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possible explanation for the short-term reversal anomaly. Focusing on large-cap stocks and applying a 
more sophisticated portfolio construction algorithm lower trading costs significantly, such that reversal 
strategies generate profitable results net of trading costs. The third study examines risk as an explanation 
for the value and size anomalies. Although value and small-cap exposures are typically associated with 
distress risk, the results indicate that distress risk is not priced and that the small-cap and value premiums 
are priced beyond distress risk. The fourth and last study examines a behavioral explanation for the 
low-risk anomaly. Based on a general equilibrium model, tournament behavior causes the returns of 
low-risk (high-risk) assets to be larger (smaller) than expected according to the Capital Asset Pricing 
Model. In addition, empirical analyses confirm a positive and significant relation between tournament 
behavior and the low-risk premium. 
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1. Introduction 

 

One of the most important challenges in the field of asset pricing is to understand anomalies: 

empirical patterns in asset returns that cannot be explained by standard asset pricing models 

such as the Capital Asset Pricing Model (CAPM). An example of a well-known asset pricing 

anomaly is the value anomaly. A range of academic studies have shown that value stocks 

with high book-to-price ratios yield a return premium, i.e.: higher returns than predicted by 

the CAPM. Many more asset pricing anomalies exist, some of which appear to be more 

persistent than others. In this dissertation, I focus on five well-known anomalies: value, 

momentum, size, low-risk and short-term reversal.  

 So, why do asset pricing anomalies exist? Currently, there is no consensus in the 

academic literature on the underlying causes of these anomalies. However, the explanations 

that have been given in different studies can be grouped into four categories: 1) the anomaly 

is a result of data mining; 2) the anomaly disappears when trading costs are taken into 

account; 3) the return premium associated with the anomaly is a compensation for a 

particular form of risk or 4) the anomaly has a behavioral explanation, meaning that behavior 

of market participants systematically influences asset prices and thereby causes market 

inefficiencies.  

 Understanding asset pricing anomalies is of the utmost importance for investors. It 

allows them to make better informed investment decisions, and thereby achieve higher return 

premiums. Let us take as an example the value anomaly. Investors can create an investment 

strategy to exploit this anomaly by creating a market capitalization weighted portfolio of the 

20 percent stocks with the highest book-to-price ratios and repeat this every month. How 

does understanding of this anomaly actually help to achieve higher return premiums? Let us 

walk through the four categories of explanations and start with the data mining explanation. 

The robustness of the value effect can be determined by analyzing the anomaly on different 

data sets than the one where the anomaly was discovered, such as other regional samples or 

different time periods. If the anomaly is not robust, this means that exploiting it will likely 

result in disappointing out-of-sample results. Vice versa, the more evidence on the existence 

of the value anomaly, the higher the probability that investors are able to capture the 

premium.  

 Second, although an anomaly might lead to theoretically strong premiums, if these 

are eaten up by trading costs, an investor ends up with lower return premiums than expected. 

If the trading costs are too high to capture the value premium, investors need to think about 

smarter ways of implementing the investment strategy, for example by trading slower. A 
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careful trade-off between gross returns on the one hand and trading costs on the other hand 

can lead to higher return premiums net of trading costs.  

 Third, if it is common knowledge that the return premium of the value anomaly is 

in fact a compensation for risk, investors can make an appropriate trade-off between risk and 

return. However, if the value anomaly does not appear to be a compensation for risk, one 

does not need to take that risk on board to capture the value premium. Investors can then 

create advanced investment strategies to capture the return premium with lower risk.  

 Finally, if the explanation of the value anomaly is more behavioral, the investor can 

make a judgement whether this behavior will continue to exist in the future. If the behavior 

disappears, the investor should not be surprised that the anomaly will also cease to exist. But 

if the behavior is structural, for example, because of the set-up of financial markets, investors 

can be more confident to capture the return premium going forward. 

 The motivation of this thesis is to gain more and better insight in possible 

explanations for well-known asset pricing anomalies. Each of the next four chapters of this 

thesis focuses on one of the four categories of explanations for asset pricing anomalies.  

 Chapter 2 analyzes whether well-known asset pricing anomalies, i.e. value, 

momentum, size and low-risk factors, are also present in the new emerging equity markets, 

the so-called frontier emerging markets. 1  We investigate whether these asset pricing 

anomalies that have been documented in developed countries also exist in these markets, 

where they have not been analyzed before. The sample serves as a clear out-of-sample test, 

as it is a unique dataset of more than 1,400 stocks over the period 1997 to 2008 and covers 

24 of the most liquid frontier emerging markets. We document the presence of economically 

and statistically significant value and momentum effects, and a local size effect and can 

therefore conclude that data mining as an explanation for these effects is unlikely. Our results 

indicate that the value and momentum effects still exist when incorporating conservative 

assumptions of transaction costs. Additionally, we show that value, momentum, and local 

size returns in frontier markets cannot be explained by these effects in global international 

markets. We therefore indicate that global risk factors are less plausible to account for the 

effects and conclude that local risk factors or investors’ behavior are more likely to explain 

the investigated anomalies.  

 Chapter 3 focuses on trading costs as a possible explanation for the short-term 

reversal anomaly.2 Although trading costs are relevant for every asset pricing anomaly when 

                                                           
1 This chapter is published as De Groot, W., Pang, J., and Swinkels, L., 2012, The cross-section of 

stock returns in frontier emerging markets, Journal of Empirical Finance, 19, 796-818.  
2 This chapter is published as De Groot, W., Huij, J. and Zhou, W., 2012, Another look at trading costs 

and short-term reversal profits, Journal of Banking and Finance, 36, 371-382. 
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it is being exploited by investors, the short-term reversal effect is the most interesting 

anomaly on which to analyze the effect. Gross returns are very high for this strategy, but so 

are turnover and therefore trading costs. The trade-off between gross-returns and trading 

costs for this strategy is therefore extremely delicate. Several studies report that the return 

premium associated with short-term reversal investment strategies diminishes once trading 

costs are taken into account. We show that the impact of trading costs on the strategies’ 

profitability can largely be attributed to excessive trading in small-cap stocks. Limiting the 

stock universe to large-cap stocks significantly reduces trading costs. Applying a more 

sophisticated portfolio construction algorithm to lower turnover reduces trading costs even 

further. Our finding that reversal strategies generate 30–50 basis points per week net of 

trading costs poses a serious challenge to standard rational asset pricing models. Our findings 

also have important implications for the understanding and practical implementation of 

reversal strategies.  

 Chapter 4 examines risk as an explanation for the value and size effects.3 Following 

the work of Fama and French (1992, 1993), a large stream of literature has been developed 

on the small-cap and value anomalies and numerous attempts have been made to better 

understand the economic origins of these anomalies. In particular, several papers attribute 

the small-cap and value anomalies to a common risk factor and contend that the premiums 

are compensation for investors bearing distress risk. We revisit the question whether the 

Fama-French factors are a manifestation of distress risk premiums. To this end, we develop 

new tests specifically aimed at dissecting the Fama-French factor returns from a distress risk 

premium. While we find that value and small-cap exposures are typically associated with 

distress risk, our results also indicate that distress risk is not priced and that the small-cap 

and value premiums are priced beyond distress risk. Moreover, the distress risk exposures 

of common small-cap and value factors do not have explanatory power in asset pricing tests. 

Our results have important implications for investors engaging in small-cap and value 

strategies, as by avoiding distress risk, they can capture the value and small-cap premiums 

with much lower risk. 

 Chapter 5 examines a behavioral explanation for the low-risk anomaly.4 Due to the 

large shift of assets from individual investors to fund managers over the past decades, the 

impact of these managers’ behavior on asset prices has grown. A large stream of literature 

has been developed on an important behavioral characteristic of these intermediaries, 

                                                           
3 This chapter is based on De Groot, W., and Huij, J., 2017, Are the Fama-French factors really 

compensation for distress risk, resubmitted to the Journal of International Money and Finance. 
4 This chapter is based on De Groot, W., 2017, The low-risk anomaly and mutual fund tournaments, 

working paper. 
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namely tournament behavior. In this chapter we examine the relationship between 

tournament behavior of mutual fund managers and the low-risk anomaly. Based on a general 

equilibrium model we show that tournament behavior causes the returns of low-risk (high-

risk) assets to be larger (smaller) than expected according to the Capital Asset Pricing Model. 

Using mutual fund data and pricing data of individual assets from twelve different asset 

categories, we find a positive and significant relation between tournament behavior and the 

low-risk premium. The results indicate that the low-risk effect is not only more prominent 

in a period following stronger tournament behavior, but is also larger in asset categories 

where more tournament behavior is observed. As there is no reason to assume that 

tournament behavior among mutual fund managers is likely to disappear anytime soon, 

investors can be more confident to capture the low-risk premium going forward.



 

2. The cross-section of stock returns in frontier emerging 

markets5 

 

In this chapter we investigate the cross-section of stock returns in the new emerging equity 

markets, the so-called frontier emerging markets. Our unique survivorship-bias free data set 

consists of more than 1,400 stocks over the period 1997 to 2008 and covers 24 of the most 

liquid frontier emerging markets. The major benefit of using individual stock characteristics 

is that it allows us to investigate whether return factors that have been documented in 

developed countries also exist in these markets. We document the presence of economically 

and statistically significant value and momentum effects, and a local size effect. Our results 

indicate that the value and momentum effects still exist when incorporating conservative 

assumptions of transaction costs. Additionally, we show that value, momentum, and local 

size returns in frontier markets cannot be explained by global risk factors. 

 

2.1. Introduction 

 

Traditional emerging markets have developed rapidly over the past decades, both 

economically and financially. A group of countries less developed than emerging markets 

with established stock exchanges has appeared on the radar screen of global investors. These 

new emerging markets as a group are also known as frontier emerging markets, or in short, 

frontier markets. These countries vary greatly in their economic development. The GDP per 

capita in 2008 of Bangladesh, for example, is just $497 while that of Slovenia is $27,019.6 

The market capitalization of stocks in frontier emerging markets in October 2008 is $113.6 

billion.7 Although still smaller than traditional emerging and developed stock markets, these 

markets are becoming more important, as evidenced for example by recent listings of new 

mutual funds and exchange-traded funds on frontier markets.8 In addition, for academics, 

                                                           
5 This chapter is published as De Groot, W., Pang, J., and Swinkels, L., 2012, The cross-section of 

stock returns in frontier emerging markets, Journal of Empirical Finance, 19, 796-818.  
6 Data source: World Bank Development Indicators, available online at http://data.worldbank.org. For 

comparison the GDP per capita of some other countries: Brazil $8,205, Russia $11,832, India $1,019, 

China $3,267, Afghanistan $366, Portugal $22,923, and the United States $46,350.  
7 This is the market capitalisation of the constituents of the Standard & Poor's Frontier Broad Market 

Index. Actual market capitalisation is higher because of exchange listed stocks that are not in this index 

and adjustments made to exclude the market capitalization part of the company that is inaccessible to 

(foreign) investors. 
8 For example, the Harding Loevner Frontier Emerging Markets Institutional (ticker: HLFMX) fund 

was launched on 27 May 2008 (total assets 5/31/2012: $68 mln), the Morgan Stanley Frontier 

Emerging Markets (ticker: FFD) fund was launched on 22 August 2008 (total assets 3/31/2012: $78 
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frontier emerging markets are an untapped data source that provides excellent out-of-sample 

research opportunities.  

 Investors who are interested in improving the risk-return trade-off of their 

portfolios could expand their investment opportunity set by including frontier equity 

markets. Goetzmann, Li, and Rouwenhorst (2005) indicate that investors should be willing 

to keep expanding their investment horizon to new equity markets to get a better diversified 

portfolio. Speidell and Krohne (2007) also mention diversification benefits as a key 

motivation for investors to include frontier markets in their investment portfolios. Berger, 

Pukthuanthong, and Yang (2011) investigate whether frontier equity markets are integrated 

with developed equity markets and conclude that this is not the case. These studies have in 

common that they consider frontier markets as a group or consider them at the country level. 

However, little is known about the risk, return, and diversification characteristics of return 

factors based on individual stock data in frontier markets.9 Our unique survivorship-bias free 

data set on individual stock characteristics in frontier markets allows us to construct 

portfolios based on other characteristics than the country of stock exchange listing. Hence, 

we are able to investigate the existence of value, momentum, size, and low-risk effects in 

these markets over the period 1997 to 2008 and gauge how much stronger these effects are 

when employed at the stock rather than the country level. Moreover, our data enables us to 

investigate whether investment strategies based on these cross-sectional stock attributes are 

correlated between developed, emerging, and frontier markets. Our research aims to fill 

these gaps in the literature. 

 This study contributes to the literature on at least three dimensions. First, our results 

provide out-of-sample evidence for the existence of value, momentum, and local size effects. 

Sorting stocks in frontier markets on value characteristics, such as book-to-price ratios, 

momentum characteristics, such as past 6-month returns, or market capitalization per 

country yield statistically significant positive excess returns for the top quintile portfolios 

versus the index of 5% to 15% per annum. Our study extends the results by Fama and French 

(1998) and Rouwenhorst (1999) for international evidence on the value effect. Our results 

also reinforce the international evidence of the momentum effect reported by Griffin, Ji, and 

Martin (2003) and Rouwenhorst (1998, 1999). Our results are further empirical evidence 

                                                           
mln), the Templeton Frontier Markets (ticker: TFMAX) fund was launched on 14 October 2008 (total 

assets 4/30/2011: $383 mln), the Forward Frontier Markets (ticker: FRNMX) fund was launched on 

31 December 2008 (total assets 5/31/2012: $70 mln) and the Guggenheim Frontier Markets (ticker: 

FRN) exchange-traded fund was launched on 12 June 2008 (total assets 4/30/2012: $137mln). Sources: 

Morningstar and Yahoo Finance. 
9 A notable exception is Girard and Sanha (2008), who use individual stock data of frontier markets to 

assess the importance of political risk in frontier market investments. 
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that value and momentum are present everywhere, as suggested by Asness, Moskowitz, and 

Pedersen (2013). The presence of a local size effect confirms evidence in Europe by Heston, 

Rouwenhorst, and Wessels (1999) and emerging markets by Rouwenhorst (1999). Our 

results are important, as frontier markets are least integrated with developed and emerging 

equity markets, yet, the cross-section of stock returns seems to produce excess returns on 

exactly the same factors.   

 Second, we are the first to investigate the profitability of value and momentum 

effects in frontier markets in detail when faced with real life market imperfections. We 

incorporate transaction costs estimates of 2.5% per single-trip transaction from Marshall, 

Nguyen, and Visaltanochoti (2013) covering bid-ask spreads, market impact and 

commissions. We deem this to be a conservative estimate as we consider the largest half of 

our sample and apply a one-month lag between ranking and portfolio formation to account 

for possible opportunity costs. Our empirical findings indicate that transaction costs have a 

large impact on the profitability of value and momentum strategies. However, we still 

observe economically and statistically significant returns of approximately 6.6% to 7.7% per 

annum after incorporating transactions costs for value strategies and net returns of 4.6% to 

7.2% for momentum strategies. These findings seem to be inconsistent with market 

efficiency. 

 Third, we analyze whether exposure to global risk factors can explain the existence 

of the factor anomalies and whether the factors are prone to extreme downside risk. We 

document that the value, momentum, and local size effects in frontier markets cannot be 

explained by value, momentum, and local size effects in developed and emerging markets. 

This indicates that the excess returns are not caused by exposures to global risk factors and 

implies that our findings are independent of the existence of the effects in other markets. In 

addition we show that the downside risk of value, momentum and local size portfolios in 

frontier markets is lower than can be expected based on the assumptions of normality. Hence, 

we deem it unlikely that downside risk can explain the empirical results we document.  

This chapter is organized as follows. We start in Section 2.2 by describing the data 

and methodology used in our analyses. We investigate the value, momentum, size and low-

risk effect in more detail in Section 2.3. In Section 2.4 we incorporate transactions costs in 

order to determine whether the cross-sectional return patterns still exist when faced with real 

life market imperfections. In Section 2.5 we investigate whether value, momentum, and local 

size effects in frontier markets can be explained by global risk factors. Finally, Section 2.6 

concludes. 
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2.2. Data and methodology 

 

Our research on individual stocks in frontier emerging markets makes use of a unique data 

set with high quality data from different sources. In this section we describe our data 

collection procedure. 

 All stocks are index constituents of the Standard & Poor’s Frontier Broad Market 

Index (S&P Frontier BMI). The sample period runs from the inception of the index in 

January 1997 to November 2008, meaning our sample contains almost 12 years of data. The 

firm characteristics that we use to investigate the value effect are book-to-market ratios, 

earnings-to-price ratios, and dividend yields. We use past local stock returns ranging from 6 

to 36 months to investigate momentum10 and low-volatility strategies and past 36 months 

dollar stock returns to construct the beta strategy. We use market capitalizations to 

investigate the size effect.  

 

2.2.1. Sample selection 

 

Standard and Poor’s (S&P) selects the S&P Frontier BMI constituents according to their 

country as well as according to company selection criteria. To select countries, they analyze 

potential frontier markets for investor interest and accessibility. A market’s turnover, 

number of listings and whether it has attracted a minimum amount of foreign investor 

interest are considered. S&P also considers a market’s development prospects and, in 

particular, whether a market is likely to develop in breadth, depth and infrastructure. These 

requirements ensure that many small and inaccessible countries are not included in our data 

set. 

 In each country, S&P selects the publicly listed equities, including local listings 

and listings from Hong Kong, London and New York, based on market capitalization and 

lack of foreign investment restrictions. The aggregation of the market capitalization of 

selected stocks should exceed 80% of the total market capitalization of each country. S&P 

reduces the number of shares outstanding used in the index calculation to reflect any limits 

or restrictions on investments by foreign investors or entities. Hence, our sample contains 

only the larger and more investable part of frontier equity markets. Our sample does not 

suffer from survivorship bias, as the index constituents are known real-time. Each month, 

                                                           
10 This is in line with Bhojraj and Swaminathan (2006), whose results suggest that using local returns 

for international momentum strategies leads to higher excess returns. 
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we include only those stocks in our sample that are index constituents at that moment in 

time.11 

Table 2.1 shows the frontier market countries in our sample with, in column two, 

the region classification and, in columns three to seven, country inclusion information: dates 

of inclusion in index, country index weights and number of firms at the moment of inclusion 

and as of the last sample month of October 2008. The largest countries (in terms of index 

weight) in October 2008 are Kazakhstan, Lebanon and Slovenia. During the sample period, 

the number of countries increased from 14 to 24, and the number of firms increased from 

204 to 290. The last two columns contain the turnover ratio of stocks in a particular country 

in the inclusion year in the index and in 2008. The turnover ratio is a measure of liquidity 

and defined as the total value of stock trades in a year divided by the average market 

capitalization of the entire stock market. This data is obtained at the country level from the 

World Bank online database.12 The turnover rate for developed markets is typically between 

50% and 150%. For emerging markets the turnover rate is generally between 25% and 75%. 

