and this may lead to 

more biased estimates (Vogelsang, 2012). However, Fama-MacBeth regressions are robust to 

autocorrelation since they specifically address a time-effect in returns, which have limited 
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covariance and converge over time (Fama & MacBeth, 1973; Petersen, 2009; Vogelsang, 

2012). Averaging the coefficients should therefore bring us closer to the normal (Fama & 

MacBeth, 1973). 

Another potential issue with the model lies in the standard errors of excess return 

during long windows. Fama (1970) suggests that regardless risk adjustment to compute 

abnormal returns, a model will never fully capture reality. One reason is that sample-specific 

patterns in average returns can appear, and this holds even for extended versions of CAPM 

(Fama, 1998). These issues are proven less serious for shorter return windows, since expected 

returns are closer to zero compared to longer windows. The way in which excess return is 

computed is hereby of importance. The standard errors of buy-and-hold abnormal returns 

(BHAR) grow compounded. The standard errors of cumulative abnormal returns (CAR) on 

other hand grow only by N1/2 (Fama, 1998). As such, by applying CAR instead of BHAR in 

our CAPM we limit issues revolving increased standard errors from long-term windows.	

 

5. Empirical results and analysis 

5.1 Herding and stock returns 

Table 5 reports the results from our regression analyses using the LSV herding measure. The 

coefficient estimates in Model 1 show that institutional herding (𝐻𝑀!,!) in the cross-section 

does not have a significant impact on future excess returns when controlling for past returns, 

market capitalization, equity issuance, turnover, degree of institutional ownership, and a set of 

valuation ratios that capture the value and growth characteristics of a stock. Thus, we cannot 

accept hypothesis H1a that institutional herding is positively correlated with future excess 

stock returns in the short-term. Nor can we accept hypothesis H1b that herding is positively 

correlated with future excess stock returns in the long-term. The herding coefficients are not 

significantly separate from zero. As such, we find no evidence of institutions having a 

stabilizing or destabilizing influence on stock prices on the Swedish market. Rather, the 

results imply that institutional herds have no stabilizing or destabilizing impact, which is in 

line with Lakonishok et al.’s (1992) findings.	

If we take a closer look at the coefficient estimates, we find that past returns across 

intermediate- (𝑅!,!!!:! ) and long horizons (𝑅!,!!!:! ) are positively (0.035, 0.054) and 

significantly correlated with future excess returns. This suggests that the momentum of past 

returns carry over and persist in the intermediate- and long-term, rather than diminishing or 

reversing as suggested by DeBondt and Thaler (1985). Moreover, the coefficients of the value 
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and growth proxies generated from the regressions are generally negative, which is 

inconsistent with the reversal effect in returns associated with value according to Dasgupta et 

al. (2011a).  

 

Model 2

   t+1    t+4    t+8    t+1    t+4    t+8

HM i,t -0.002 -0.002 -0.002
(-1.07) (-0.46) (-0.41)

Pers i,t -0.001 0.001 -0.009
(-0.42) (0.29) (-1.65)*

Pers_Rown i,t 0.003 -0.012 -0.014
(0.30) (-0.52) (-0.44)

R i,t 0.003 0.011
(0.52) (1.89)**

R i,t-3:t 0.035 0.048
(3.46)*** (2.89)

R i,t-7:t 0.054 0.020
(3.29)*** (0.83)

B/M i,t -0.087 -0.986 -0.576 0.332 -0.441 -0.662
(-0.30) (-1.42) (-0.86) (1.67)** (-0.32) (-0.40)

Mktcap i,t -0.003 0.000 0.009 -0.004 -0.008 -0.004
(-1.53)* (0.14)*** (2.48)*** (-1.28) (-2.77) (-0.65)

CF/P i,t 0.042 0.086 0.145 0.053 0.120 0.239
(6.09)*** (4.44)*** (4.5)*** (7.27)*** (4.76) (5.29)***