The turnover rate in frontier markets is on average close to 15%, which is substantially 

smaller than for developed markets. In 2008, the frontier countries with the largest turnover 

ratios are Bangladesh, Tunisia, and Vietnam.  

 

2.2.2. Returns and market capitalizations 

 

We calculate stock returns as monthly total returns in US dollars. Since S&P does not 

provide total return data for individual stocks in frontier markets, we use total monthly 

returns from Interactive Data Exshare as our first data source. If total return data is not 

available from Exshare, then we aggregate S&P monthly price returns and the cumulative 

daily dividend in that month divided by the price at the previous month-end to get monthly 

total returns. In case of extreme monthly return observations with large differences between 

the above two data sources, we check with alternative data sources, such as Bloomberg or 

the local stock exchange.13 If one of the total returns still cannot be confirmed, we use the 

smallest available in absolute value to limit the potential influence of outliers.  

                                                           
11 Still, one could wonder whether the historical index has been constructed using future information. 

We verified with the IFC Emerging Stock Markets Factbook 1998 and the index construction 

methodology by S&P that no surviving countries were later added to the historical index. We also 

verified that no countries were excluded from the index during our sample period. 
12  Data retrieved from http://data.worldbank.org/indicator/CM.MKT.TRNR. Note that we cross-

checked the data for 1997 with those available in the IFC Emerging Stock Markets Factbook 1998 and 

find that these are similar.  
13 We define monthly total returns larger than 100% and smaller than -60% as extreme returns. 
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 To further gauge the quality of our data, we replicate the index returns for the 

individual countries in the S&P Frontier BMI in US dollars and local currency using total 

returns, S&P market capitalization, and index constituent identifiers in our individual stock 

database. The correlation between our replication and the index returns reported by S&P is 

above 98%. This high number gives us additional comfort that our data set is of high quality. 

Note that, in order to be eligible for inclusion in a portfolio, the stock needs to be included 

in the index. If a stock is in a portfolio and is taken out of the index, we still use its price 

return from the databases to calculate the portfolio return until the strategy excludes the stock 

from the portfolio.14  

 Table 2.1 shows information on return data per country and for the total market. 

The average monthly dollar return of the equally- and value-weighted frontier market 

portfolio equals 0.8%. The difference between these two is not statistically significant (t-

value 0.4). Nevertheless, it suggests that small capitalization stocks outperformed large 

capitalization stocks in our sample. The average return in frontier markets is higher than in 

developed and emerging markets over this sample period, where the average equally-

weighted returns are 0.5% and 0.6%, respectively.15 The standard deviation of the equally-

weighted frontier markets index return is 4.2%. This is marginally lower than the volatility 

of developed markets (4.4%) and substantially lower than the volatility of the emerging 

markets index (7.2%). Note that the low volatility in frontier markets is mainly due to low 

correlation among this group of countries. Individual country volatilities can be above 15% 

per month.16 The local returns are somewhat higher with 1.4% per month for the equally-

weighted, and 1.1% per month for the value-weighted index. Volatilities for local returns 

are approximately the same as for the returns in USD.  

 In addition, we present median market capitalizations in Table 2.1. We can see that 

the median firm size of frontier market stocks is USD 36 million. This is substantially lower 

than in emerging markets (EM) where the median firm size is approximately ten times larger 

at USD 337 million. 

                                                           
14 In most cases, stocks dropping from the index are not (immediately) delisted, limiting the concerns 

raised by Shumway (1997) on the potential effect of a delisting bias for US stock returns. For 20 

individual stocks, we observe monthly returns below -90%, indicating severe stress for the companies 

involved. These negative returns are included in the portfolio returns. Nevertheless, despite extensive 

data checks, we cannot guarantee that there are some individual cases for which delisting returns are 

not accurately accounted for in our databases. 
15 The developed markets universe consists of stocks included in the FTSE World index and for 

emerging markets it is stocks in the S&P/IFCI Emerging Markets index. 
16 Erb, Harvey, and Viskanta (1996) predict the risk of equity markets in 135 countries. For the frontier 

markets, they predict 8-14% volatility on a monthly basis. This is roughly in line with our summary 

statistics in Table 2.1 for the individual countries. 
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2.2.3. Accounting data 

 

For the firm characteristics book-to-market and earnings-to-price ratio, we use S&P as our 

first data source. If for a particular stock S&P data is not available, we use Worldscope data, 

which we lag with 6 months to account for delayed availability of the annual reports. We 

extract dividend yield data from the Interactive Data Exshare database, which we calculate 

as the cumulative daily dividend payments over the past twelve months, divided by the price 

at each month-end.  

 We check the data quality of each of these variables using various statistics, such 

as coverage, median, maximum value and minimum value in each month during our sample 

period. In addition, we examine alternative data sources, such as Bloomberg, in the case of 

suspicious values. This battery of quality checks has led to a unique, high-quality frontier 

emerging markets data set. 

  We summarize these firm characteristics of our sample data with statistics in Table 

2.1. The median book-to-market ratio is 0.8 (EM 0.6), the median earnings-to-price ratio 

8.5% (EM 6.1%) and the median dividend yield 2.5% (EM 1.7%). Based on these value 

characteristics, frontier market stocks are considered to have been cheaper than emerging 

markets stocks over this sample period. Kazakhstan and Panama do not have any dividend 

yield data, as they only entered the index in December 2007 and have a history of less than 

one year. Furthermore, for the entire sample of frontier markets, approximately one-third of 

the stocks have a dividend yield equal to 0%.  

 

2.2.4. Data coverage of stock and firm characteristics 

 

Figure 2.1 presents the number of S&P Frontier BMI constituents through time and the 

number of firms that have data available for the different characteristics. The number of 

index constituents is stable, with 204 at the start and varying between 250 and 300 over our 

sample period. There were 290 stocks at the end of the sample period in October 2008. Since 

stocks enter and exit the index, the total number of individual stocks over the entire sample 

period is slightly more than 1,400. For each stock, the market capitalization is available. For 

the return-related variables we show only the coverage of 1-month momentum, for which 

we have almost 100% data coverage.17 The coverage of the book-to-market and earnings-

to-price ratio is almost 100% before 2007, and slightly decreased thereafter, because our 

                                                           
17 To prevent losing three years of our sample for the 36-month momentum and low-risk variables, we 

assume an expanding window in the beginning of our sample period starting with 12 monthly return 

observations. 
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data sources do not provide information for several stocks that newly entered the index. 

Dividend yield is the characteristic with the lowest data coverage, as it depends on a single 

data source. Nonetheless, dividend yields are available for at least 200 firms in most of the 

months of the sample period, meaning that the average coverage is above 80%. We conclude 

that the data coverage and quality is sufficiently high to examine the profitability of 

investment strategies in frontier markets. 

 

FIGURE 2.1. Data coverage of stock and firm characteristics 

The bold black line represents the number of firms in the S&P Frontier BMI. The other lines represent 

the data availability for the book-to-market ratio (B/M), the earnings-to-price ratio (E/P), the dividend 

yield (D/P), and 1-month momentum (MOM1). 

 
 

2.2.5. Portfolio construction methodology 

 

We form investment portfolios in a style similar to, e.g., Jegadeesh and Titman (1993). At 

the end of each month, we rank the stocks on a particular characteristic.18 For our baseline 

strategy, we form an equally-weighted portfolio from the top 20% of the ranking, label this 

the Top portfolio, and compare these with the equally-weighted average return from the 

                                                           
18 Note that we treat companies that pay no dividend at all separately when calculating the excess 

return for the D/P strategy. We treat them in the same way as firms with missing data and rank them 

in the middle, so that it does not appear in the top or bottom portfolio that month. This methodology 

of dealing with companies that pay no dividend and the empirical results are in line with Fama and 

French (1993).  
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entire sample, the Index portfolio. We additionally create an equally-weighted portfolio from 

the least attractive 20% of stocks, and label this the Bottom portfolio to investigate long-

short strategies. For most frontier equity markets it is nearly impossible to short sell stocks. 

However, in a portfolio management context, the short portfolio can be used to underweight 

assets relative to the frontier market benchmark index. A lower portfolio weight than in the 

benchmark index means in essence a short position for the portfolio manager. Note that these 

short positions in the benchmark in this context are capped at the benchmark weight, while 

for long-short portfolios these weights are (in theory) uncapped. For small-cap stocks such 

long-only constraint is most problematic, as short positions relative to the benchmark are by 

definition small. For this reason, the main focus in all our analyses is on the top portfolio. 

Each month, new portfolios are constructed, which we hold for a period of twelve months, 

unless a stock gets delisted before the end of the holding period. These stocks exit the 

relevant portfolio, and the weights of the remaining stocks are adjusted proportionally.  

 As we construct new portfolios every month and use a 12-month holding period, at 

any point in time the strategies effectively hold stocks from twelve portfolios, each formed 

one month apart. We calculate monthly returns for a particular strategy as the average of the 

returns of the twelve portfolios. All returns are expressed in US dollars. For country- or 

region-neutral portfolios, we rank the stocks within each country on a characteristic and 

assign the top 20% of each country to the Top portfolio. Hence, the country-neutral Top 

portfolio has the same country distribution as the Bottom portfolio and the Index portfolio. 

An additional side-effect is that country-neutral portfolios contain the same percentage of 

stocks in a certain currency as the bottom or index portfolio and therefore the associated 

excess returns cannot be attributed to currency movements. 

 

2.3. Value, momentum, size, and low-risk effects in frontier markets 
 

In this section, we analyze the cross-section of returns on four common types of 

characteristics on which we have high-quality data available for our frontier emerging 

markets. First, we investigate three valuation characteristics, followed by an investigation of 

three momentum characteristics. We continue with firm size as measured by market 

capitalization and end with two low-risk characteristics. We continue the section by 

analyzing the impact of capital constraints on the results and conclude by investigating the 

diversification benefits between the three types of characteristics. 
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2.3.1. Value 

 

We start by investigating value investment strategies for which Fama and French (1992) and 

Lakonishok, Shleifer, and Visney (1994) report significantly positive excess returns for US 

stocks. Fama and French (1998) and Rouwenhorst (1999) find out-of-sample evidence for 

international developed and emerging equity markets. We rank the cross-section of stocks 

in our sample on three value characteristics: the book-to-market ratio (B/M), earnings-to-

price ratio (E/P), and dividend-to-price ratio (D/P). Stocks with high B/M, E/P, and D/P 

ratios have on average higher returns than stocks with low ratios. This is called the value 

effect. The left part of the results in Panel A of Table 2.2 indicates that our sample of frontier 

market stocks also exhibits strong value effects. The first row in Table 2.2 indicates that B/M 

sorted portfolios have a Top-Minus-Index (TMI) excess return of 0.74% per month, which 

is statistically significant with a t-value of 3.05.19 For portfolios ranked on E/P, we find 

economically and statistically significant TMI returns of 1.26% per month with a t-value of 

5.55. The D/P valuation strategy has the least positive excess returns, with 0.41% per month 

and a t-value of 1.72.  

 We also investigate the average return of Top-Minus-Bottom (TMB) portfolios. 

Table 2.2 shows that the documented excess return of the B/M strategy is almost equally 

split between the long and the short side, as the return of the B/M factor of 0.74% is roughly 

doubled to 1.66% when viewed in excess of the bottom portfolio. We find comparable results 

for E/P and D/P. Due to the increased volatility of this Top-Minus-Bottom strategy, the t-

values increase to a lesser extent and decrease somewhat for E/P. 

We compare our results to Top-Minus-Bottom returns of more developed equity 

markets. Fama and French (1998) report 0.64% excess return per month for B/M, 0.57% for 

E/P, and 0.46% for D/P for a global equity portfolio consisting of 13 countries over the 

period 1975 to 1995. They furthermore show that the value premium exists for most 

countries individually and are not limited only to the US. Rouwenhorst (1999) reports a 

0.72% per month excess return for B/M for stocks in 20 emerging markets over the period 

1987 to 1997, and Van der Hart, De Zwart, and Van Dijk (2005) report 0.73% and 0.68% 

per month excess return for B/M and E/P in 31 emerging markets over the period 1988 to 

2004. Thus, the excess returns based on value-characteristics sorted investment strategies in 

frontier markets are economically at least as large as those reported in the literature for 

developed and emerging stock markets. 

 

                                                           
19 Throughout our research, we use the method described in Newey and West (1987) to calculate t-

values that are robust to heteroscedasticity and autocorrelation. 
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  As our results might be driven by frontier market risk, we also calculate the alphas 

relative to a single-factor model with the equally- or value-weighted frontier market index 

as the single risk factor. The betas of the TMI strategies are close to zero for each of the 

value strategies (not reported). This implies that the alphas reported in Table 2.2 (‘market 

risk adjusted’) here are close to the raw TMI returns reported before. For example, the 0.74% 

raw excess return of the B/M strategy is slightly reduced to a significant risk-adjusted alpha 

of 0.69% per month when we use an equally-weighted market index and stays 0.74% per 

month when we use a value-weighted market index. An important exception is the D/P 

strategy. This strategy selects stocks with a relatively low beta to the market index.20 Hence, 

the market risk-adjusted excess return is 0.59% (t-value 3.00) per month for an equally-

weighted index and 0.50% (t-value 2.43) per month for a value-weighted index, whereas the 

raw excess return was only 0.41% (t-value 1.72). Summarizing, our results indicate that 

unconditional beta risk cannot explain the excess returns on the investment strategies. This 

observation is in line with results documented for these strategies in developed and emerging 

equity markets. 

 As these investment strategies rank all stocks at each period in time, the raw results 

reported in the first row of Panel A of Table 2.2 might be influenced by regional effects. In 

other words, the top portfolio might be more exposed to certain regions than the index which 

could explain part of the abnormal returns. Therefore, we also calculate each of the 

investment strategies per region and also display the region-neutral TMI investment 

strategies in the second part of Table 2.2. These investment strategies require the 20% most 

attractive stocks from each region to be in the top portfolios, which ensures that the regional 

distribution of the top portfolio is equal to the index.21 The results in Table 2.2 indicate that 

the results are not driven by regional effects. The region-neutral strategy yields value returns 

of 0.73% (B/M), 1.08% (E/P), and 0.56% (D/P) per month, which are all statistically 

significant and similar in magnitude as the non-neutral returns. We document a positive TMI 

return for most of the valuation characteristics of each of the regions separately. The D/P 

strategy seems to be the weakest valuation variable where both Europa and Asia have 

negative returns. These low returns for the long-only D/P strategy is caused by its low beta, 

as we also saw for the non-neutral strategy. Summarizing our region-neutral results, we 

conclude that the presence of the value effect is robust to regional influences. 

                                                           
20 Fama and French (1998) also report that the global high D/P strategy has a beta of 0.87, lower than 

the beta of the B/M and E/P strategy, which are 0.94 and 0.95, respectively. 
21 The number of stocks is not exactly equal with or without region or country neutrality imposed, as 

we require each region or country to have at least 4 stocks available and data coverage of at least 40% 

at a point in time to be included in the analysis. The average number of stocks in the strategy per region 

is as follows: America 35, Europe 103, Africa 80, Asia 49. 
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 While the value effect is present across regions, it is possible that differences in 

country-specific accounting standards or currency effects might drive our results, at least to 

some extent. Therefore, we take the analysis one step further and calculate country-neutral 

investment strategies. In this way, country and currency effects are hedged out relative to 

the index, as explained in Section 2.2.5 on the portfolio construction methodology. Table 

2.2 shows that imposing country neutrality does not alter our conclusions about the 

significant presence of value effects in frontier markets. Nevertheless, part of the global TMI 

returns can be attributed to country allocation, as TMI returns for the country-neutral strategy 

are about half of the non-country-neutral returns. Our finding that part of the value effect is 

driven by country allocation is in line with Asness, Moskowitz, and Pedersen (2013), who 

report that ranking country indexes based on valuation measures leads to significant excess 

returns. This analysis shows the benefits of using stock-specific data as our results indicate 

that valuation measures at the individual stock level contain information above and beyond 

the country level which is vital to fully capture the factor return. 

 The analyses in this sub-section show that the value effect is robust and strongly 

present in our data set consisting of frontier emerging equity stocks. 

 

2.3.2. Momentum 

 

In this sub-section, we investigate the profitability of momentum strategies in frontier 

emerging markets. This means that stocks in the cross-section are ranked on their past 

returns. Stocks with higher past returns are expected to have higher future returns. Jegadeesh 

and Titman (1993) report significantly positive excess returns for winner stocks relative to 

loser stocks over the past 3 to 12 months in the US, and Rouwenhorst (1998, 1999) confirms 

these findings for international developed and emerging market stocks. 

 In Table 2.2 we display momentum strategies with a look-back period of 3, 6, and 

12 months, and a holding period of 12 months. Similar to the value strategies, we choose a 

relatively long holding period of 12 months as we know that transactions costs can be 

substantial in frontier emerging markets.22 We see that the 3-month look-back period results 

in a 0.95% per month excess return relative to the index. For longer look-back periods the 

excess returns are smaller, with 0.59% per month for a 12-month look-back period. In order 

to compare our results to the literature, we also display how much excess returns the short 

positions generate and how this adds up to returns of the Top-Minus-Bottom portfolios. In 

all cases, the results are stronger for the top than for the bottom portfolio. TMB returns are 

                                                           
22 In Section 2.4 we investigate the sensitivity of value and momentum effects to other holding periods. 
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higher than for TMI, but with lower t-values. For the 6-month momentum strategy, e.g., we 

obtain a 1.19% per month excess return with a t-value of 2.80 for the TMB portfolio 

compared to an excess return of 0.77% per month with a t-value of 4.02 for the TMI 

portfolio. 

 The magnitude of our momentum profits in the medium term is in line with those 

observed for developed and emerging markets. Jegadeesh and Titman (2001) report an 

excess return of 1.09% per month for past 6-month winners relative to losers for the US over 

the period 1965 to 1997. Rouwenhorst (1998, 1999) documents 1.16% per month for 

European stock markets (1980-1995) and 0.39% per month for emerging markets (1982-

1997). Van der Hart, De Zwart, and Van Dijk (2005) report 0.74% for their sample of 31 

emerging markets over the period 1988 to 2004. The short-term momentum returns are in 

line with Chan, Hameed, and Tong (2000), who report a 1.1% per month excess return for 

short-term country momentum strategies using a sample of 23 developed and emerging 

countries over the period 1980 to 1995. We conclude that the excess returns from our frontier 

equity markets momentum strategies are economically at least as strong as those reported 

previously for developed and emerging equity markets. 

 We also calculate the alphas relative to a single-factor model with the equally- 

weighted and value-weighted frontier market index as the risk factor. The betas of the TMI 

strategies are close to zero for each of the excess returns of the momentum strategies (not 

reported). This implies that the alphas reported in Table 2.2 are about the same as the raw 

TMI returns reported before. Hence, these results indicate that unconditional beta risk cannot 

explain the excess returns of the momentum investment strategies. This is in line with results 

documented for momentum strategies in developed and emerging equity markets. 

 In the second part of Panel A, Table 2.2 we investigate in more detail the influence 

of regional and country effects on the return of momentum strategies. We see that the raw 

momentum returns slightly decrease when we impose region neutrality. For example, the 6-

month momentum strategy decreases from 0.77% per month to 0.69% per month. For all 

momentum strategies, each of the regions separately also have a positive excess return. 

Particularly for the 6-month momentum strategy we find the strongest results for Africa 

(0.94% per month) and the weakest for America (0.31% per month). Imposing country 

neutrality further reduces the momentum profits, although only for the 12-month momentum 

strategy we do not find significant results anymore. The 6-month momentum profits reduce 

to 0.21% per month, implying that country momentum is part of the total momentum profit. 

Rouwenhorst (1998), Chan, Hameed, and Tong (2000) and Bhojraj and Swaminathan (2006) 

provide empirical evidence of momentum profits at the country level for developed and 

emerging equity markets. Our results confirm the existence of country momentum within 
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the group of frontier markets and may serve as out-of-sample evidence for what is sometimes 

called macro-momentum, since it is at the country level. 

Chui, Titman, and Wei (2010) link the existence of the momentum effect to the 

degree of individualism of investors within a country.23 Their results suggest that countries 

with a high Hofstede score on individualism also earn higher average momentum returns.24 

For several of the frontier markets countries, a score on individualism is available; see 

Hofstede (2001) and Appendix 2.B. The average score is low for frontier markets for which 

the score is available. A low score suggests that social groups such as families play a more 

important role than individuals. Chui, Titman, and Wei (2010) claim that the medium-term 

momentum effect is weaker for countries with low individualism. The low individualism 

score for frontier markets would imply that momentum effects in these markets are rather 

small. Hence, we investigate the momentum returns for the sub-sample of countries with a 

low individualism score. Estonia, Jamaica, Lebanon, and Slovakia are excluded because they 

have an individualism score above the threshold of the low individualism sub-sample from 

Chui, Titman, and Wei (2010). From the last row of Panel A in Table 2.2, we observe that 

the momentum returns from our low individualism sub-sample are at least as high as those 

in the full sample. Hence, our results do not seem to indicate that momentum is weak in 

countries with a low score on cultural individualism.  

 The analyses in this sub-section show that the momentum effect is robust and 

strongly present in our data set consisting of frontier emerging equity stocks. 

 

2.3.3. Size 

 

The size effect means that the cross-section of stocks is ranked according to market 

capitalization of equity. Stocks with a relatively low market capitalization experience higher 

returns than stocks with a relatively large market capitalization. The existence of the size 

effect has been first documented by Banz (1981) for US equity markets and has later been 

confirmed by many other researchers in equity markets around the world. Van Dijk (2011) 

provides a comprehensive review on the size effect around the world. 

 Panel A of Table 2.2 indicates that we do not find a size effect among the total 

group of frontier emerging markets countries. The excess return of a portfolio of stocks with 

a small market capitalization relative to the index is an insignificant 0.23% per month. Also, 

                                                           
23 Speidell (2009) reports some anecdotal evidence of differences in investor behavior in frontier 

markets. 
24 See www.geert-hofstede.com for detailed information on the scores on different aspects of culture. 
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small capitalization stocks do not significantly outperform large capitalization stocks, as the 

return of the Top-Minus-Bottom portfolio is 0.51% with a t-value of 1.19. 

 Our results on a region and country-neutral level indicate that the size effect is a 

local effect. In three out of four regions the return of small stocks is higher than that of the 

index. Due to diversification benefits across regions, the region-neutral size effect is 

economically and statistically significant with an excess return of 0.81% per month and an 

associated t-value of 3.64. Imposing country-neutrality leads to qualitatively similar results 

as imposing region-neutrality. The finding of only a local size effect again emphasizes the 

need of individual stock data to fully capture the return premium related to the size factor, 

as the country allocation decision does not seem to add significant value.  

 These results are in line with the empirical literature on the international existence 

of the size effect. For example, Heston, Rouwenhorst, and Wessels (1999) report a 

significant size effect in Europe, which is due to small stocks within a country earning higher 

risk-adjusted returns than large stocks within the same country. Barry, Goldreyer, 

Lockwood, and Rodriguez (2002) also only find evidence of a size effect in emerging 

markets when they measure size relative to the local market. The size effect in Rouwenhorst 

(1999) is significant in 12 out of 20 individual emerging markets. 

 The analyses in this sub-section show that only the local size effect is present in our 

data set consisting of frontier emerging equity stocks. For that reason we only focus on the 

local size factor in the remainder of the analyses. 

 

2.3.4. Low-risk 

 

Another factor that is difficult to reconcile with the CAPM is the low-risk effect. This factor 

is constructed by ranking stocks on historical risk measures, such as beta or volatility. To 

our knowledge, Black, Jensen, and Scholes (1972) are the first to document the abnormal 

returns of these low-risk portfolios. Later, Blitz and Van Vliet (2007) documented that low-

risk stocks have alpha relative to the CAPM not only in the US, but also in international 

markets. There are at least three explanations put forward for the existence of the low-risk 

effect. First, investors might not be allowed to or willing to apply leverage to their 

investment portfolio. When they wish to increase expected returns without employing 

leverage they are forced to buy high-risk stocks (under the assumption that expected returns 

and risk are positively correlated); see Black (1972), Falkenstein (2009), and Baker, Bradley, 

and Wurgler (2011). Second, the existence of the low-risk effect might be caused by a two-

step investment process. In the first step the asset allocation decision is taken by the chief 

investment officer using absolute risk and return criteria. In the second step, investment 
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managers are hired to outperform a benchmark, causing them to focus on relative risk and 

return criteria. Such delegated portfolio management decisions may lead to suboptimal 

portfolios and may distort aggregate asset prices in such a way that high-risk assets are 

structurally overpriced and low-risk assets structurally underpriced; see Van Binsbergen, 

Brandt, and Koijen (2008). Thirdly, Shefrin and Statman (2000) suggest that private 

investors may hold part of their wealth, above a certain threshold level, as a gamble to 

quickly become rich. This might explain why many private investors only hold a limited 

number of stocks in their portfolio. This behavioral effect might lead highly volatile stocks 

to be overpriced. 

 In Panel A of Table 2.2, we display the returns of a portfolio of low-beta stocks and 

low-volatility stocks. For the TMB portfolio this is the low-beta (low-volatility) portfolio 

minus the high-beta (high-volatility) portfolio. Both risk measures beta and volatility are 

calculated using historic 36 month returns. The empirical results in Table 2.2 indicate that 

we do not find a strong low-risk effect in frontier emerging markets countries. The excess 

return of a portfolio of stocks with a low-volatility relative to the index is an insignificant 

0.07% per month, whereas low-beta stocks underperform the index by an insignificant 

0.32% per month. As risks are persistent, portfolios formed on low-risk characteristics are 

also in the investment period less risky than the index. Hence, it makes more sense to look 

at risk-adjusted returns than absolute levels of return. We see that the low-volatility effect, 

with an alpha of 0.41% per month relative to the equally-weighted index, is economically 

and statistically significant. However, this result is not robust. For other specifications, for 

example using low-beta instead of low-volatility or measured against a value-weighted 

index, the results are not statistically significant. For our region- or country-neutral analyses, 

we occasionally find a significantly positive relation between risk and return as one would 

expect from standard textbook finance. 

 Blitz, Pang, and Van Vliet (2013) suggest that low-risk strategies also earn higher 

risk-adjusted returns in emerging equity markets. However, they observe that in the first half 

of their sample (1989-1999) the low-risk effect in emerging markets is weaker than in the 

second half of their sample (2000-2010). They attribute this to the lack of benchmark-driven 

investors in the first half of their sample. We expect that for frontier markets over our sample 

period the number of benchmark-driven investors is limited, and only recently has started to 

become an asset class that institutional investors might allocate to. If the conjecture of Blitz, 

Pang, and Van Vliet (2013) is correct, we also expect a small low-risk effect in our sample. 

Our results seem consistent with their explanation. This means that our findings casts doubt 

on the explanation that the low-risk effect is caused by market frictions such as short sales 

constraints, which are more likely to exist in frontier markets.  
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 The analyses in this sub-section show that the low-risk effect is neither statistically 

nor economically significant in our sample of frontier emerging equity stocks. For that 

reason, we only analyze the value, momentum and local-size strategies in subsequent 

sections. 

 
2.3.5. Influence of capital constraints 

 

The empirical results on the value, momentum, and local size effect that we displayed in 

Table 2.2 could be related to capital constraints in frontier equity markets, as these markets 

have not always been as open as they currently are. Although our data provider takes these 

requirements into account before admitting a country to the frontier markets index, the 

investment strategies could potentially still be tilted towards countries with the most or least 

investment restrictions in our sample.25 Although a priori it is not clear what the effect would 

be of this tilt, we want to make sure that our findings are robust in this respect. Therefore, 

we use data on financial market liberalization to separate the frontier markets into a most 

and least liberalized group and verify whether our results still hold for these sub-samples.26  

 We use three different measures of financial market liberalization, namely relevant 

sub-indices of the Index of Economic Freedom reported by The Heritage Foundation (HF)27, 

the KOF Index of Globalization constructed by the ETH Zurich (KOF)28 and the Economic 

Freedom of the World (EFW) reported by the Fraser Institute.29 We choose sub-indices in 

such a way that they best represent investment freedom.30 The higher the score, the higher 

the financial liberalization, meaning it is less likely that capital constraints play an important 

role in that country. We omit scores when a country is not yet included in the S&P Frontier 

BMI. For all three indices the coverage is high, although not all data is always available, 

such as KOF and EFW data for Lebanon. As can be expected, the rank correlations between 

                                                           
25 Note that unreported empirical results indicate that the average returns of the frontier emerging 

markets are not related to their average financial market liberalization score or the change thereof. 
26 See Bekaert and Harvey (2003) for an overview on integration and liberalization measures for 

emerging markets. Unfortunately, Bekaert and Harvey (1995, 2000) do not have integration data 

available for the frontier equity markets in our sample. 
27 Data are available at http://www.heritage.org. We use the average of the sub-indices Financial 

Freedom and Investment Freedom, as these two are closest to the definition of freedom that we prefer 

to measure for our analyses. 
28 Data available at http://globalization.kof.ethz.ch. For more details on this index: see Dreher (2006). 

We use the Economic Globalization dimension scores, as the Political and Social Globalization 

dimensions are less relevant for our analyses.  
29 Data from the Fraser Institute available at http://www.freetheworld.com. We use the area Freedom 

to Trade Internationally as this area most directly represents the measure we are interested in.  
30 Appendix 2.A contains the annual scores per frontier country and a comparison of the liberalization 

measures for frontier markets with developed and emerging countries.  
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these indices are relatively high with roughly 75% over the sample period. Nevertheless, 

some differences are present and therefore we investigate the impact of each of the three 

measures separately.  

 At the end of each month, we rank all countries based on each of the three financial 

liberalization indices.31 We choose the thresholds to split the countries into a most and least 

liberalized group in such a way that the two groups contain approximately an equal number 

of stocks. We then form investment portfolios on the most and least liberalized stocks 

separately. Panel B of Table 2.2 contains the results for the sub-samples with the highest and 

lowest financial liberalization according to each of these measures. With the exception of 

the D/P factor, which also showed the weakest overall results, we observe that value 

strategies still deliver significantly positive excess returns in liberalized as well as non-

liberalized countries, both from an economic and statistical point of view. Therefore, we 

conclude that capital constraints do not seem to drive the value effects. We also check the 

influence of capital constraints of each of the countries on our momentum results and on the 

country-neutral size results. These strategies all still deliver substantial positive excess 

returns in both liberalized and non-liberalized sub-samples.32 Therefore, we also conclude 

that capital constraints do not seem to drive momentum and size returns. 
 
2.3.6. Diversification effects 

 

Asness, Moskowitz, and Pedersen (2013) indicate that value and momentum strategies are 

negatively correlated within asset classes. This negative correlation implies diversification 

benefits from combining value and momentum effects in one investment strategy. We 

therefore investigate the correlation between the three value strategies, the three momentum 

strategies, and the local size strategy that we analyzed before. 
 

                                                           
31 We incorporate appropriate time lags when using the index scores. Heritage Foundation informed 

us that annual scores have become available in the first quarter. Therefore we use the scores as of the 

end of March every year. KOF data has become available every year around January based on data of 

two years ago. So, around January 2008, the new index became available based on 2005 data. To be 

conservative, we use a two years and one quarter lag, meaning we assume 2005 data is available at the 

end of March 2008. Note that this index contains a look-ahead bias, as data of previous years changes 

with the introduction of a new methodology. The same holds for EFW, although data becomes 

available a bit earlier. We use a one year and three quarters lag, meaning that we assume 2005 data is 

available at the end of September 2007.  
32 Our proxies are related to capital constraints, which could be related to more practical difficulties 

for international investors. These measures of capital constraints could therefore also be interpreted as 

efficiency measures. Griffin, Kelly, and Nadari (2010) suggest that traditional return-based efficiency 

measures, such as variance-ratio tests, are not related to the magnitude of momentum returns in 56 

developed and emerging markets. 
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TABLE 2.3. Correlation between value, momentum, and size strategies in frontier markets 

The table contains the correlations between the monthly top-minus-index excess returns of the value, 

momentum, and size strategies in frontier emerging markets. All portfolios are formed as described in 

Table 2.2. Country neutrality is only applied to the size portfolio. 

 

In Table 2.3, the correlations over the period 1997 to 2008 are displayed. The 

momentum strategies are all positively correlated, ranging from 0.35 to 0.75 for different 

formation periods. The correlation between valuation strategies is mixed. B/M and E/P 

strategies are positively correlated with a coefficient of 0.47. The D/P strategy is negatively 

correlated to the B/M strategy and uncorrelated to the E/P strategy. Our empirical results 

suggest that combining different valuation indicators improves the risk-adjusted 

performance of a long-only valuation investment strategy.  

 The off-diagonal block of the correlation matrix indicates that valuation strategies 

are on average unrelated to the momentum strategies with correlations ranging from -0.25 

between B/M and 12-month momentum to 0.20 between E/P and 3-month momentum. 

Hence, the diversification benefits between value and momentum within frontier markets 

are large. The size strategy is also virtually uncorrelated with value and momentum 

strategies, indicating that diversification benefits also exist with the size factor.  

 

2.4. Incorporating transaction costs  

 

The results in the previous section are based on market prices without taking transaction 

costs explicitly into account. Fortunately, our data provider S&P explicitly takes liquidity 

into account when deciding to include a country or a stock in their frontier markets index. 

Hence, we expect that the stocks in our sample can be traded in reasonable quantities.33 

Furthermore, our results in Sub-section 2.3.5 already indicate that for our sample of stocks, 

constraints on the free movement of capital into frontier countries does not explain the 

                                                           
33 See Lesmond (2005) and Bekaert, Harvey, and Lundblad (2007) for a detailed investigation of 

liquidity in emerging markets. 

Size

B/M E/P D/P MOM3 MOM6 MOM12 Size

B/M 1 0.47 -0.33 0.18 -0.17 -0.25 0.23

E/P 1 0.00 0.20 0.03 -0.21 0.01

D/P 1 -0.18 -0.12 -0.09 -0.26

MOM3 1 0.51 0.35 -0.03

MOM6 1 0.75 -0.07

MOM12 1 -0.07

Size 1

Value Momentum
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existence of the value and momentum effects. Nevertheless, actual transaction costs, such 

as bid-ask spreads, market impact costs and commissions might be a particular issue for 

frontier markets, as liquidity is typically lower than for more developed equity markets (see, 

e.g., Speidell and Krohne 2007) as indicated in Table 2.1. This raises the question on whether 

the abnormal returns associated with value and momentum investment strategies are truly 

inconsistent with market efficiency. In this section we analyze the profitability of the 

investment strategies when faced with real life market imperfections. 

  Not much has been documented on actual trading costs in frontier markets. Papers 

that examine stock market anomalies after incorporating trading costs in U.S. markets often 

make use of the model of Keim and Madhaven (1997), see e.g. Avramov, Chordia and Goyal 

(2006). However, as this model is only calibrated on the U.S. market it can therefore not be 

applied to frontier markets. Recently, Marshall, Nguyen, and Visaltanachoti (2013) 

estimated the transactions costs for a sample of 19 frontier markets stocks using data over 

the period 2002 to 2010 from Thomson Reuters Tick History database. They report average 

value-weighted effective spreads of 0.95% and market impact costs of 0.45% over their 

sample period.34 Furthermore they use commission data based on Quisenberry (2010) which 

the author estimates to be 1.09% on average in 2007. We therefore assume total single-trip 

transaction costs of 2.5% for each stock in our analysis which is equal to the sum of the 

spread between mid and bid/ask price, market impact, and commission costs. This estimate 

for frontier emerging markets is substantially larger than recent estimates for more 

developed equity markets. E.g., De Groot, Huij and Zhou (2012) report average transaction 

costs estimates incorporating spread, market impact and commissions of 9 basis points for 

S&P 500 stocks over the period 1990 to 2009 and 26 basis points for the 600 largest 

European stocks over the same sample period. This means that our assumption of transaction 

costs is 28 times larger than the US estimates and 10 times larger than the European 

estimates. Although our sample seems to be more liquid than that of Marshall, Nguyen, and 

Visaltanachoti (2013), we prefer to be conservative and apply these cost estimates only to 

the largest 150 stocks in our sample. In Figure 2.1 we showed that our sample consists of 

approximately 300 stocks at each point in time, which means that we disregard the smallest 

half of our sample in our analysis in this section. An additional important trading cost 

component in frontier markets are opportunity costs, since finding a counterparty to trade 

with might not be that easy in frontier markets. As a consequence, we therefore skip one 

                                                           
34 In addition, we asked a large stock broker (Nomura) for estimates on bid-ask spreads in frontier 

markets. They find that these spreads are generally below 1%, confirming the results by Marshall, 

Nguyen, and Visaltanochoti (2011).  
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month between ranking and portfolio formation. This means that an investor may spend a 

whole month searching for a counterparty to trade with.  