Egrowth i,t 0.002 -0.001 -0.035 0.005 0.002 -0.006
(0.31) (-0.12) (-1.36)* (0.59) (0.07) (-0.15)

E/P i,t 0.003 -0.008 0.000 -0.005 -0.034 -0.053
(0.66) (-0.65)* (0.01) (-0.72) (-1.59) (-1.53)*

Issuance i,t -0.011 -0.070 -0.052 -0.008 -0.053 -0.008
(-1.41)* (-1.99) (-1.34)* (-0.57) (-1.19) (-0.21)

Own i,t 0.010 0.042 0.092 0.014 0.078 0.151
(2.41)*** (3.69)** (4.95)*** (0.80) (2.05) (2.70)***

S/P i,t -0.009 -0.005 0.004 -0.005 -0.016 0.018
(-1.80)** (-0.43) (0.18) (-0.72) (-1.09) (0.76)

TO i,t 0.006 -0.005 -0.031 0.004 0.007 -0.007
(1.48)* (-0.35) (-1.15) (0.34) (0.37) (-0.23)

Table 5
Cross-sectional Fama-MacBeth Regressions of future Stock Returns

This table reports coefficient estimates from Fama-MacBeth (1973) regressions on cross-sectional cumulative 
future return. The table is divided in Model 1 and Model 2 and further dissected in the three time-horizons t+1, 
t+4 and t+8. All independent variables are standardized following Dasgupta et al. (2011a), and are explained in 
section 'Research Design'. As R-squares collapse in the Fama-Macbeth model, we cannot report R-squares as 
part of our main findings. However, for illustrative purposes the R-squared ranges between 0.0165 and 0.584 
with median and mean levels of 0.1672 and 0.1926, respectively. Statistical significance on the 10-, 5- and 1 
percent level are illustrated using *,**,***, respectively.

Model 1
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All value and growth proxy coefficients, except for B/M, are statistically significant at some 

point and generally negative, which suggests that the effect of institutional herding is 

subsumed by a negative value effect on returns. The effect of herding on future returns is 

therefore not distinct from the value effect, despite the presence of the significant positive 

impact of institutional ownership.   

To summarize, the regression results in Model 1, Table 5 demonstrate that the LSV 

herding measure does not significantly predict future excess returns when controlling for past 

returns, degree of institutional ownership, and a number of value and growth ratios capturing 

the value effect on a stock. The effect of herding is subsumed by the value effect on stock 

returns, and we cannot accept any of our hypotheses. As such, we cannot determine whether 

institutional herding has a stabilizing or destabilizing impact on stock prices. The results 

rather imply that institutional herding has no stabilizing or destabilizing influence. 

Lakonishok et al. (1992) provide a possible explanation for our findings. They report similar 

results and conclude that institutional investors pursue a broad diversity of trading styles and 

strategies that largely offset each other, resulting in no significant influence on stock prices.   	

 

5.2 Herding persistency and stock returns 

Model 2 in Table 5 reports the results from our regression analyses using the herding 

persistency measure (𝑃𝑒𝑟𝑠!,! ). The coefficient estimate (-0.009) shows that persistent 

institutional herding in the cross-section significantly predicts next two year future return 

reversals when controlling for past returns, persistent residual ownership, market 

capitalization, equity issuance, turnover, degree of institutional ownership, and a set of 

valuation ratios that capture the value and growth characteristics of a stock. However, the 

persistency coefficient is not significant at shorter horizons. Thus, we cannot accept 

hypothesis H2a that persistent institutional herding is positively correlated with future excess 

stock returns in the short-term. We do however accept hypothesis H2b that persistent 

institutional herding is negatively correlated with future excess stock returns in the long-term, 

since the persistent herding coefficient (-0.009) is significantly separate from zero. Despite 

this, we find no conclusive evidence of persistent institutional trading as a stabilizing or 

destabilizing influence on stock prices on the Swedish market. Although the coefficients to 

some extent imply that persistent same-side herding, theorized as intentional herding, has a 

destabilizing impact. The results rather indicate that institutions have no stabilizing or 

destabilizing impact, which is in line with Lakonishok et al.’s (1992) findings.  
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A closer inspection of Model 2’s results at long horizons in Table 5 show that besides 

the significant persistency coefficient, only the CF/P (0.239), E/P (-0.053) and institutional 

ownership (0.151) coefficients are significantly correlated with future excess returns. As such, 

we find that the effect of persistent institutional herding on future returns is not subsumed by 

the value effect. Similarly to Dasgupta et al. (2011a), the coefficient estimates of Model 2 at 

long horizons imply that a one standard deviation increase in persistent same-side herding 

significantly predicts a 0.9 percent decrease in future returns net of the effects of all control 

variables. A possible explanation for this finding is that money managers trade on the basis of 

stale information, which leads to mispricing of stocks and consequently return reversals 

(Dasgupta et al., 2011a). Having said that, since we find no significant persistency coefficient 

at short horizons, we cannot determine whether destabilization occurs.	

To summarize, the regression results in Model 2, Table 5 demonstrate that herding 

persistency significantly predicts future long-term return reversals when controlling for past 

returns, institutional ownership, and a number of value and growth proxies capturing the 

value effect on a stock. The results imply that the significant effect of persistent herding on 

long-term returns is distinct from the value effect. Therefore, we accept hypothesis H2b. 

Although we find some evidence indicating that persistent same-side herding has a 

destabilizing impact on stock prices, our results are inconclusive as the persistency coefficient 

is not significantly separate from zero at short horizons. 	

	

6. Robustness tests 
The mean herding levels presented in Table 3 (Section 3) imply that herding levels differ 

depending on market conditions. As mentioned earlier, findings by Chiang and Zheng (2010) 

and Zheng et al. (2015) propose a similar relationship. More specifically, their studies suggest 

that herding is more pronounced when markets are under stress. With this in mind we conduct 

a robustness test to control for whether herding under differing market conditions has any 

bearing on our main results. We use the same procedure as for our main results, except that 

our Fama-MacBeth (1973) regressions are computed separately for defined time-periods. 

Following Zheng et al. (2015) we define our time-periods as Pre-Crisis (2005-2007), Crisis 

(2008-2010) and Post-Crisis (2011-2015). The results in Table 6 show that the herding 

coefficient (-0.004) is only significantly correlated with excess return (t + 4) during the crisis. 

Thus the results regarding the LSV herding measure (Model 1) are somewhat in line with  
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t+1 t+4 t+8 t+1 t+4 t+8 t+1 t+4 t+8 t+1 t+4 t+8 t+1 t+4 t+8 t+1 t+4 t+8

HM i,t -0.001 -0.003 -0.002 -0.004 -0.003 0.001 -0.001 -0.001 -0.006

(-0.02) (-0.37) (-0.25) (-1.34)* (-0.45) (0.08) (-0.20) (-0.04) (-0.47)

Pers i,t -0.004 -0.007 -0.018 -0.002 -0.002 -0.014 0.001 0.007 0.002

(-0.82) (-1.25) (-2.5)*** (-0.59) (-0.35) (-1.22) (0.76) (1.70)** (0.27)

Pers_Rown i,t 0.010 -0.006 -0.070 -0.014 -0.038 -0.020 0.010 0.005 0.031

(0.41) (-0.09) (-0.85) (-0.82) (-1.70)** (-0.42) (1.01) (0.15) (0.77)

R i,t 0.016 0.034 -0.018 -0.008 0.009 0.013

(2.58)*** (2.12)** (-1.67)** (-0.93) (1.16) (1.79)**

R i,t-3:t 0.077 0.100 0.005 0.028 0.031 0.037

(3.99)*** (3.76)*** (0.28) (1.30)* (2.27)** (1.23)

R i,t-7:t 0.130 0.134 0.001 -0.071 0.037 0.034

(5.47)*** (2.93)*** (0.03) (-2.72)*** (1.32)* (1.06)