The results in Table 2.4 incorporate transaction costs in the value and momentum 

investment strategies. We do not include the size effect here for two important reasons. First, 

the size effect is defined as the excess returns of small caps versus large caps. We focus on 

the largest 150 stocks in our analysis after transactions costs, which excludes investigating 

the small-cap effect as this requires trading in the smallest stocks of our sample. Second, our 

estimates on transaction costs are conservative for our sample of large-cap stocks. It is less 

clear what the trading costs in practice may be for a portfolio of small-cap stocks. Hence, 

we decide to focus only on value and momentum strategies in this section.  

Panel A of Table 2.4 contains the results based on a 12-months holding period. The 

first row in the panel contains the gross returns of each of the effects based on the sample of 

150 largest stocks and with a one-month skip between ranking and implementation. 

Although these raw returns are slightly smaller in magnitude compared to those reported in 

Table 2.2 on the entire sample and without assuming an implementation lag, the returns are 

still statistically significant. For example, the B/M strategy yields a 0.66% per month excess 

return versus a 0.74% that we saw before on the entire sample. Hence, the gross returns are 

somewhat smaller in magnitude as we reported before, but are less likely to incur substantial 

transactions costs. Only for dividend yield we find a significant improvement from 0.41% 

per month (t-value of 1.72) to 0.74% per month (t-value of 3.47). Omitting the small-cap 

stocks from our analysis leads to a larger beta of the D/P strategy compared to our results on 

the whole sample reported in Sub-section 2.3.1.  

The remainder part of Panel A of Table 2.4 contains the excess returns of the top 

portfolio after incorporating transaction costs compared to the equally-weighted index 

return. More precisely, at the end of every 12-month holding period we investigate which 

stocks exit and enter the portfolio, multiply this total turnover weight by 2.5% single-trip 

trading costs and subtract it from the gross return of that portfolio in that month. The second 

row in the panel assumes a theoretical equally-weighted index that we assume can be 

invested in against zero costs. However, more realistic would be to evaluate the profitability 

of anomalies against an index net of transaction costs which could be seen as the passive 

alternative of the trading strategies. The third row in the panel displays the excess returns of 

the strategies relative to the index return where we assume that stocks entering and leaving 

the index also incur the same transactions costs as for the stocks in our trading strategies. 

The one-way turnover of the benchmark is relatively high with approximately 2.5% per 

month which leads to about 12 basis points difference in returns between the gross and net 

benchmark.    
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  When we focus on the value strategies with a 12-month holding period we observe 

in the last row of the panel that the one-way turnover is ranging from 4.8% to 5.6% per 

month (or 57% to 67% per year), indicating that not all stocks have to be traded at the end 

of the holding period. Some value stocks remain value stocks, not inducing a trade after 12 

months. This turnover leads to a decrease in returns of 10 to 14 basis points per month when 

compared to a net benchmark and 22 to 26 basis points per month when compared to a gross 

benchmark. Still, we observe economically and statistically significant returns of 

approximately 6.6% to 7.7% per annum after incorporating transactions costs compared to 

a net benchmark.35 Momentum returns are less robust to transactions costs than valuation 

strategies. The turnover of these strategies is higher than for valuation strategies with almost 

7% per month (or around 80% per year), and in combination with lower gross excess returns 

the 12-month momentum strategy is no longer statistically significant. However, also the net 

returns of 4.6% and 7.2% per annum for the 6-month and 3-month momentum strategy, 

respectively, compared to a net index indicates that also these strategies are economically 

and statistically significant. 

 In addition to the 12-month holding period, Table 2.4 also contains the after 

transaction costs returns of the same investment strategies with holding periods ranging from 

6 months to 24 months in Panel B to D. Shorter holding periods imply more aggressive 

trading when a stock drops out of the top 20% portfolio. However, gross returns are also 

likely to be higher. We investigate the trade-off between turnover and gross returns by 

examining the net returns of the strategies with different holding periods. Since valuation 

characteristics do not change significantly over time, we see that the turnover increases to 

approximately 7% to 8% per month for a 6-month holding period, and declines to 

approximately 3% for a 24-month holding period. Simultaneously, we observe that the gross 

returns of the value strategies remain relatively stable for different holding periods. This 

analysis indicates that the holding period matters for the net returns of an investor. Investors 

that try to capture the value effect in frontier markets might prefer to hold stocks somewhat 

longer than the 12 months that we use in our standard analysis, as net returns do not seem to 

decrease for longer holding periods. Momentum strategies are more dynamic by nature, 

which results in higher trading activity for shorter holding periods. A strategy with a 6-month 

formation and holding period yields 12.7% turnover per month. This eats up about one half 

of the gross excess returns. Holding periods longer than 12 months lead to lower turnover, 

but also to lower gross returns, which results in lower net returns. We find that only 

momentum strategies with a 3-month formation period remain economically and statistically 

                                                           
35 This is at odds with Houge and Loughran (2006), who suggest that the value effect is driven by 

stocks with little liquidity and hence cannot be exploited by investors.  
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significant for holding periods longer than one year. We conclude based on this analysis, 

that the optimal holding period for momentum strategies is around 6 to 12 months.  

 The findings above indicate that the value and momentum effects still exist when 

incorporating conservative assumptions of transaction costs and therefore seem to be 

inconsistent with market efficiency. Note that we assume the same transaction costs for each 

of the 150 largest stocks in our sample, while it could be the case that, e.g., momentum 

stocks are more expensive than the average stock (see, e.g., Korajczyk and Sadka (2004) and 

Lesmond, Schill, and Zhou (2004)). Since we do not have transactions costs data on 

individual stocks, we cannot undertake such analysis in this study. We leave this as a topic 

for further research. On the other hand, our assumption on transaction costs is conservative. 

Transaction costs in reality might be lower, leading to higher net returns for momentum 

investors in frontier emerging markets.  

 
2.5. Risk-based explanations 
 

In this section we analyze whether exposure to global risk factors can explain the existence 

of the factor anomalies and whether the factors are prone to extreme downside risk. We 

conclude this section with an analysis of the return factors in the recent crisis period. 

 

2.5.1. Exposure to global risk factors  

 

In the previous sections we showed that value and momentum effects, and to a lesser extent 

the local size effect, are present in frontier emerging markets. However, to which extent do 

the results serve as out-of-sample evidence of these effects? In this sub-section we address 

the question of whether our findings are independent of the existence of the effects in 

emerging and developed markets. In other words, we investigate to which extent the results 

are driven by well-known global risk factors.  

 A first analysis to get insight in the independence of our results is by examining the 

correlations between the strategies across frontier, emerging and developed markets. Miles 

(2005), Speidell and Krohne (2007), and Berger, Pukthuanthong, and Yang (2011) indicate 

that investors may benefit from the diversification opportunities of frontier equity market 

returns. They consider frontier markets as a group at the index level or at the country index 

level. We want to go one step further in our analysis and examine whether investment 

strategies in frontier markets correlate with the same strategies in developed and emerging 

equity markets. If the correlation is low, this might be an indication that value, momentum 

and size strategies do not have common components across markets.  
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 In order to use international risk factors we need to construct international 

investment portfolios. The global developed markets size, value, and momentum returns are 

constructed as follows. Using a survivorship-bias free data set of stock constituents of the 

FTSE World index, we form monthly rankings according to local size (measured by market 

capitalization relative to the stocks within their own country), value, and momentum. We 

form equally-weighted portfolios and calculate US dollar hedged returns using a 12-month 

holding period. For the emerging markets factor returns we use the same methodology based 

on all stocks in the S&P/IFCI Emerging Markets index. Returns of these strategies are 

measured in US dollars.36 

 

TABLE 2.5. Correlation between frontier, emerging, and developed market investment 

strategies 

The first row contains the correlations between the equally-weighted market portfolios. The next rows 

contain the correlations of monthly excess returns of the value, momentum, and size top-minus-index 

portfolios between frontier markets (FM), emerging markets (EM) and developed markets (DM), for 

which we respectively use the S&P Frontier BMI, S&P/IFCI Emerging Markets and the FTSE World 

index. All portfolios are formed as described in Table 2.2. Country neutrality is only applied to the 

size portfolio. The row denoted by “average” contains the average correlation of the value and 

momentum strategies. The table contains correlations over the full sample period January 1997 to 

November 2008 and two sub-samples January 1997 to December 2002 and January 2003 to November 

2008. 

 

Table 2.5 contains the correlations of returns for the equally-weighted market index 

and the value, momentum, and size factors between the frontier, emerging and developed 

markets. The correlations are estimated over the full sample period 1997-2008 and two sub-

sample periods from 1997-2002 and 2003-2008. Based on the first row of Table 2.5, we 

observe that the correlation between the frontier market index and the emerging and 

developed market indexes over the entire sample period is moderately positive (0.48 and 

                                                           
36 Hedging emerging markets currencies for the entire index for our entire sample period is virtually 

impossible because of a lack of sufficiently liquid instruments for some emerging currencies, 

especially in the beginning of our sample period. 

FM, EM FM, DM EM, DM FM, EM FM, DM EM, DM FM, EM FM, DM EM, DM

Market 0.48 0.50 0.82 0.04 0.05 0.75 0.81 0.80 0.91

B/M 0.09 0.06 0.46 0.09 0.05 0.50 0.10 0.10 0.22

E/P 0.01 -0.05 0.27 -0.05 -0.06 0.30 0.16 -0.03 0.17

D/P 0.14 -0.15 0.12 -0.03 -0.19 0.18 0.32 -0.13 -0.03

Average value 0.08 -0.05 0.28 0.00 -0.07 0.33 0.19 -0.02 0.12

MOM3 0.05 0.20 0.32 0.08 0.28 0.23 -0.01 0.10 0.47

MOM6 0.03 0.08 0.26 0.04 0.08 0.22 0.03 0.09 0.45

MOM12 0.07 0.00 0.32 0.06 0.01 0.30 0.08 -0.03 0.46

Average momentum 0.05 0.09 0.30 0.06 0.12 0.25 0.03 0.05 0.46

Size 0.13 0.08 0.20 0.17 0.11 0.17 0.05 0.04 0.24

Full sample 1997-2008 First half 1997-2002 Second half 2003-2008
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0.50, respectively), confirming the other studies stating that diversification benefits may be 

obtained from investing in frontier markets. The sub-sample analysis suggests that recently 

the correlation has increased, although this could be due to the financial crisis in the second 

half of 2008 in which all risky asset classes were highly correlated. 

A different picture emerges when looking at the correlation of Top-Minus-Index 

investment strategy returns. Strikingly, none of the correlations with the frontier market 

investment strategies on the full sample exceed 0.2, with the average correlation below 0.10. 

As an example, the correlation of the 6-month momentum strategy between frontier markets 

and emerging markets is 0.03 and between frontier and developed markets is 0.08. 

Furthermore, we do not find higher correlations between frontier and emerging markets than 

between frontier and developed markets. In the most recent sub-sample, correlations of the 

value factors between frontier and emerging markets slightly increased, but are still low with 

an average below 0.2.  

 These preliminary results indicate that the return factors in frontier markets seem 

to be independent of the existence of the effects in emerging and developed markets. 

Additionally, our results support findings of Griffin, Ji, and Martin (2003, 2005), Naranjo 

and Porter (2007), and Asness, Moskowitz, and Pedersen (2013), who suggest that investors 

may benefit from combining the same strategies in different (non-frontier) countries, as the 

returns from these strategies are far from perfectly positively correlated. 

 We continue by investigating whether the mean-variance efficient frontier of a 

portfolio invested in developed equity factor portfolios can be expanded by including 

investment strategies from frontier markets. In an unreported analysis, we find that when the 

frontier markets index is used as the new asset and emerging and developed markets indexes 

are used as the two base assets that the mean-variance efficient frontier is significantly 

expanded. We take our mean-variance spanning analysis one step further by testing whether 

the frontier market factor returns can expand the mean-variance frontier for investors in the 

same factors in developed and emerging markets. This is illustrated by Figure 2.2, in which 

the average return and volatility risk of the four international developed markets Carhart 

(1997) benchmark assets (market, value, size, and momentum) are displayed, as well as the 

dashed line that represents the mean-variance frontier based on these assets. The square 

indicates the B/M strategy in frontier markets. The optimal benchmark portfolio scaled to 

sum to 100% consists of 17% in the entire market, -1% in the size strategy, 41% in the value 

strategy and 44% in the momentum strategy. This strategy is shown on the mean-variance 

frontier with a triangle at a risk of 1.6% per month. In case the B/M strategy based on frontier 

markets is added to the investment opportunity set, the mean-variance frontier expands with 
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the optimal weight to this new asset class of 31%. This portfolio is also shown on the mean-

variance frontier.  

 

FIGURE 2.2. Mean-variance spanning tests for frontier markets value strategy 

This figure plots portfolios by their average excess return and volatility risk. The base assets are based 

on global developed markets and indicated with diamonds: RMRF is the market, SMB the size 

strategy, HML the value (book-to-market) strategy, and UMD the (6-month) momentum strategy. The 

dashed line with triangle is on the mean-variance frontier of the four developed markets portfolios. 

The solid line is the mean-variance frontier with in addition to the four base assets from the developed 

markets also the Top minus Index B/M value strategy based on frontier markets included (the stand 

alone frontier markets Top minus Index B/M value strategy is indicated with a square). The portfolio 

weights from each of these lines are also displayed in the figure, scaled such that the weights equal 

one. 

 

 

 

Whether this portfolio weight of 31% is also significantly different from zero from 

a statistical point of view can be tested using mean-variance spanning tests; see De Roon 

and Nijman (2001) for an overview of interpretations of mean-variance spanning tests. They 

also indicate that tests for differences in Sharpe ratios of these two efficient portfolios, for 

example using the Jobson and Korkie (1981) test, is closely related to using alphas from 

regression-based mean-variance spanning tests. Sharpe ratios can be used to determine 

whether one portfolio is to be preferred over another, whereas alpha answers the question 

whether investors can improve the efficiency of their portfolio by investing in the new asset. 

In case the optimal portfolio weight of the new asset would be zero, the mean-variance 
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frontiers would coincide, the alpha would be zero, and the Sharpe ratios of both portfolios 

would be the same. 

A more direct analysis to assess the influence of global components would be to 

run a multiple regression of the frontier market return factors on their global counterparts. 

This approach is closely related to a formal mean-variance spanning test; see Huberman and 

Kandel (1987). For that purpose we estimate the following regression equation: 

 

(2.1) t
e

tUMDUMD
e

tHMLHML
e

tSMBSMB
e

tMM
e

tTMI RRRRR   ,,,,,   

 

with SMB the local size factor, HML the value factor measured by the book-to-market ratio, 

and UMD the 6-month momentum factor. In line with the literature, we use Top minus 

Bottom portfolio returns for the developed and emerging factors. These are essentially the 

four factors from Carhart (1997). An alpha statistically different from zero implies that the 

excess returns in frontier markets cannot be explained by global risk factors and hence these 

frontier market return factors are independent of existing effects in other markets.  

The estimation results of Equation 2.1 are displayed in Table 2.6. Panel A contains 

the estimates for global developed risk factors and Panel B for global emerging risk factors.37 

The positive alphas reported in Panel A and Panel B are similar to the previously reported 

excess returns as shown in the first two columns and are statistically significantly different 

from zero.  

For example, the E/P strategy has a statistically significant alpha of 1.23% and 

1.26% per month relative to the developed and emerging risk factors, respectively. 

Corresponding t-values are 5.69 and 5.28, respectively. The excess return of the TMI 

strategy reported before is 1.26%, as indicated in the first column. For the 6-month 

momentum strategy the alpha is 0.75% (t-value 4.26) when adjusted for developed markets 

and 0.76% (t-value 3.73) when adjusted for emerging markets risk factors compared to a 

TMI excess return of 0.77% per month. We find similar results for the local size factor where 

the alpha is 0.52% (t-value of 3.03) when adjusted for developed markets and 0.50% (t-value 

is 2.93) when adjusted for emerging markets risk factors. These results reinforce our earlier 

results that correlations between return factors in frontier markets, developed and emerging 

markets are generally low.38  

                                                           
37 We have also analyzed US-based factors from the online data library of Kenneth French. The results 

are qualitatively the same, see Appendix 2.C. We also show in Appendix 2.C that our results cannot 

be explained by the traded liquidity factor of Pastor and Stambaugh (2003) and non-traded liquidity 

factors of Sadka (2006). 
38 The conclusions do not change when we regress net excess returns of our investment strategies on 

the same risk factors, see Appendix 2.D.  
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Our analysis in Table 2.6 suggests that global risk factors cannot explain the excess 

returns in frontier markets. Our results are in line with the findings by Van der Hart, De 

Zwart, and Van Dijk (2005), who claim that value and momentum investment strategies in 

emerging markets are not exposed to global risk factors. Of course, our results do not rule 

out that local risk factors can explain these effects. Unfortunately, limited data availability 

in these markets (for example on earnings or earnings estimates) does not allow us to 

disentangle local risk factors from behavioral explanations. We think this is a fruitful area 

for further research once more reliable data becomes available. 

 

2.5.2. Downside risk  

 

Although the descriptive statistics in Table 2.1 show that the volatility of the aggregated 

frontier markets is not high, the factor returns might have more extreme observations in the 

sense of higher skewness and kurtosis than can be expected based on normality. Therefore, 

we calculate in addition to the average and standard deviation of portfolio returns also the 

skewness and kurtosis.39 We display these results in Table 2.7. The positive values show that 

excess kurtosis often exceeds the prediction derived from normally distributed returns. This 

indicates that there are more extreme returns than mean and variance can capture. 

Interestingly, the skewness for most of the factor returns (apart from 6-month momentum) 

is also positive, indicating that the deviation from normality is due to exceptionally large 

upward potential instead of increased downside risk.  

In order to examine downside risk in more detail, we compare empirical estimates 

of downside risk to the theoretical equivalent under the assumption of normality. More 

precisely, we calculate the 1% and 2.5% and 97.5% and 99% percentiles of the monthly 

returns and compare these to the parametric percentile derived from the normal distribution 

with the same mean and variance as our strategies. These results confirm our prediction 

based on the positive skewness and kurtosis, in the sense that it is the upward potential 

instead of the downside risk that causes deviations from normality. Based on the 1% 

percentile, we find that most strategies exhibit comparable or lower downside risk than 

would be expected based on a normal distribution. Only the 12-month momentum strategy 

exhibits substantially higher downside risk, as the empirical 1% percentile is -5.19% versus 

-4.67% based on the 1% theoretical percentile. Based on the 2.5% percentile we find that all 

                                                           
39 We also computed the Jarque-Bera test on the normality of portfolio returns. This test is based on 

the skewness and kurtosis. We frequently reject normality, but this is not so much due to increased 

downside risk, but due to higher upside. This is why we empirically determine the downside risk of 

our strategies and compare these to the risk measures following from a normal distribution. 
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strategies exhibit a lower downside risk than expected based on a normal distribution. 