B/M i,t -0.146 -0.472 -0.828 -0.082 -0.706 -0.287 -0.206 -0.414 -0.358 0.499 1.498 2.101 0.017 -1.738 -0.561 0.398 -1.763 -3.676

(-1.91)** (-1.62)* (-1.72)** (-0.47) (-1.36)* (-0.95) (-1.95)** (-2.51)*** (-1.50)* (1.45)* (1.43)* (1.25) (0.03) (-1.05) (-0.27) (1.17) (-0.6) (-0.92)

Mktcap i,t -0.003 -0.000 0.010 -0.005 -0.005 -0.005 -0.001 -0.002 0.007 -0.001 -0.012 0.001 -0.003 0.003 0.010 -0.005 -0.009 -0.009

(-0.92) (-0.01) (1.30)* (-1.22) (-0.59) (-0.49) (-0.28) (-0.60) (1.02) (-0.09) (-3.06)*** (0.12) (-1.33)* (0.52) (2.75)*** (-1.22) (-1.6)* (-0.85)

CF/P i,t 0.039 0.094 0.110 0.036 0.069 0.104 0.030 0.058 0.220 0.055 0.133 0.324 0.052 0.103 0.098 0.059 0.135 0.245

(4.06)*** (3.57)*** (2.11)** (2.72)*** (2.07)** (1.4)* (2.45)*** (1.21) (3.33)*** (4.01)*** (3.30)*** (4.68)*** (4.39)*** (4.15)*** (2.38)*** (5.36)*** (2.98)*** (3.03)***

Egrowth i,t 0.009 0.026 0.019 -0.005 0.024 0.006 -0.003 0.018 0.028 0.004 0.019 0.038 0.001 -0.033 -0.158 0.009 -0.023 -0.058

(0.81) (1.71)** (1.14) (-0.42) (0.76) (0.11) (-0.36) (1.03) (0.87) (0.35) (0.59) (0.78) (0.14) (-1.91)** (-2.84)*** (0.64) (-0.46) (-0.64)

E/P i,t -0.007 -0.002 0.021 0.012 -0.001 0.053 0.005 -0.028 -0.080 -0.012 -0.043 -0.086 0.007 0.002 0.067 -0.009 -0.045 -0.090

(-0.67) (-0.18) (1.68)** (1.18) (-0.04) (1.88)** (0.53) (-1.25) (-2.17)** (-0.57) (-0.74) (-1.06) (1.06) (0.07) (2.54)*** (-1.23) (-2.46)*** (-2.71)***

Issuance i,t -0.000 0.003 -0.006 -0.017 -0.038 -0.119 -0.002 -0.019 0.005 0.016 -0.010 -0.002 -0.023 -0.154 -0.161 -0.018 -0.093 0.059

(-0.04) (0.16) (-0.17) (-1.21) (-1.63)* (-1.89)** (-0.27) (-1.09) (0.17) (1.19) (-0.40) (-0.05) (-1.42)* (-1.96)** (-1.52)* (-0.73) (-0.94) (0.71)

Own i,t 0.016 0.047 0.119 0.035 0.103 0.300 0.012 0.069 0.110 0.021 0.165 0.201 0.005 0.018 0.046 0.001 -0.000 0.003

(1.93)** (3.95)*** (4.59)*** (1.02) (1.68)** (2.55)*** (1.21) (2.18)** (2.42)*** (0.41) (1.68)** (1.76)** (1.12) (2.22)** (5.87)*** (0.10) (-0.01) (0.08)

S/P i,t 0.001 0.006 0.061 0.025 0.016 0.100 0.006 0.024 -0.012 0.002 -0.009 -0.001 -0.024 -0.033 -0.037 -0.021 -0.037 -0.018

(0.14) (0.31) (1.41)* (1.59)* (0.46) (1.84)** (0.67) (1.45)* (-0.38) (0.16) (-0.66) (-0.02) (-3.19)*** (-1.61)* (-1.54)* (-2.65)*** (-1.46)* (-0.52)