Additionally, we find that many factor returns exhibit empirically higher upside potential 

that would be expected based on a normal distribution. For example, the B/M strategy's 99% 

percentile is 10.12%, whereas based on the normal distribution this would be 7.52%. In case 

the upside is less, the differences are small with the expected upside. Hence, we deem it 

unlikely that downside risk can explain the empirical results we document. 

 

TABLE 2.7. Downside risk 

The first four rows display average, volatility, skewness and excess kurtosis of the monthly top-minus-

index excess returns of frontier markets portfolios. The following rows compare the parametric 

percentile derived from the normal distribution to empirical estimates of tail risk calculated as 1%, 

2.5%, 97.5% and 99% percentiles of the monthly excess returns. All portfolios are formed as described 

in Table 2.2. Country neutrality is only applied to the size portfolio.  

 
 

2.5.3. Results for the crisis period 2008-2011 

 

The turmoil in financial markets after our research period 1997 to 2008 is an interesting out-

of-sample period to test whether the return factors we document are still present in our 

sample of frontier emerging markets. For the recent crisis period ranging from December 

2008 to December 2011 (37 months), we make use of the frontier market data sources to 

form portfolios in exactly the same fashion as done in our previous analyses.40 In November 

2008, the S&P Frontier BMI experienced major changes and has expanded from 24 to 35 

countries, including the five Gulf Cooperative Council (GCC) country members. As our data 

provider is not able to cope with these GCC countries, because the trading days also include 

                                                           
40 We verify that the data is of high quality by calculating the index return from individual stock returns 

and market capitalisations and comparing the index return with the return published by S&P on the 

index. 

B/M E/P D/P MOM3 MOM6 MOM12 Size

Average 0.74% 1.26% 0.41% 0.95% 0.77% 0.59% 0.47%

Volatility 2.92% 2.35% 2.36% 1.59% 2.15% 2.26% 2.08%

Skewness 0.80 0.54 -0.07 0.61 -2.03 1.23 0.25

Kurtosis 2.52 0.44 1.98 0.68 15.58 6.85 0.72

Theoretical 1% -6.05% -4.22% -5.09% -2.75% -4.22% -4.67% -4.38%

Empirical 1% -6.12% -2.99% -5.13% -2.48% -2.92% -5.19% -4.19%

Theoretical 2.5% -4.98% -3.35% -4.22% -2.17% -3.44% -3.84% -3.61%

Empirical 2.5% -4.68% -2.65% -3.46% -1.50% -2.30% -2.90% -3.60%

Theoretical 97.5% 6.45% 5.87% 5.04% 4.07% 4.97% 5.02% 4.55%

Empirical 97.5% 7.00% 6.51% 4.80% 4.79% 4.75% 4.82% 4.73%

Theoretical 99% 7.52% 6.73% 5.91% 4.65% 5.76% 5.85% 5.31%

Empirical 99% 10.12% 7.23% 5.62% 5.23% 5.71% 6.44% 6.27%
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(Western) weekends, we focus in this sub-section on the main analyses conducted on the 

dataset excluding these countries and use our original dataset for all further analyses.  

The out-of-sample results are presented in Table 2.8. Panel A shows the excess returns 

of the return factors over this period. We see that value and size effects have been strong 

over the past 37 months in the recent crisis period. Similar to developed and emerging 

markets, momentum effects have not been present in this period filled with turmoil. This is 

due to the market reversal, from down in 2008 to up in 2009 and down again in 2011. As 

indicated by Blitz, Huij, and Martens (2011), momentum strategies exhibit time-varying risk 

factors and hence are likely to underperform in markets with strong reversals. Note that the 

returns of the momentum strategies in frontier markets are still economically and statistically 

significant over the whole sample period from 1997 until 2011. Our results once more 

indicate that value and momentum show different return patterns implying that combining 

both types of strategies leads to diversification benefits.  

In Panel B of Table 2.8, we display the correlation between the factor returns in 

developed, emerging, and frontier markets for the out-of-sample period. We see that the 

correlation between developed and emerging markets has remained high at 0.90 at the 

market level, while frontier markets’ correlation with emerging and developed markets has 

increased to 0.76 and 0.78. For most other factors, the correlation of frontier markets with 

developed and emerging markets has increased to around 0.5. This indicates that the 

diversification benefits that we observed in our sample have become smaller in the out-of-

sample period. Nevertheless, the correlation with frontier markets factors remains 

substantially below the correlation between developed and emerging markets, indicating that 

investors could still reap diversification benefits by investing in the frontier market factors, 

although less than before. 

 

2.6. Conclusions 

 

The new emerging equity markets, the so-called frontier emerging markets, are attracting 

increased attention from foreign investors. Research on these frontier markets is scarce and 

mostly conducted using the frontier market as a whole or at the country level. In this study, 

we dig one step deeper and analyze the cross-section of individual stock returns. Our 

research on individual stocks in frontier emerging markets makes use of a unique high-

quality and survivorship-bias free dataset. The use of individual stock characteristics data 

allows us to investigate the added value of investment strategies relative to strategies that 

only use aggregated data at the country level. We use data from more than 1,400 stocks from 

24 frontier markets over a 12-year period from 1997 to 2008. This previously untapped data  
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source provides excellent opportunities for out-of-sample research related to investment 

strategies that were previously analyzed in developed and emerging markets.  
 Our empirical results indicate that portfolios based on value and momentum in 

frontier markets generate economically and statistically significant excess returns of about 

5 to 15% per annum. The magnitude of these excess returns is at least as large as those found 

before in developed and emerging markets. We also find that there is a local size effect in 

frontier markets. These are striking empirical observations, as integration of frontier markets 

with developed and emerging markets is generally low. Our results are valuable out-of-

sample evidence of the cross-section of stock returns previously documented in developed 

markets. These results are robust as they still hold after performing a battery of robustness 

analyses, such as an analysis by geographical region and financial liberalization.   

 Investors who are interested to capture the value and momentum effect might be 

concerned with the transaction costs involved, as liquidity is typically lower than for more 

developed equity markets. We analyze the after transaction costs returns of value and 

momentum strategies using conservative estimates from Marshall et al. (2013) on a liquid 

sample of the largest 150 frontier market stocks including a one-month skip between ranking 

and implementation of the stocks in portfolio. Our results indicate that net excess returns are 

approximately 7% per annum for value and momentum strategies. These excess returns are 

both economically and statistically significant and therefore do not explain the existence of 

these factor returns. 

 We additionally investigate whether the factor returns in frontier markets can be 

explained by risk. First, our results are not driven by frontier market, country- or region 

exposures, as our results still hold when correcting for these exposures. Second, our results 

cannot be explained by exposure to global risk factors, such as market, value, momentum 

and size. Third, it is unlikely that downside risk can explain the empirical results. Hence, we 

believe it is unlikely that transaction costs or risk can explain the strong factor returns. 

Although we cannot rule out that exposures to other global risk factors or local risk might 

explain the returns of the strategies, future research could investigate to which extent 

behavioral biases might explain the value, momentum and size effect in frontier markets. 



The cross-section of stock returns in frontier emerging markets 47 

 

2.A. Globalization scores for frontier market countries over time 
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2.B. Individualism scores for frontier countries 

 

TABLE 2.B.1. Individualism scores for frontier countries 

Data on individualism obtained from www.geert-hofstede.com. The scores are displayed for the 

frontier countries for which the data is available. The group with low-individualism scores are all 

countries, except for Estonia, Jamaica, Lebanon, and Slovakia (in black), who have a score above the 

threshold of 32 that is the cut-off point of the bottom individualism group in Chui, Titman, and Wei 

(2010). 

 
  

Country Score Country Score

Bangladesh 20 Lebanon 38

Botswana - Lithuania -

Bulgaria 30 Mauritius -

Côte d'Ivoire - Namibia -

Croatia - Panama 11

Ecuador 8 Romania 30

Estonia 60 Slovakia 52

Ghana 20 Slovenia -

Jamaica 39 Trinidad & Tobago 16

Kazakhstan - Tunisia -

Kenya 27 Ukraine -

Latvia - Vietnam 20

Average frontier markets below treshhold 32 20

Average bottom individualism Chui et al (2010) 22

World average as reported by Hofstede (2001) 43
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2.C. Regressions of frontier markets excess returns on US risk factors  
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2.D. Regressions of frontier markets net excess returns on global risk factors  

 

T
A

B
L

E
 2

.D
.1

. 
R

eg
re

ss
io

n
s 

o
f 

fr
o

n
ti

er
 m

a
rk

et
s 

n
et

 e
x

ce
ss

 r
et

u
rn

s 
o

n
 g

lo
b

a
l 

ri
sk

 f
a

ct
o

rs
  

T
h

e 
ta

b
le

 p
re

se
n

ts
 c

o
ef

fi
ci

en
t 

es
ti

m
at

es
 a

n
d

 t
-v

al
u

es
 o

f 
th

e 
re

g
re

ss
io

n
 e

q
u

at
io

n
: 

𝑅
𝑇

𝑀
𝐼,

𝑡
𝑒

=
𝛼

+
𝛽

𝑀
𝑅

𝑀
,𝑡

𝑒
+

𝛽
𝑆

𝑀
𝐵

𝑅
𝑆

𝑀
𝐵

,𝑡
𝑒

+
𝛽

𝐻
𝑀

𝐿
𝑅

𝐻
𝑀

𝐿
,𝑡

𝑒
+

𝛽
𝑈

𝑀
𝐷

𝑅
𝑈

𝑀
𝐷

,𝑡
𝑒

+
𝜀 𝑡

, 
w

h
er

e 
𝑅

𝑇
𝑀

𝐼,
𝑡

𝑒
 i

s 
th

e 
re

tu
rn

 i
n
 m

o
n

th
 t

 o
f 

th
e 

to
p

-m
in

u
s-

in
d

ex
 p

o
rt

fo
li

o
 o

f 
a 

p
ar

ti
cu

la
r 

st
ra

te
g

y
, 

𝑅
𝑀

,𝑡
𝑒

 t
h

e 
ex

ce
ss

 r
et

u
rn

 o
f 

th
e 

eq
u

al
ly

-w
ei

g
h

te
d

 e
q

u
it

y
 m

ar
k

et
s 

p
o

rt
fo

li
o

 i
n

 U
S

 d
o

ll
ar

s 
m

in
u
s 

th
e 

1
-m

o
n

th
 U

S
 T

-b
il

l 
re

tu
rn

 i
n

 m
o

n
th

 t
. 

𝑅
𝑆

𝑀
𝐵

,𝑡
𝑒

 (
sm

al
l-

m
in

u
s-

b
ig

),
 

𝑅
𝐻

𝑀
𝐿

,𝑡
𝑒

 (
h

ig
h

-m
in

u
s-

lo
w

),
 a

n
d

  
𝑅

𝑈
𝑀

𝐷
,𝑡

𝑒
 (

u
p

-m
in

u
s-

d
o

w
n

) 
ar

e 
T

o
p

 m
in

u
s 

B
o

tt
o

m
 r

et
u

rn
s 

o
n

 s
iz

e,
 b

o
o

k
-t

o
-m

ar
k

et
, 
an

d
 6

-m
o
n

th
 m

o
m

en
tu

m
 

fa
ct

o
r 

p
o

rt
fo

li
o

s,
 r

es
p

ec
ti

v
el

y
. 

A
ll

 p
o

rt
fo

li
o

s 
ar

e 
fo

rm
ed

 a
s 

d
es

cr
ib

ed
 i

n
 T

ab
le

 2
.2

. 
C

o
u
n

tr
y

 n
eu

tr
al

it
y

 i
s 

o
n

ly
 a

p
p

li
ed

 t
o
 t

h
e 

si
ze

 p
o

rt
fo

li
o

. 

t(
.)

 i
s 

th
e 

t-
v

al
u

e 
fo

r 
th

e 
re

g
re

ss
io

n
 c

o
ef

fi
ci

en
ts

 a
n

d
 a

re
 c

o
rr

ec
te

d
 f

o
r 

h
et

er
o

sc
ed

as
ti

ci
ty

 a
n

d
 a

u
to

co
rr

el
at

io
n

 u
si

n
g

 N
ew

ey
 a

n
d

 W
es

t 
(1

9
8
7

).
 

P
an

el
 A

 t
ak

es
 a

s 
th

e 
se

t 
o

f 
b

as
e 

as
se

ts
 t

h
e 

fo
u

r 
p
o

rt
fo

li
o

s 
b

as
ed

 o
n

 g
lo

b
al

 d
ev

el
o
p

ed
 e

q
u

it
y

 m
ar

k
et

s 
an

d
 P

an
el

 B
 c

o
n

ta
in

s 
re

su
lt

s 
b

as
ed

 o
n
 

b
as

e 
as

se
ts

 f
ro

m
 g

lo
b

al
 e

m
er

g
in

g
 e

q
u

it
y

 m
ar

k
et

s.
  

  

 

 

T
M

I
t(

T
M

I)
α

t(
α

)
β

M
t(

β
M

)
β

S
M

B
t(

β
S

M
B

)
β

H
M

L
t(

β
H

M
L

)
β

U
M

D
t(

β
U

M
D

)

P
a

n
el

 A
. 

G
lo

b
a

l 
d

ev
el

o
p

ed
 m

a
rk

et
s

B
/M

0
.5

6
2

.7
7

0
.4

9
2

.3
7

0
.0

2
0

.4
2

-0
.0

8
-0

.9
1

0
.2

5
2

.0
4

0
.0

8
1

.2
5

E
/P

0
.6

4
2

.7
3

0
.5

7
2

.3
9

0
.0

6
1

.1
5

-0
.1

0
-1

.2
7

0
.1

7
1

.4
2

0
.1

1
1

.5
7

D
/P

0
.6

4
2

.9
9

0
.7

9
4

.0
0

-0
.0

9
-2

.3
4

-0
.1

3
-2

.3
7

-0
.0

5
-0

.5
6

-0
.1

0
-2

.2
1

M
O

M
3

0
.6

0
3

.9
9

0
.5

4
3

.9
3

-0
.0

2
-0

.6
4

-0
.0

7
-1

.4
4

0
.1

6
2

.2
3

0
.1

0
2

.7
6

M
O

M
6

0
.3

9
1

.9
5

0
.3

9
2

.1
3

-0
.0

3
-0

.6
2

-0
.1

0
-1

.5
0

0
.2

0
2

.2
7

0
.0

1
0

.2
4

M
O

M
1

2
0

.1
6

0
.8

0
0

.1
1

0
.5

7
0

.0
1

0
.1

9
0

.0
7

0
.9

8
0

.0
1

0
.0

5
0

.0
2

0
.4

4

P
a

n
el

 B
. 

G
lo

b
a

l 
em

er
g

in
g

 m
a

rk
et

s

B
/M

0
.5

6
2

.7
7

0
.5

9
2

.7
7

0
.0

1
0

.1
8

-0
.0

2
-0

.4
4

-0
.0

1
-0

.1
5

-0
.0

2
-0

.5
5

E
/P

0
.6

4
2

.7
3

0
.5

6
2

.1
7

0
.0

0
-0

.1
2

0
.0

7
1

.6
8

-0
.0

8
-1

.0
5

0
.0

2
0

.5
6

D
/P

0
.6

4
2

.9
9

0
.6

9
3

.4
5

-0
.0

8
-3

.1
4

0
.0

2
0

.6
6

-0
.0

9
-1

.3
7

-0
.0

4
-1

.5
3

M
O

M
3

0
.6

0
3

.9
9

0
.5

8
3

.7
5

-0
.0

3
-1

.0
6

0
.0

1
0

.1
7

0
.0

8
2

.0
3

0
.0

1
0

.5
3

M
O

M
6

0
.3

9
1

.9
5

0
.4

3
2

.1
8

-0
.0

2
-0

.5
3

-0
.0

4
-1

.1
7

0
.0

9
1

.6
1

-0
.0

2
-1

.1
5

M
O

M
1

2
0

.1
6

0
.8

0
0

.2
0

1
.1

0
0

.0
2

0
.4

6
-0

.0
4

-0
.7

9
0

.0
7

1
.2

3
-0

.0
2

-0
.6

7



 

3. Another look at trading costs and short-term reversal profits41 

 

Several studies report that abnormal returns associated with short-term reversal investment 

strategies diminish once trading costs are taken into account. We show that the impact of 

trading costs on the strategies’ profitability can largely be attributed to excessively trading 

in small-cap stocks. Limiting the stock universe to large-cap stocks significantly reduces 

trading costs. Applying a more sophisticated portfolio construction algorithm to lower 

turnover reduces trading costs even further. Our finding that reversal strategies generate 30 

to 50 basis points per week net of trading costs poses a serious challenge to standard rational 

asset pricing models. Our findings also have important implications for the understanding 

and practical implementation of reversal strategies.  

 

3.1. Introduction 

 

A growing body of literature argues that the short-term reversal anomaly (i.e., the 

phenomenon that stocks with relatively low (high) returns over the past month or week earn 

positive (negative) abnormal returns in the following month or week) documented by 

Rosenberg, Reid and Lanstein (1985), Jegadeesh (1990), and Lehmann (1990) can be 

attributed to trading frictions in securities markets that weaken the arbitrage mechanism. 

Kaul and Nimalendran (1990), Ball, Kothari and Wasley (1995) and Conrad, Gultekin and 

Kaul (1997) report that most of short-term reversal profits fall within bid-ask bounds. And 

more recently, Avramov, Chordia and Goyal (2006) evaluate the profitability of reversal 

investment strategies net of trading costs using the model of Keim and Madhavan (1997). 

They find that reversal strategies require frequent trading in disproportionately high-cost 

securities such that trading costs prevent profitable strategy execution. Based on these results 

one might conclude that the abnormal returns associated with reversal investment strategies 

that are documented in earlier studies create an illusion of profitable investment strategies 

when, in fact, none exist. The seemingly lack of profitability of reversal investment strategies 

is consistent with market efficiency.  

In this study we show that this argument is not necessarily true. We argue that the 

reported impact of trading costs on reversal profits can largely be attributed to excessively 

trading in small-cap stocks.  When stocks are ranked on past returns, stocks with the highest 

volatility have the greatest probability to end up in the extreme quantiles. These stocks are 

                                                           
41 This chapter is published as De Groot, W., Huij, J. and Zhou, W., 2012, Another look at trading 

costs and short-term reversal profits, Journal of Banking and Finance, 36, 371-382. 
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typically the stocks with the smallest market capitalizations. Therefore a portfolio that is 

long-short in the extreme quantiles is typically invested in the smallest stocks. However, 

these stocks are also the most expensive to trade and reversal profits may be fully diminished 

by the disproportionally higher trading costs. 

At the same time, the turnover of standard reversal strategies is excessively high. 

Reversal portfolios are typically constructed by taking a long position in loser stocks and 

short position in winner stocks based on past returns. Then, at a pre-specified interval the 

portfolios are rebalanced and stocks that are no longer losers are sold and replaced by newly 

bottom-ranked stocks. Vice versa, stocks that are no longer winners are bought back and 

replaced by newly top-ranked stocks. While this approach is standard in the stream of 

literature on empirical asset pricing to investigate stock market anomalies, it is suboptimal 

when the profitability of an investment strategy is evaluated and trading costs are 

incorporated. 

To investigate the impact of small-cap stocks and rebalancing rules on the 

profitability of reversal strategies, we design and test three hypotheses: first, we gauge the 

profitability of reversal strategies applied to various market cap segments of the U.S. stock 

market. Our hypothesis is that the reported impact of trading costs on reversal profits can 

largely be attributed to excessively trading in small-cap stocks and that limiting the stock 

universe to large-cap stocks significantly reduces trading costs. Our second hypothesis is 

that trading costs can be reduced even further without giving up too much of the gross 

reversal profits when a slightly more sophisticated portfolio construction algorithm is 

applied. Third, we extend our analyses of reversal profits within different segments of the 

U.S. market with an analysis across different markets and evaluate the profitability of 

reversal strategies in European stocks markets. Our hypothesis is that trading costs have a 

larger impact on reversal profits in European markets since these markets are less liquid. For 

robustness, we also evaluate reversal profits across various market cap segments of the 

European stock markets. 

Throughout our study we use trading cost estimates resulting from the Keim and 

Madhavan (1997) model and estimates that were provided to us by Nomura Securities, one 

of world’s largest stock brokers. Consistent with Avramov, Chordia and Goyal (2006) we 

find that the profits of a standard reversal strategy are smaller than the likely trading costs 

for a broad universe that includes small-cap stocks. At the same time we find that the impact 

of trading costs on short-term reversal profits becomes substantially lower once we exclude 

small-cap stocks that are the most expensive to trade. In fact, when we focus on the largest 

U.S. stocks we document significant reversal profits up to 30 basis points per week. 
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When we also apply a slightly more sophisticated portfolio construction algorithm 

and do not directly sell (buy back) stocks that are no longer losers (winners) but wait until 

these stocks are ranked among the top (bottom) 50 percent of stocks based on past returns, 

the turnover and trading costs of the strategy more than halve and we find even larger 

reversal profits up to 50 basis points per week. This number is highly significant from both 

a statistical and an economical point of view. 

Additionally, we find that trading costs have a larger impact on reversal profits in 

European markets. While standard reversal strategies based on a broad universe of European 

stocks yield gross returns of 50 basis points per week, their returns net of trading costs are 

highly negative. Once we exclusively focus on the largest stocks and apply the “smart” 

portfolio construction rules, we document significantly positive net reversal profits up to 20 

basis points per week. 

In addition, we look at various other aspects of the reversal strategy to evaluate if 

the strategy can be applied in practice. Amongst others, we document that the reversal effect 

can be exploited by a sizable strategy with a trade size of one million USD per stock; and 

that the strategy also earned large positive net returns over the post-decimalization era of 

U.S. stock markets.  

We deem that our study contributes to the existing literature in at least two 

important ways. First of all, our finding that reversal strategies yield significant returns net 

of trading costs presents a serious challenge to standard rational asset pricing models. Our 

findings also have important implications for the practical implementation of reversal 

strategies. The key lesson is that investors striving to earn superior returns by engaging in 

reversal trading are more likely to realize their objectives by using portfolio construction 

rules that limit turnover and by trading in liquid stocks with relatively low trading costs. Our 

study adds to the vast amount of literature on short-term reversal or contrarian strategies 

[see, e.g., Fama (1965), Jegadeesh (1990), Lehmann (1990), Lo and MacKinlay (1990), 

Jegadeesh and Titman (1995a,b), Chan (2003), Subrahmanyam (2005), and Gutierrez and 

Kelley (2008)]. Our work is also related and contributes to a recent strand in the literature 

that re-examines market anomalies after incorporating transaction costs [see, e.g., Lesmond, 

Schill and Zhou (2004), Korajczyk and Sadka (2004), Avramov, Chordia and Goyal (2006) 

and Chordia, Goyal, Sadka, Sadka and Shivakumar (2009)].  

Our results also have important implications for several explanations that have been 

put forward in the literature to explain the reversal anomaly. In particular, our finding that 

net reversal profits are large and positive among large-cap stocks over the most recent decade 

in our sample, during which market liquidity dramatically increased, rules out the 

explanation that reversals are induced by inventory imbalances by market makers and that 
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the contrarian profits are a compensation for bearing inventory risks [see, e.g., Jegadeesh 

and Titman (1995b)]. Also, our finding that reversal profits are not convincingly larger for 

the 1,500 largest U.S. stocks than for the 500 and even 100 largest stocks is inconsistent with 

the notion that nonsynchronous trading contributes to contrarian profits [see, e.g., Lo and 

MacKinlay (1990) and Boudoukh, Richardson and Whitelaw (1994)] as this explanation 

predicts a size-related lead-lag-effect in stock returns and higher reversal profits among 

small-cap stocks. 

Our second main contribution is that we not only employ the trading costs estimates 

from the Keim and Madhavan (1997) model that are typically used in this stream of 

literature, but that we also use estimates that were provided to us by Nomura Securities. 

Despite the fact that most researchers now seem to acknowledge the importance of taking 

trading costs into account when evaluating the profitability of investment strategies, only 

very little is documented in the academic literature on how these costs should be modelled. 

Perhaps the most authoritative research in this field is the work of Keim and Madhavan who 

modelled market impact as well as commission costs for trading NYSE-AMEX stocks 

during 1991 to 1993. However, since markets have undergone important changes over time 

one may wonder if the parameter estimates of Keim and Madhavan can be used to estimate 

trading costs accurately also over more recent periods. Another concern with the Keim and 

Madhavan model relates to the functional form that is imposed on the relation between 

market capitalization and trading costs. Later in the chapter we provide some detailed 

examples which indicate that trading costs estimates resulting from the Keim and Madhavan 

model should be interpreted with caution in some cases because of these issues. For example, 

the model systematically yields negative cost estimates for a large group of stocks over the 

most recent period. We believe that our study makes a significant contribution to the 

literature on evaluating the profitability of investment strategies by providing a 

comprehensive overview of trading costs estimates from Nomura Securities for S&P1500 

and S&P500 stocks during the period 1990 to 2009. Moreover, the trading cost schemes we 

publish in this study are set up in such a way that other researchers can employ them in their 

studies as the schemes merely require readily-available volume data for their usage. 

An additional attractive feature of the trading cost model used by Nomura Securities 

is that it has also been calibrated using European trade data. This enables us to investigate 

trading costs and reversal profits in European equity markets as well. To our best knowledge, 

this study is the first to provide a comprehensive overview of trading costs and to investigate 

trading cost impact on reversal profits in European equity markets. 
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3.2. Stock data  

 

For our U.S. stock data we use return data for the 1,500 largest stocks that are constituents 

of the Citigroup U.S. Broad Market Index (BMI) during the period January 1990 and 

December 2009. We intentionally leave out micro-cap stocks from our sample that are 

sometimes included in other studies to ensure that our findings are not driven by market 

micro-structure concerns. For our European stock data we use return data for the 1,000 

largest stocks that were constituents of the Citigroup European Broad Market Index during 

the period January 1995 and December 2009. The reason why we start in 1995 instead of 

1990 as we do in our analysis using U.S. data is that the trading cost model of Nomura is not 

accurately calibrated to estimate trading costs for European stocks before 1995. Daily stock 

returns including dividends, market capitalizations and price volumes are obtained from the 

FactSet Global Prices database.42  

We visually inspect various measures of liquidity for both stock markets, including 

market capitalization, daily trading volumes, turnover, and Amihud’s (2002) illiquidity 

measure.43 When we compare our U.S. sample to the one studied by Avramov, Chordia and 

Goyal (2006), our sample seems to be more liquid. For example, when we consider the 

stocks’ illiquidity in our sample we find a median illiquidity measure of 0.02 in 1990 that 

decreases to 0.001 in 2009. Avramov, Chordia and Goyal (2006) report this figure to be 0.05 

for the most liquid group of stocks in their sample. For the least liquid group of stocks the 

authors even report average illiquidity of 10.8. This figure basically implies that the price 

impact resulting from trading one million USD in these stocks is roughly 10 percent. We do 

not observe such large numbers for illiquidity in our sample. We believe that the largest 

portion of the differences in liquidity between our sample and that of Avramov, Chordia and 

Goyal (2006) can be attributed to the fact that we investigate a more recent period of time 

during which markets were much more liquid. In addition, our sample does not include 

micro-cap stocks. 

 Next, we compare the liquidity of the European stock markets to that of the U.S. 

stock market. It appears that the European markets also have been liquid over our sample 

period, but that the illiquidity level is higher than for the U.S. market: the median illiquidity 

measure is 0.004 in 2009 for the European markets, while this figure is 0.001 for the U.S. 

stocks.  

 

                                                           
42 FactSet Global Prices is a hiqh-quality securities database offered by FactSet Research Systems Inc. 
43 For the sake of brevity, we do not report these results in tabular form. 
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3.3. Trading cost estimates 

 

Consistent with most of the literature we use the trading cost model of Keim and Madhavan 

(1997) to estimate net reversal profits for our first analyses. These trading cost estimates 

include commissions paid as well as an estimate of the price impact of the trades. Keim and 

Madhavan regress total trading costs on several characteristics of the trade and the traded 

stock. Appendix 3.A provides a more detailed description of the Keim and Madhaven model. 

An important caveat that should be taken into account when using the Keim and Madhavan 

(1997) model is that its coefficients are estimated over the period January 1991 through 

March 1993. Since markets have undergone important changes over time one may wonder 

if estimates resulting from the Keim and Madhavan model are also accurate over more recent 

periods. For example, after two centuries pricing in fractions, the NYSE and AMEX 

converted all of their stocks to decimal pricing in 2001 which led to a large decrease in bid-

ask spreads on both exchanges. Also, increasing trading volumes over time; more 

competition among stock brokers; and technological improvements may have had an 

important impact on bid-ask spreads, market impact costs and commissions. 

To cope with this issue, we asked one of world’s largest stock brokers, Nomura 

Securities, if they could provide us with trading cost estimates for stocks that are constituents 

of the S&P1500 index over our sample period January 1990 through December 2009. The 

Nomura trading cost model is calibrated in every quarter over the period 1995 to 2009. 

Appendix 3.B provides a detailed description of the Nomura model. As estimates for broker 

commissions a 5 basis points rate per trade is used during the 1990s and a 3 basis points rate 

over the most recent 10 years of our sample period.  

An important aspect that came to light in our conversations with the researchers 

from Nomura is that trading style may have a significant impact on trading costs. For 

example, technical traders that follow momentum-like strategies and have a great demand 

for immediacy typically experience large bid-ask costs since the market demand for the 

stocks they aim to buy is substantially larger than the supply, and vice versa for sell 

transactions. In their study, Keim and Madhavan (1997) also find that technical traders 

generally experience higher trading costs than traders whose strategies demand less 

immediacy like value traders or index managers. The researchers of Nomura told us that the 

trading costs that are associated with a reversal strategy are likely to be somewhat lower than 

the estimates they provided since a reversal strategy by nature buys (sells) stocks for which 

the market supply (demand) is larger than the demand (supply). However, they could not 

provide us with an exact number to correct for this feature of reversal strategies. To be 



Another look at trading costs and short-term reversal profits 59 

 

conservative we assume that there is no liquidity-provision premium involved with reversal 

trading. 

We asked the researchers of Nomura to provide us with aggregated data in the form 

of average trading costs for decile portfolios of S&P1500 stocks sorted on their dollar 

volumes in each quarter during the period January 1990 to December 2009.44 Trading cost 

estimates for an individual stock can now be derived using the stock’s volume rank at a 

particular point in time. An attractive feature of this approach is that it only requires readily-

available volume data, and not proprietary intraday data. The trading cost schemes we 

publish in this study also enable other researchers to employ the Nomura trading cost 

estimates in their studies. We also asked them to assume that the trades are closed within 

one day and the trade size is one million USD per stock by the end of 2009. The trade size 

is deflated back in time with 10 percent per annum. The assumption of such a large trade 

size ensures that any effects we document can be exploited by a sizable strategy. For 

example, a strategy that is long-short in the 20 percent losers and winners of the largest 1,500 

U.S. stocks and trades one million USD per stock employs a capital of USD 300 million by 

the end of 2009. We use the same trade sizes when using the Keim and Madhavan (1997) 

model to estimate trading costs.  

Table 3.1 presents an overview of the trading cost estimates we received from 

Nomura for S&P1500 stocks and also lists the estimates for our sample of the 1,500 largest 

U.S. stocks resulting from the Keim and Madhavan (1997) model. The table presents the 

average single-trip costs of buy and sell transactions in basis points for each year in our 

sample for decile portfolios of stocks sorted on their three-month median dollar trading 

volume.  

Panel A of Table 3.1 reports the cost estimates resulting from the Keim and 

Madhavan (1997) model. The cost estimates for our sample of stocks during the period 1991 

to 1993 seem to be close to the estimates reported by Keim and Madhavan for the median 

stock (see Table 3 of their paper). However, there are also a few notable observations. We 

find negative cost estimates for the most liquid stocks with the largest trading volumes. The 

number of stocks with negative trading cost estimates also increases over time. In fact, the 

Keim and Madhavan model yields negative cost estimates for almost half of the stocks in 

our sample during 2007. Panel B of Table 3.1 reports the trading cost estimates that were 

provided to us by Nomura for S&P1500 stocks. Interestingly, Nomura’s cost estimates 

appear not only to be higher for the most liquid stocks with the highest trading volumes, but 

                                                           
44 Because the S&P1500 Index started in 1995, we asked the researchers of Nomura to backfill their 

series of trading cost estimates using the 1,500 largest stocks that are constituents of the Russell Index 

over the period January 1990 to December 1994.  
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also for the least liquid stocks with the lowest trading volumes. For these stocks the cost 

estimates of Nomura can be up to six times higher than those resulting from the Keim and 

Madhavan model. 

 

TABLE 3.1. Transaction cost estimates for the 1,500 largest U.S. stocks. 

This table presents an overview of the single-trip transaction cost estimates in basis points for volume 

deciles of our sample of the 1,500 largest U.S. stocks resulting from the Keim and Madhavan model 

(Panel A) and the estimates for volume deciles of S&P1500 stocks we received from Nomura 

Securities (Panel B). Volume deciles are based on stocks' three-month median trading volumes. It is 

assumed that the trades are closed within one day and the trade size is one million per stock by the end 

of 2009. The trade size is deflated back in time with 10 percent per annum. 

 

Once we focus on the 500 largest stocks in our sample, the differences between the 

trading cost estimates resulting from the Keim and Madhavan (1997) model and the Nomura 

model become even more extreme. Panel A of Table 3.2 reports the cost estimates resulting 

from the Keim and Madhavan model and Panel B the cost estimates that were provided to 

us by Nomura. We immediately observe that the cost estimates resulting from the Keim and 

Madhaven model for our sample of large-cap stocks are very low and even negative in a lot 

of cases. In fact, for a large number of years in our sample, trading cost estimates are negative 

for basically all stocks. In addition, for all deciles, Nomura’s cost estimates are substantially 
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Panel A. Keim-Madhaven average buy and sell

D1 (bottom) 71 78 47 28 29 27 21 12 13 18 21 26 30 29 13 12 10 11 38 63 30

D2 82 74 53 32 33 30 20 10 14 20 27 29 38 36 15 13 9 8 37 66 32

D3 64 72 51 32 30 25 18 11 15 19 24 24 39 35 19 10 7 7 40 61 30

D4 56 53 38 30 32 25 15 12 14 18 21 29 42 32 19 15 6 8 34 58 28

D5 48 39 32 30 25 22 15 9 11 17 15 27 43 38 15 16 6 4 24 37 24

D6 38 29 23 22 20 14 10 8 8 11 15 23 41 26 14 11 6 1 16 34 18

D7 24 20 18 13 14 8 6 1 4 5 6 15 26 22 8 2 2 -6 15 28 11

D8 16 11 9 8 4 4 1 -3 -5 -6 0 13 14 10 2 -6 -11 -14 7 21 4

D9 0 -3 -5 -5 -2 -6 -6 -11 -12 -13 -10 0 3 0 -9 -17 -16 -21 -5 8 -7

D10 (top) -20 -20 -19 -19 -17 -19 -22 -26 -28 -31 -25 -14 -5 -11 -17 -25 -26 -31 -21 -15 -20

Panel B. Nomura buy or sell

D1 (bottom) 86 77 83 75 73 54 52 66 53 76 65 88 80 76 76 65 53 41 51 70 68

D2 72 60 60 55 51 34 27 35 31 65 67 61 56 50 41 30 24 20 25 50 46

D3 58 50 45 41 38 23 19 22 23 47 47 37 30 24 20 17 15 14 17 33 31

D4 48 41 36 30 30 17 12 18 18 30 28 23 20 17 14 13 12 11 13 23 23

D5 41 34 30 26 25 15 14 14 17 21 19 16 15 13 12 11 10 9 11 17 19

D6 33 26 22 21 20 13 13 12 14 16 14 13 12 11 10 9 9 8 9 14 15

D7 26 23 21 18 17 11 17 11 11 13 11 10 9 9 8 8 8 7 8 11 13

D8 22 20 18 16 14 10 17 13 10 11 9 8 8 8 7 7 6 6 6 9 11

D9 17 15 14 13 13 9 11 11 10 9 7 7 7 6 6 6 6 5 6 7 9

D10 (top) 13 14 14 13 13 10 9 8 8 7 5 5 5 5 5 5 5 5 5 5 8
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higher than the estimates resulting from the Keim and Madhavan model. Based on the Keim 

and Madhavan model, the average single-trip transaction costs for the 10 percent most 

expensive stocks to trade are 4 basis points. This figure is substantially lower than the 6 basis 

points trading costs that result from the Nomura model for the 10 percent cheapest stocks.  

 

TABLE 3.2. Transaction cost estimates for the 500 largest U.S. stocks. 