TO i,t 0.020 0.045 0.001 0.037 0.074 0.042 -0.002 0.006 0.033 0.020 0.004 0.011 0.005 -0.044 -0.132 -0.018 -0.023 -0.057

(2.49)*** (3.07)*** (0.03) (1.91)** (2.57)*** (0.83) (-0.46) (0.28) (0.89) (0.63) (0.08) (0.19) (0.66) (-2.06)** (-2.44)*** (-1.37)* (-1.04) (-1.33)*

Table 6

Model 2

*2015 includes only up until 2013 for the longer period (t+8) and up until 2014 for the intermediate (t+4) since they include future returns that are not part of our sample.

Model 1 Model 2 Model 1 Model 2 Model 1

Pre-crisis 2005-2007  Crisis 2008-2010 Post-crisis 2011-2015*

This table presents estimated coefficients from Fama-MacBeth (1973) regressions during different time periods, characterized by either stress or tranquility. The table is divided in Model 1 and Model 2 and further dissected in the three time-

horizons t+1, t+4 and t+8. All independent variables are standardized following Dasgupta et al. (2011a), and are explained in section 'Research Design'. As R-squares collapse in the Fama-Macbeth model, we cannot report R-squares as part 

of our main findings. However, for illustrative purposes the R-squared ranges between 0.0165 and 0.584 with median and mean levels of 0.1672 and 0.1926, respectively. Statistical significance on the 10-, 5- and 1 percent level are illustrated 

using *,**,***, respectively.

Robustness test - Herding and Persistent herding under different time periods
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Zheng et al.’s (2015) findings, in that we at least find a significant, albeit negative, 

relationship during times of market stress. The persistent herding coefficient (Model 2) is 

negatively correlated (-0.018) with future returns (t + 8) in the Pre-Crisis period. Persistency 

continues to be significant, but positively correlated (0.007) with future return (t + 4) in the 

Post-Crisis period. Although Chiang and Zheng (2010) and Zheng et al. (2015) do not test 

   t+1    t+4    t+8    t+1    t+4    t+8

HM i,t -0.001 -0.002 -0.002
(-0.97) (-0.40) (-0.31)

Pers i,t 0.000 0.001 -0.010
(0.07) (0.19) (-1.83)**

Pers_Rown i,t -0.001 -0.012 -0.012
(-0.09) (-0.54) (-0.38)

R i,t 0.003 0.011
(0.61) (1.75)**

R i,t-3:t 0.035 0.043
(3.61)*** (2.67)

R i,t-7:t 0.055 0.012
(3.41)*** (0.50)

Mktcap i,t -0.002 0.001 0.010 -0.003 -0.008 -0.004
(-1.43)* (0.19)*** (2.66)*** (-1.04) (-2.70) (-0.57)

CF/P i,t 0.042 0.082 0.130 0.054 0.124 0.233
(5.99)*** (4.24)*** (4.13)*** (7.01)*** (5.44) (5.32)***

Egrowth i,t 0.003 0.003 -0.032 0.008 0.006 0.005
(0.53) (0.38) (-1.31)* (0.87) (0.25) (0.13)

E/P i,t -0.002 -0.006 0.006 -0.002 -0.019 -0.024
(-0.33) (-0.44) (0.42) (-0.24) (-1.25) (-1.22)

Issuance i,t -0.007 -0.065 -0.054 -0.004 -0.044 -0.009
(-1.26) (-1.96) (-1.43)* (-0.31) (-1.00) (-0.24)

Own i,t 0.011 0.044 0.100 0.014 0.080 0.152
(2.72)*** (3.77)** (4.71)*** (0.79) (2.06) (2.63)***

S/P i,t -0.011 -0.008 0.002 -0.006 -0.013 0.022
(-2.11)** (-0.71) (0.12) (-0.78) (-0.80) (0.99)

TO i,t 0.007 -0.003 -0.029 0.004 -0.001 -0.009
(1.63)* (-0.21) (-1.06) (0.34) (-0.05) (-0.29)