This table presents an overview of the single-trip transaction cost estimates in basis points for volume 

deciles of our sample of the 500 largest U.S. stocks resulting from the Keim and Madhavan model 

(Panel A) and the estimates for volume deciles of S&P500 stocks we received from Nomura Securities 

(Panel B). Volume deciles are based on stocks' three-month median trading volumes. It is assumed 

that the trades are closed within one day and the trade size is one million USD per stock by the end of 

2009. The trade size is deflated back in time with 10 percent per annum. 

 

We offer the following explanations for these notable differences. First, the 

differences may be caused by the fact that the model of Nomura imposes a quadratic relation 

between trading volume and transaction costs while the Keim and Madhaven (1997) model 

imposes a logarithmic relation. While the economic intuition behind both approaches is that 

they try to mimic the shape of the limit order book that is deep in the front (at the best 

bid/offer price) and gets increasingly shallower as prices move away from the current price 

by imposing a convex relation between cost and volume [see, e.g., Roşu (2009)], an 
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Panel A. Keim-Madhaven average buy and sell

D1 (bottom) 14 6 2 1 8 8 2 -4 0 6 9 8 4 3 -4 -9 -11 -16 -5 51 4

D2 14 10 3 1 3 0 -1 -8 -8 -5 -4 -3 5 7 -3 -9 -12 -16 -4 46 1

D3 12 6 5 1 1 -2 -8 -11 -10 -8 -6 -3 3 -1 -8 -13 -16 -19 -2 40 -2

D4 8 7 3 0 0 -2 -7 -11 -12 -11 -11 -6 2 -1 -11 -15 -19 -19 -6 39 -4

D5 9 5 1 -2 -2 -3 -10 -12 -14 -15 -12 -10 0 -1 -11 -16 -21 -21 -10 28 -6

D6 6 1 -4 -7 -3 -7 -11 -15 -16 -16 -17 -11 2 -3 -14 -21 -18 -23 -7 26 -8

D7 1 -5 -6 -8 -5 -10 -12 -17 -17 -16 -20 -8 1 -2 -15 -16 -18 -22 -11 15 -10

D8 -7 -10 -9 -10 -9 -12 -15 -17 -19 -24 -21 -9 0 0 -14 -16 -21 -28 -8 16 -12

D9 -12 -10 -13 -15 -14 -17 -21 -25 -27 -30 -29 -16 -9 -12 -14 -24 -22 -27 -17 2 -18

D10 (top) -24 -25 -27 -24 -24 -27 -29 -34 -38 -39 -38 -19 -4 -22 -27 -30 -32 -34 -24 -16 -27

Panel B. Nomura buy or sell

D1 (bottom) 23 15 13 15 22 31 25 24 23 23 34 36 34 38 40 28 19 15 13 21 25

D2 12 11 10 12 16 22 13 14 16 27 26 20 17 17 14 11 10 9 10 14 15

D3 11 10 9 11 14 14 11 17 14 16 16 13 12 12 10 9 9 8 8 12 12

D4 10 9 9 11 12 12 12 12 12 13 12 11 10 10 9 8 8 7 7 11 10

D5 9 9 8 10 11 12 12 11 10 11 10 9 9 9 8 7 7 6 7 9 9

D6 8 8 8 9 10 13 12 11 10 10 9 8 8 8 7 7 6 6 6 9 9

D7 8 8 8 9 9 11 11 10 9 11 8 7 7 7 7 6 6 6 6 8 8

D8 8 8 7 8 9 11 11 10 10 9 7 6 7 7 6 6 6 5 6 7 8

D9 7 7 7 7 9 10 9 9 9 8 6 6 6 6 6 5 5 5 5 6 7

D10 (top) 7 7 6 7 8 10 9 8 8 7 4 5 5 5 5 5 5 4 4 5 6
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attractive feature of the quadratic relation over the logarithmic relation is that cost estimates 

cannot become negative for the most liquid stocks. When a logarithmic relation is imposed 

trading cost estimates can become negative. Second, the Keim and Madhavan model uses a 

constant negative coefficient for market capitalization. Because the average market 

capitalization increased significantly in our sample, cost estimates become lower over time. 

It should be stressed here that we did not apply scaling techniques on the coefficient 

estimates in the Keim and Madhavan model as is typically done in this stream of literature 

to inflate trading costs back in time [see, e.g., Gutierrez and Kelley (2008) and Avramov, 

Chordia and Goyal (2006)]. If we would have applied these scaling techniques, the resulting 

cost estimates would be even lower. The Nomura model can adjust to changing market 

conditions in our sample because it is periodically recalibrated. 

The observation that trading cost estimates resulting from the Keim and Madhavan 

(1997) model are substantially lower than the Nomura cost estimates (and even negative in 

many cases) makes us believe that the trading cost estimates resulting from the Keim and 

Madhavan model should be interpreted with caution in some of our analyses. Of course, it 

should be acknowledged that the Keim and Madhavan model was originally developed to 

describe the in-sample relation between trading costs and stock characteristics, and not to 

predict stocks' out-of-sample trading costs for evaluating trading strategies. Imposing a 

quadratic instead of a logarithmic relation between market capitalization and trading costs 

would probably not increase the in-sample explanatory power of the model. The Keim and 

Madhavan model is therefore probably optimally specified for the purpose it was originally 

developed for. 

An additional attractive feature of the trading cost model we obtained from Nomura 

Securities is that it has also been calibrated using European trade data over the period 1995 

to 2009 which enables us to investigate trading costs and reversal profits in these markets. 

To our best knowledge, this study is the first to provide a comprehensive overview of trading 

costs and to investigate trading cost impact on reversal profits in European equity markets. 

The lower liquidity of the European markets makes us expect that trading costs in Europe 

are higher than in the U.S. For comparison, we list the trading costs estimates we obtained 

from Nomura Securities for the largest 1,000 and 600 European stocks in Table 3.3. We 

asked the researchers of Nomura to use the same settings to compute trading costs in Europe 

as they used to compute trading costs in the U.S. 

When we compare the trading costs estimates for the 1,500 largest U.S. stocks to 

those for the 1,000 largest European stocks in Panel A of Table 3.3, it appears that trading 

costs are indeed higher in Europe. For example, the trading costs of the 10 percent least 

liquid stocks are 76 basis points for European stocks, while the costs are 64 basis points for 
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U.S. stocks. The differences become larger when we move to the more liquid segment of the 

market. For the 10 percent most liquid stocks, trading costs are even three times higher in 

Europe compared to the U.S. When we consider trading cost estimates for the 600 largest 

European stocks in Panel B of Table 3.3, we observe a very similar pattern in the sense that 

the most liquid U.S. stocks are significantly less expensive to trade. 

 

TABLE 3.3. Transaction cost estimates for the 1,000 and 600 largest European stocks. 

This table presents an overview of the single-trip transaction cost estimates in basis points for volume 

deciles of our sample of the 1,000 (Panel A) and 600 (Panel B) largest European stocks resulting from 

the estimates for volume deciles we received from Nomura Securities. Volume deciles are based on 

stocks' three-month median trading volumes. It is assumed that the trades are closed within one day 

and the trade size is one million per stock by the end of 2009. The trade size is deflated back in time 

with 10 percent per annum. 
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Panel A. 1,000 largest European stocks

D1 (bottom) 75 75 77 77 77 71 75 77 79 72 74 76 71 79 88 76

D2 64 64 57 62 68 64 71 74 75 68 62 53 48 71 82 66

D3 46 46 43 48 51 54 60 63 63 48 48 39 35 56 75 52

D4 38 37 35 41 41 46 50 53 52 38 42 32 30 46 66 43

D5 33 31 31 34 35 40 44 43 43 31 35 27 26 38 56 37

D6 27 28 27 28 31 34 35 36 33 27 30 24 24 32 46 31

D7 24 24 24 25 26 27 28 29 27 23 25 22 23 28 40 26

D8 22 22 22 23 23 22 23 23 23 21 22 20 20 25 31 23

D9 22 21 20 21 21 19 20 20 20 19 20 19 19 21 25 20

D10 (top) 21 20 20 20 19 17 19 19 19 18 19 18 18 20 22 19

Panel B. 600 largest European stocks

D1 (bottom) 72 72 69 68 75 64 71 72 72 66 63 57 50 66 80 68

D2 54 51 44 50 53 55 61 62 62 48 46 33 30 48 67 51

D3 36 36 34 38 39 44 45 49 47 31 36 27 25 35 51 38

D4 30 29 29 30 32 34 36 35 39 27 29 25 24 30 42 31

D5 26 26 26 27 28 29 30 30 32 23 26 23 22 27 39 28

D6 23 24 24 25 25 24 25 26 26 21 23 21 22 26 34 25

D7 22 22 22 22 23 22 22 22 23 20 21 20 20 23 28 22

D8 22 21 21 22 21 19 20 20 21 19 20 19 18 21 25 21

D9 21 20 19 20 20 18 19 19 20 19 19 19 18 20 23 20

D10 (top) 21 20 18 19 18 16 19 19 19 18 18 18 17 19 21 19
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3.4. Main empirical results 

 

3.4.1. Reversal profits across different market cap segments 

 

In our first analysis we evaluate reversal profits for the 1,500, 500, and 100 largest U.S. 

stocks. Our hypothesis is that the reported impact of trading costs on reversal profits can 

largely be attributed to excessively trading in small-cap stocks and that limiting the stock 

universe to large-cap stocks significantly reduces trading costs. 

Reversal portfolios are constructed by daily sorting all available stocks into 

mutually exclusive quintile portfolios based on their past-week returns (i.e., five trading 

days). We assign equal weights to the stocks in each quintile. The reversal strategy is long 

(short) in the 20 percent of stocks with the lowest (highest) returns over the past week. To 

control for the bid-ask bounces, we skip one day after each ranking before we construct 

portfolios. Portfolios are rebalanced at a daily frequency. We compute the gross and net 

returns of the long portfolio, the short portfolio, and the long-short portfolio in excess of the 

equally-weighted return of all stocks in the cross-section. In addition, we compute the long-

short portfolios’ turnover per week. We compute net returns for each stock at each point in 

time by taking the trading cost estimates listed in Tables 3.1 and 3.2. We impose that the 

minimum trading cost estimates resulting from the Keim and Madhavan (1997) model are 

zero to be conservative.  

We first consider the results for a standard reversal strategy using the 1,500 largest 

U.S. stocks in Panel A of Table 3.4. Consistent with most of the literature we find that this 

strategy yields extremely large gross returns. More specifically, a reversal investment 

strategy that is long in the 20 percent stocks with the lowest one-week returns and short in 

the 20 percent with the highest returns earns a gross return of 61.7 basis points per week. 

However, at the same time the reversal strategy has an extremely high portfolio 

turnover of 677 percent per week.45 We find that the average holding period of a stock is 

less than three days. Once trading costs are taken into account the profitability of the reversal 

strategy completely diminishes. When we take Keim and Madhavan (1997) trading cost 

estimates, we document a net return of minus 66.1 basis points per week. And when we use 

the Nomura cost estimates, we even find a return of minus 103.7 basis points per week. 

These results are consistent with the findings of Avramov, Chordia and Goyal (2006). 

 

                                                           
45 The maximum turnover of a long-short portfolio is 400 percent per day. 
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TABLE 3.4. Profitability of standard reversal investment strategies for the 1,500, 500 and 100 

largest U.S. stocks. 

This table presents the weekly gross and net returns of the long portfolio, the short portfolio, and the 

long-short portfolio based on reversal quintiles for the 1,500 (Panel A), 500 (Panel B) and 100 (Panel 

C) largest U.S. stocks relative to the equally weighted average return of the stock universe. In addition, 

the table presents the turnover of the long-short portfolio. Net returns for each stock are computed at 

each point in time by taking the trading cost estimates associated with the stock’s volume rank using 

the schemes based on the Keim and Madhavan (1997) model and the transaction cost model of Nomura 

Securities listed in Tables 3.1 and 3.2. A minimum of zero is imposed for the transaction cost estimates 

resulting from the Keim and Madhavan model. 

 

 One of the most notable observations in the previous section was that there is a 

highly non-linear relation between market capitalization/trading volume and trading costs 

such that the smallest and least liquid stocks are disproportionally expensive to trade. 

Especially since these stocks generally have the highest volatility and therefore have the 

greatest probability to end up in the extreme quantiles when stocks are ranked on past 

returns, a long-short reversal portfolio is typically invested in the stocks that are the most 

expensive to trade. While some studies report that stock anomalies are typically stronger 

among small-cap stocks, one may wonder if the potentially higher returns of small-cap 

stocks compensate for the higher trading costs of these stocks. 

 To investigate the impact of including small-cap stocks, we consider the results for 

the 500 and 100 largest U.S. stocks in Panels B and C of Table 3.4, respectively. 

Interestingly, the reversal strategies for the largest 500 and 100 stocks earn slightly higher 

returns than the reversal strategy for the largest 1,500 stocks. Moreover, it appears that the 

impact of trading costs on the profitability of the strategy is much lower for our samples of 

large-cap stocks. Given the large number of negative cost estimates we found using the Keim 

Return 

long (bps)

Return 

short (bps)

Return 

long-short 

(bps) t-stat

Turnover 

(%)

Panel A. Standard reversal strategy for 1,500 largest  U.S. stocks

Gross return 29.9 -31.6 61.7 8.7 677

Net return using KM estimates -35.3 31.1 -66.1 -9.2 "

Net return using Nomura estimates -54.6 49.6 -103.7 -14.5 "

Panel B. Standard reversal strategy for 500 largest  U.S. stocks

Gross return 35.3 -36.4 71.9 9.1 688

Net return using KM estimates 32.5 -33.6 66.4 8.4 "

Net return using Nomura estimates -2.7 0.3 -3.0 -0.4 "

Panel C. Standard reversal strategy for 100 largest  U.S. stocks

Gross return 43.7 -40.3 84.2 9.8 711

Net return using KM estimates 42.8 -39.4 82.5 9.6 "

Net return using Nomura estimates 17.1 -14.4 31.5 3.7 "
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and Madhavan (1997) model for the largest 500 stocks, it is not surprising to see that the net 

return of the reversal strategy computed using these cost estimates are very close to the 

strategy’s gross return since we impose minimum trading costs of zero. However, also when 

we use the trading cost estimates of Nomura, it appears that trading costs have a much 

smaller impact on reversal profits once small-cap stocks are excluded. The net return of 

minus 3.0 basis points per week of the strategy for the 500 largest stocks indicates that 

trading costs consume roughly 75 basis points of the strategy’s gross return. For the 100 

largest stocks this figure is 53 basis points. For our sample of the 1,500 largest stocks trading 

impact is more than three times larger at 165 basis points.  

 The results from this analysis indicate that reversal profits are also observed among 

the largest stocks. In fact, reversal profits appear to be the highest among this group of 

stocks. Our finding that reversal strategies can yield a significant return of more than 30 

basis points per week net of trading costs presents a serious challenge to standard rational 

asset pricing model and has important implications for the practical implementation of 

reversal investment strategies. The key lesson is that investors striving to earn superior 

returns by engaging in reversal trading are more likely to realize their objectives by trading 

in liquid stocks with relatively low transaction costs. 

 

3.4.2. Reducing reversal strategies’ turnover by “smart” portfolio construction 

 

Another important reason why trading costs have such a large impact on reversal profits has 

to do with the way the reversal portfolios are typically constructed. Reversal portfolios are 

constructed by taking a long position in losers and a short position in winners. Then, at a 

pre-specified interval the portfolio is rebalanced and stocks that are no longer losers are sold 

and replaced by newly bottom-ranked stocks. And vice versa, stocks that are no longer 

winners are bought back and replaced by newly top-ranked stocks. While this portfolio 

construction approach is standard in the academic literature to investigate stock market 

anomalies, it is suboptimal when a real-live investment strategy is evaluated and trading 

costs are taken into account. Namely, replacing stocks that are no longer losers (winners) by 

newly bottom (top)-ranked stocks only increases the profitability of reversal strategies if the 

difference in expected return between the stocks is larger than the costs associated with the 

transactions. 

In many cases, however, the costs of the rebalances will be larger than the 

incremental return that is earned by the stock replacements. For example, for our universe 

of the 1,500 largest stocks we found that past loser stocks on average earn a gross excess 

return of roughly 6 basis points over the subsequent day while stocks in the next quintile 
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earn 1 basis point. On average, loser (winner) stocks remain ranked in the top (bottom) 

quintile for a period of three days. Consequently, replacing a stock that moved from the top 

quintile to the second quintile only increases the profitability of the reversal strategy if the 

costs of the buy and sell transactions are less than 15 [= (6 - 1) * 3] basis points together.  

When we consider the trading cost estimates in Tables 3.1 and 3.2, however, we see that 

single-trip costs are larger than 7.5 basis points in many cases. Therefore a portfolio 

construction approach that directly sells (buys back) stocks that are no longer losers 

(winners) is likely to generate excessive turnover and unnecessarily high transaction costs. 

A naive approach to cope with this problem would be to lower the rebalancing 

frequency. However, with this approach one runs the risk to hold stocks that have already 

reverted. Namely, a loser (winner) stock at a specific point in time might rank among the 

winner (loser) stocks within the interval at which the portfolio is rebalanced and might 

therefore have a negative (positive) expected return. In fact, the portfolio weights of loser 

stocks that have reverted become larger and thereby exacerbate this effect.  

We propose a slightly more sophisticated approach that waits to sell (buy back) 

stocks until they are ranked among the 50 percent of winner (loser) stocks ranked on past 

return. These stocks are then replaced by the stocks with the lowest (highest) past-week 

return at that time and not yet included in the portfolio. As a consequence, this "smart" 

approach has a substantially lower turnover than the standard approach to construct long-

short reversal portfolios. It is important to note that our “smart” approach holds the same 

number of stocks in the portfolio as the standard approach, but that the holding period with 

the “smart” approach is flexible for each stock with a minimum of one day and a maximum 

of theoretically infinity.  

 We now use the slightly more sophisticated portfolio construction approach 

outlined above to evaluate reversal profits for our samples of the 1,500, 500, and 100 largest 

U.S. stocks. Our hypothesis is that trading costs can significantly be reduced without giving 

up too much of the gross reversal profits when our slightly more sophisticated portfolio 

construction algorithm is applied. 

We first consider the results for our sample of the 1,500 largest stocks in Panel A 

of Table 3.5. Indeed, the “smart” portfolio construction approach appears to successfully 

reduce turnover and thereby the impact of trading costs on reversal profits. While the 

turnover of the standard reversal strategy for the 1,500 largest stocks is 677 percent per week, 

this figure is 325 percent for the “smart” approach. We find that the effective holding period 

of a stock on average is approximately six days for this strategy. And while trading costs, 

estimated using the Keim and Madhavan (1997) model, consume 128 basis points of reversal 

gross returns of the standard reversal strategy, this figure is 61 basis points for the “smart” 
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approach. We find a similar impact when we use the Nomura trading cost estimates. While 

trading costs consume 165 basis points for the standard reversal strategy, this figure is 77 

basis points for the “smart” approach. All in all, it appears that using a slightly more 

sophisticated portfolio construction approach when engaging in short-term reversal 

strategies can have a significant impact on trading costs. 