Table 7
Robustness test - Excluding variable Book-to-Market

This table reports coefficient estimates from Fama-MacBeth (1973) regressions when the B/M variable is excluded. 
The table is divided in Model 1 and Model 2 and further dissected in the three time-horizons t+1, t+4 and t+8. All 
independent variables are standardized following Dasgupta et al. (2011a), and are explained in section 'Research 
Design'. As R-squares collapse in the Fama-Macbeth model, we cannot report R-squares as part of our main 
findings. However, for illustrative purposes the R-squared ranges between 0.0563 and 0.7461 with median and mean 
levels of 0.2505 and 0.2711, respectively. Statistical significance on the 10-, 5- and 1 percent level are illustrated using 
*,**,***, respectively.

Model 1 Model 2
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herding persistency under different market conditions, we can conclude that markets 

characterized by stress exhibits less persistent herding than tranquil markets. One explanation 

for this could be that swift changes in the market are more likely to result in short-term 

mimicking among institutional investors (Model 1), rather than a continuation of buying or 

selling streaks (Model 2). Overall though, this robustness test shows that herding levels under 

different market conditions does not have any particular bearing on our main results. 	

When analyzing our main results (Table 5) the B/M coefficient estimates clearly stand 

out from the rest of our control variables, even after standardization and winsorization. We 

suspect that the variance of B/M may influence our results. As such, we perform a robustness 

test by re-estimating our regressions excluding the B/M variable. The results presented in 

Table 7 are not considerably different from our main findings (Table 5). Persistency for 

instance, is still negatively correlated with future long-term excess returns (t + 8). The 

negative coefficient is however larger (-0.010) compared to our main results (-0.009), and 

more significant. All other variables in the robustness test yield practically the same results as 

our main findings. Moreover, the mean and median levels of R-squared is raised from 0.1672 

and 0.1926 to 0.2505 and 0.2711. These findings indicate that our model is stronger in 

explaining the effect of herding persistency on future excess returns when B/M is excluded. 

The results are qualitatively similar though, which affirms the robustness of our main results.	
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7. Conclusions 
There are two different strands in the empirical literature on institutional investor herds’ 

supposed impact on stock prices. One suggests that institutional investors stabilize stock price 

movements, while the other asserts that they destabilize prices. No studies on institutional 

herds’ impact on stock prices have however been made on the Swedish market. Therefore, we 

investigate whether herding among Swedish institutional investors stabilizes or destabilizes 

stock prices on the Stockholm Stock Exchange. Motivated by the theoretical literature on 

herding and recent empirical findings, we hypothesize that the standard measure in the field, 

the LSV measure, captures unintentional herding, which should theoretically stabilize prices. 

In contrast, we hypothesize that herding persistency captures informational cascading and as a 

result, intentional herding, which ought to destabilize stock prices.  	

We find no evidence that herding as measured by LSV has a stabilizing or 

destabilizing impact on stock prices. We do however find some evidence of persistent herding 

having a destabilizing influence on stock prices at long horizons, but the impact on short-term 

returns is not significant, and thus we cannot determine whether persistent institutional 

herding has a destabilizing influence. In the former case, it seems that the effect of 

institutional herding is subsumed by the value effect on stocks. Overall, our results imply that 

Swedish institutional investor herds have no stabilizing or destabilizing influence on stock 

prices, which is in line with Lakonishok et al.’s (1992) findings.	

Our results show that persistently traded stocks experience long-term return reversals, 

which may suggest that institutional investors trade on stale information, leading to 

mispricing of stocks. This particular finding is similar to Dasgupta et al. (2011) and Zheng et 

al. (2015), which may imply that herding persistency is conducive to the formation of 

informational cascades. This relationship remains to be empirically confirmed though. A 

practical implication of our results to investors active on the Swedish market is that it may 

payoff to pursue a contrarian investment strategy in equities that are persistently traded by 

institutional investors. Possible limitations to our study are that we have not separated 

between different types of institutional investors in our sample, and not accounted for their 

different strategies. Studying more homogenous groups of funds may therefore yield different 

findings and presents an interesting area for future research. As mentioned before, the CAPM 

has its limitations. Future studies can therefore use more sophisticated factor models to 

measure adjusted returns. Our study has nonetheless contributed with a better understanding 

of persistent herding and its impact on stock price patterns. And we hope that researchers 
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persist in their attempts to uncover whether the different herding measures capture different 

types of herding, and whether these impact stock prices differently.	
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Appendices 
	

	

Variables

Net Inflows
(-0.94)

Net Inflows_lagged
(-0.95) (-1.19)

Appendix 1
Regression Average Herding againts Net Flow of Cash

This table reports coefficients from our test on flow of cash impacting levels of herding. Dependent variable 
is average herding level across our cross sections. First column reports the results from a pooled OLS 
regression. Second column adjusts for heteroscedasticity and autocorrelation following Newey-West 
(1987). Statistical significance on the 10-, 5- and 1 percent level are illustrated using *,**,***, respectively. 
The variables are not significantly separate from zero. As such they do not bias our herding measure.

Pooled OLS Pooled OLS (with HAC)

-0.001 -0.001

-0.001
(-0.80)
-0.001
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Risk free 1-month rate

Date High price Low price Closing price Return Index Average rate

2005-03-31 242 240 241 5.34 1.99
2005-06-30 256 254 256 5.91 1.90
2005-09-30 281 279 280 9.25 1.48
2005-12-30 304 303 303 7.73 1.48
2006-03-31 341 339 339 11.35 1.85
2006-06-30 310 304 309 -9.21 2.05
2006-09-29 336 334 334 7.76 2.31
2006-12-29 376 374 374 11.31 2.75
2007-03-30 398 395 396 5.70 3.13
2007-06-29 412 407 410 3.42 3.26
2007-09-28 392 389 392 -4.59 3.46
2007-12-28 352 347 352 -10.75 3.86
2008-03-31 313 307 313 -11.76 4.12
2008-06-30 280 274 279 -11.52 4.04
2008-09-30 249 238 245 -12.81 4.31
2008-12-30 205 202 204 -18.30 3.13
2009-03-31 200 195 200 -2.04 1.08
2009-06-30 248 244 245 20.14 0.43
2009-09-30 285 279 280 13.60 0.17
2009-12-30 303 298 300 6.59 0.18
2010-03-31 326 323 324 8.01 0.21
2010-06-30 314 309 313 -3.61 0.23
2010-09-30 346 341 343 9.12 0.45
2010-12-30 371 369 369 7.23 1.05
2011-03-31 365 364 364 -1.15 1.60
2011-06-30 355 350 354 -2.89 1.80
2011-09-30 289 281 284 -22.17 1.81
2011-12-30 307 304 307 7.96 1.80
2012-03-30 339 335 338 9.74 1.64
2012-06-29 316 310 316 -6.87 1.50
2012-09-28 336 332 332 4.87 1.37
2012-12-28 346 344 344 3.61 1.20
2013-03-28 376 373 375 8.74 1.01
2013-06-28 366 361 362 -3.70 0.98
2013-09-30 399 397 399 9.69 0.97
2013-12-30 424 422 424 6.11 0.96
2014-03-31 440 436 440 3.85 0.77
2014-06-30 451 448 449 1.96 0.73
2014-09-30 448 444 448 -0.33 0.26
2014-12-30 477 474 474 5.72 0.09

Appendix 2
Market return rates and 1-month Swedish Treasury bill

This appendix contains rates used in computing excess return. Market return is computed as log(t)-log(t-
1) and risk-free rate is used raw, and cumulative over quarters when used in longer time periods.

Market return Nasdaq OMXSPI
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2015-03-31 548 542 543 13.60 0.00
2015-06-30 510 503 505 -7.26 -0.29
2015-09-30 477 472 476 -5.96 -0.46
2015-12-30 506 503 505 6.01 -0.44