 

TABLE 3.5. Profitability of “smart” reversal investment strategies for the 1,500, 500 and 100 

largest U.S. stocks. 

This table presents the weekly gross and net returns of the long portfolio, the short portfolio, and the 

long-short portfolio based on reversal portfolios containing 20 percent of the 1,500 (Panel A), 500 

(Panel B) and 100 (Panel C) largest U.S. stocks relative to the equally weighted average return of the 

stock universe. In addition, the table presents the turnover of the long-short portfolio. The reversal 

portfolios are constructed using an approach that does not directly sell (buy back) stocks that are no 

longer losers (winners), but waits until these stocks are ranked among the top (bottom) 50 percent of 

stocks. Net returns for each stock are computed at each point in time by taking the trading cost 

estimates associated with the stock’s volume rank using the schemes based on the Keim and Madhavan 

(1997) model and the transaction cost model of Nomura Securities listed in Tables 3.1 and 3.2. A 

minimum of zero is imposed for the transaction cost estimates resulting from the Keim and Madhavan 

model.  

 

 Next, we consider the results for the 500 and 100 largest U.S. stocks in Panels B 

and C of Table 3.5. Also for these samples we see that the “smart” portfolio construction 

approach appears to successfully reduce turnover. More specifically, while the standard 

reversal strategies have turnovers of 688 and 711 percent per week, these figures are 326 

and 337 percent for the “smart” reversal strategies applied on the 500 and 100 largest stocks, 

respectively. Interestingly, the gross returns of the “smart” strategies are only marginally 

lower than the returns we observed earlier for the standard reversal strategies. When net 

Return 

long (bps)

Return 

short (bps)

Return 

long-short t-stat

Turnover 

(%)

Panel A. Smart reversal strategy for 1,500 largest  U.S. stocks
Gross return 27.7 -31.9 59.8 8.8 325

Net return using KM estimates -2.9 -1.4 -1.5 -0.2 "

Net return using Nomura estimates -10.9 6.8 -17.6 -2.6 "

Panel B. Smart reversal strategy for 500 largest  U.S. stocks

Gross return 30.7 -34.0 65.0 8.7 326

Net return using KM estimates 29.4 -32.7 62.3 8.4 "

Net return using Nomura estimates 13.7 -16.8 30.5 4.1 "

Panel C. Smart reversal strategy for 100 largest  U.S. stocks

Gross return 40.9 -36.7 77.9 9.4 337

Net return using KM estimates 40.5 -36.3 77.1 9.3 "

Net return using Nomura estimates 28.6 -24.4 53.1 6.4 "
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returns are computed using the Nomura model we find that trading costs now consume only 

34 basis points of the strategy’s gross return for the 500 largest U.S. stocks. This figure is 

75 basis points for the standard reversal strategy. We observe a similar reduction for our 

sample of the 100 largest U.S. stocks. The resulting reversal profits range between 30 and 

50 basis points per week  and are highly significant from both a statistical as an economical 

point of view.  

 

3.4.3. Reversal profits in European markets 

 

Proceeding further we evaluate reversal profits in European stocks markets. Only a small 

number of studies have investigated short-term reversal strategies in non-US equity markets. 

Chang, McLeavey and Rhee (1995) find abnormal profits of short-term contrarian strategies 

in the Japanese stock market. Schiereck, DeBondt and Weber (1999) and Hameed and Ting 

(2000) find the same in the German and Malaysian stock markets, respectively. And Griffin, 

Kelly and Nardari (2010) investigate reversal profits in 56 developed and emerging 

countries.  

Because European markets are less liquid than the U.S. market we expect the 

impact of trading costs on reversal profits to be larger in Europe. Using the methodology 

outlined in the previous section, we construct quintile portfolios for the 1,000, 600 and 100 

largest European stocks to compute the returns of long-short reversal portfolios. 

Additionally, we apply the “smart” portfolio construction for these stock samples. For all 

reversal strategies we compute gross returns, and returns net of trading costs using the 

estimates from the Nomura model listed in Table 3.3. The results of this analysis are 

presented in Table 3.6. 

It appears that gross reversal profits are also very large in Europe and in the same 

order of magnitude as in the U.S. However, as we expected, the impact of trading costs 

appears to be larger in Europe. For our universes of the 1,000 and 600 largest European 

stocks we do not find positive returns net of trading costs. Only when we exclusively focus 

on the 100 largest stocks and apply the “smart” portfolio construction, we document 

significantly positive net reversal profits up to 20 basis points per week. 

All in all, the European results exhibit the same features as our U.S. results: once 

we move more towards the large-cap segment of the market and limit turnover by “smart” 

portfolio construction, reversal strategies yield significant returns net of trading costs. At the 

same time, trading costs have a larger impact on reversal profits in Europe than in the U.S. 
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TABLE 3.6. Profitability of reversal investment strategies for the 1,000, 600 and 100 largest 

European stocks. 

This table presents the weekly gross and net returns of the long portfolio, the short portfolio, and the 

long-short portfolio based on reversal strategies for the 1,000, 600 and 100 largest European stocks 

relative to the equally weighted average return of the stock universe. In addition, the table presents the 

turnover of the long-short portfolio. Net returns for each stock are computed at each point in time by 

taking the trading cost estimates associated with the stock’s volume rank using the schemes based on 

the transaction cost model of Nomura Securities listed in Table 3.3. Panels A, C and E present the 

results using a standard portfolio construction approach that is long (short) in the 20 percent of stocks 

with the lowest (highest) returns over the past week. Panels B, D and E show the results for a slightly 

more sophisticated portfolio construction approach that does not directly sell (buy back) stocks that 

are no longer losers (winners), but waits until these stocks are ranked among the top (bottom) 50 

percent of stocks. 

 

 

Return 

long (bps)

Return 

short (bps)

Return 

long-short 

(bps) t-stat

Turnover 

(%)

Panel A. Standard reversal strategy for 1,000 largest European stocks

Gross return 24.6 -25.3 50.0 7.7 672

Net return using Nomura estimates -113.4 106.5 -217.5 -33.4 "

Panel B. Smart reversal strategy for 1,000 largest European stocks

Gross return 28.2 -27.6 56.0 9.0 319

Net return using Nomura estimates -36.0 36.4 -72.1 -11.6 "

Panel C. Standard reversal strategy for 600 largest European stocks

Gross return 34.3 -34.6 69.2 9.6 683

Net return using Nomura estimates -81.3 76.8 -156.9 -21.8 "

Panel D. Smart reversal strategy for 600 largest European stocks

Gross return 35.0 -34.2 69.5 10.0 323

Net return using Nomura estimates -18.6 19.8 -38.3 -5.5 "

Panel E. Standard reversal strategy for 100 largest European stocks

Gross return 48.0 -48.1 96.5 9.8 700

Net return using Nomura estimates -24.9 22.9 -47.7 -4.9 "

Panel F. Smart reversal strategy for 100 largest European stocks

Gross return 46.3 -43.8 90.5 9.5 332

Net return using Nomura estimates 11.9 -9.7 21.6 2.3 "



Another look at trading costs and short-term reversal profits 71 

 

3.5. Follow-up empirical analyses 

 

3.5.1. Weekly rebalancing 

 

In our first follow-up empirical analysis we evaluate a naive portfolio construction approach 

that reduces the turnover of reversal strategies by decreasing the rebalancing frequency to 

five days. All the other settings are exactly the same as with the standard approach. As 

mentioned earlier, the main disadvantage of this approach compared to the "smart" portfolio 

construction approach described in the previous section is that one runs the risk to hold 

stocks that have already reverted. We evaluate this portfolio construction approach for our 

samples of the largest 1,500, 500 and 100 largest U.S. stocks. The results are in Table 3.7. 

 

TABLE 3.7. Profitability of reversal investment strategies using a five-day rebalancing 

frequency. 
This table presents the weekly gross and net returns of the long portfolio, the short portfolio, and the 

long-short portfolio based on reversal quintiles using a five-day rebalancing frequency for the 1,500 

(Panel A), 500 (Panel B) and 100 (Panel C) largest U.S. stocks. In addition, the table presents the 

turnover of the long-short portfolio. Net returns for each stock are computed at each point in time by 

taking the trading cost estimates associated with the stock’s volume rank using the schemes based on 

the transaction cost model of Nomura Securities listed in Tables 3.1 (for the 1,500 largest U.S. stocks) 

and 3.2 (for the 500 and 100 largest U.S. stocks).  

 

It appears that using a five-day rebalancing frequency indeed substantially lowers 

portfolio turnover. For example, the turnover of the standard reversal strategy for the 1,500 

largest stocks is 677 percent per week. This figure is 306 percent per week using a five-day 

rebalancing frequency. Also for our samples of the largest 500 and 100 stocks, the turnover 

Return 

long (bps)

Return 

short (bps)

Return 

long-short 

(bps) t-stat

Turnover 

(%)

Panel A. Standard reversal strategy for 1,500 largest U.S. stocks with a 5-day rebalancing frequency

Gross return 18.6 -22.5 41.2 7.3 306

Net return using Nomura estimates -17.6 13.9 -31.4 -5.6 "

Panel B. Standard reversal strategy for 500 largest U.S. stocks with a 5-day rebalancing frequency

Gross return 20.2 -23.7 44.0 7.1 310

Net return using Nomura estimates 3.5 -7.1 10.6 1.7 "

Panel C. Standard reversal strategy for 100 largest U.S. stocks with a 5-day rebalancing frequency

Gross return 25.3 -26.7 52.2 7.9 315

Net return using Nomura estimates 13.7 -15.3 29.0 4.4 "
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of reversal strategies that use a five-day rebalancing frequency is less than half of the 

turnover of strategies that rebalance at a daily frequency. As a consequence, the impact of 

trading costs is substantially lower for these strategies. Nonetheless, the net returns of the 

weekly reversal strategy for the 1,500 largest stocks are significantly negative because the 

gross returns of the strategy are also much lower than for the daily strategy. While the daily 

strategy yields a gross return of 61.7 basis points per week, the weekly strategy yields only 

41.2 basis points. For our samples of the largest 500 and 100 stocks we observe similar 

effects: trading costs become substantially lower when the rebalancing frequency is 

decreased to five days, but so do gross returns. The effects seem to offset each other such 

that net reversal profits remain in the same order of magnitude. 

 

3.5.2. Subperiod analyses 

 

We continue our empirical analysis by performing two subperiod analyses. First, we 

investigate reversal profits over the most recent decade in our sample (i.e., January 2000 to 

December 2009). We conjecture that it might well be the case that the decimalization of the 

quotation systems and the increase in stock trading volumes have affected the profitability 

of reversal profits. Additionally, the Adaptive Market Hypothesis of Lo (2004) states that 

the public dissemination of an anomaly may affect its profitability. We conjecture that it 

could well be the case that increased investment activities by professional investors such as 

hedge funds have arbitraged away a large portion of the anomalous profits of reversal 

strategies after publications on the reversal effect in the 1990s. The results of this analysis 

are presented in Panels A, B and C in Table 3.8. 

It appears that the net profitability of our “smart” reversal investment strategy is 

quite constant over our sample period. For the 1,500 largest stocks, the “smart” reversal 

strategy yields a negative net return of minus 27.9 basis points per week in the most recent 

decade. For our sample of the 500 largest stocks, the net return decreased from 30.5 to 22.1 

basis points per week. And for our sample of the largest 100 stocks, the net return slightly 

increased from 53.1 basis points to 59.0 basis points per week. 

In our second subperiod analysis we evaluate reversal profits when leaving out the 

dotcom bubble years (i.e., January 1999 to December 2001) and the credit crisis (i.e., January 

2008 to December 2009) from our sample. Our concern is that the trading cost models we 

employ underestimate costs during crises periods and reversal profits are exacerbated. The 

results of this analysis are reported in Panels D, E, and F of Table 3.8. Observing net reversal 

profits of minus 17.8, 23.2 and 34.8 basis points per week for the 1,500, 500 and 100 largest 
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U.S. stocks, respectively, we conclude that the reversal profits are constant over time and 

also highly profitable during non-crises periods.  

 

TABLE 3.8. Profitability of reversal investment strategies over subperiods 

This table presents the weekly gross and net returns of the long portfolio, the short portfolio, and the 

long-short portfolio based on a reversal strategy over the period January 2000 to December 2009 

(Panels A, B and C) and over our full sample period excluding the dot-com bubble from January 1999 

to December 2001 and the credit crisis from January 2008 to December 2009 (Panels D, E and F). In 

addition, the table presents the turnover of the long-short portfolio. The reversal portfolios are 

constructed using an approach that does not directly sell (buy back) stocks that are no longer losers 

(winners), but waits until these stocks are ranked among the top (bottom) 50 percent of stocks. Net 

returns for each stock are computed at each point in time by taking the trading cost estimates associated 

with the stock’s volume rank using the schemes based on the transaction cost model of Nomura 

Securities listed in Tables 3.1 and 3.2.  

 

3.5.3.  “Smart” portfolio construction using alternative trade rules 

 

Next we examine the sensitivity of our findings to alternate portfolio construction rule 

choices. More specifically, we evaluate reversal profits for the 500 largest U.S. stocks that 

Return 

long (bps)

Return 

short (bps)

Return 

long-short 

(bps) t-stat

Turnover 

(%)

Panel A. Smart reversal strategy for 1,500 largest  U.S. stocks over the period 2000 to 2009

Gross return 10.5 -22.6 33.2 2.7 317

Net return using Nomura estimates -19.4 8.5 -27.9 -2.3 "

Panel B. Smart reversal strategy for 500 largest  U.S. stocks over the period 2000 to 2009

Gross return 22.2 -30.7 53.0 4.0 320

Net return using Nomura estimates 7.1 -14.9 22.1 1.7 "

Panel C. Smart reversal strategy for 100 largest  U.S. stocks over the period 2000 to 2009

Gross return 40.0 -38.3 78.6 5.5 329

Net return using Nomura estimates 30.3 -28.5 59.0 4.1 "

Panel D. Smart reversal strategy for 1,500 largest U.S. stocks during non-crises periods

Gross return 29.1 -31.8 61.1 12.1 325

Net return using Nomura estimates -10.4 7.4 -17.8 -3.5 ''

Panel E. Smart reversal strategy for 500 largest U.S. stocks during non-crises periods

Gross return 27.5 -29.6 57.3 10.6 326

Net return using Nomura estimates 10.6 -12.6 23.2 4.3 ''

Panel F. Smart reversal strategy for 100 largest U.S. stocks during non-crises periods

Gross return 31.9 -28.4 60.4 9.6 337

Net return using Nomura estimates 19.1 -15.7 34.8 5.5 ''
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sell (buy back) stocks once their rank on past-week return is above (below) the 30th (70th) 

percentile; the 40th (60th) percentile; the 60th (40th) percentile; the 70th (30th) percentile; 

and the 80th (20th) percentile.  

 

TABLE 3.9. “Smart” portfolio construction using alternative trade rules. 

This table presents the weekly gross and net returns of the long portfolio, the short portfolio, and the 

long-short portfolio based on reversal strategies relative to the equally weighted average return of the 

stock universe. In addition, the table presents the turnover of the long-short portfolio. The reversal 

portfolios are constructed using an approach that does not directly sell (buy back) stocks that are no 

longer losers (winners), but waits until these stocks are ranked above (below) the 30th (70th) percentile 

(Panel A); the 40th (60th) percentile (Panel B); the 60th (40th) percentile (Panel C); the 70th (30th) 

percentile (Panel D); and the 80th (20th) percentile (Panel E). Net returns for each stock are computed 

at each point in time by taking the trading cost estimates associated with the stock’s volume rank using 

the schemes based on the transaction cost model of Nomura Securities listed in Table 3.2. 

 

The results in Panel A of Table 3.9 point out that reducing portfolio turnover has a 

large impact on net reversal profits. Once we require loser (winner) stocks with a rank above 

(below) the 30th (70th) percentile to be sold (bought back), net reversal profits become 

highly significant at 20.1 basis points per week. This compares to minus 3 basis points per 

week for the standard reversal strategy (see Table 3.4). While gross returns become 

somewhat lower when turnover is reduced, the impact of trading costs on performance 

Return 

long (bps)

Return 

short (bps)

Return 

long-short 

(bps) t-stat

Turnover 

(%)

Panel A. Smart reversal strategy for 500 largest U.S. U.S. stocks using 30/70 trade rule

Gross return 34.0 -37.2 71.5 9.1 479

Net return using Nomura estimates 8.1 -11.9 20.1 2.6 "

Panel B.Smart reversal strategy for 500 largest U.S. U.S. stocks using 40/60 trade rule

Gross return 32.1 -35.8 68.2 8.9 387

Net return using Nomura estimates 11.5 -15.4 27.0 3.5 "

Panel C. Smart reversal strategy for 500 largest U.S. U.S. stocks using 60/40 trade rule

Gross return 30.9 -33.0 64.1 8.9 275

Net return using Nomura estimates 16.7 -18.5 35.2 4.9 "

Panel D.Smart reversal strategy for 500 largest U.S. U.S. stocks using 70/30 trade rule

Gross return 28.1 -30.5 58.7 8.6 225

Net return using Nomura estimates 16.7 -18.6 35.3 5.2 "

Panel E. Smart reversal strategy for 500 largest U.S. U.S. stocks using 80/20 trade rule

Gross return 24.3 -27.3 51.7 8.2 170

Net return using Nomura estimates 15.8 -18.3 34.2 5.4 "
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becomes substantially smaller at the same time. The optimum in terms of net return is 

reached using a trade rule that sells (buys back) stocks once their rank on past-week return 

is above (below) the 70th (30th) percentile. Interestingly, it appears that reversal profits are 

both statistically and economically highly significant for all trade rules, ranging from 20.1 

to 35.3 basis points per week. We can therefore safely conclude that our findings are robust 

to our choice of trade rule. 

 

3.5.4. Fama-French regressions 

 

To investigate to which extent reversal profits can be attributed to exposures to common risk 

factors we regress gross and net returns of the “smart” long-short reversal portfolios for the 

largest 1,500, 500 and 100 U.S. stocks on the Fama-French risk factors (French, 2010) for 

market, size and value [see, e.g., Fama and French (1993, 1995, 1996)]: 

(3.1)  iitttti HMLbSMBbsRMRFbar ,321,  , 

where tir ,  is the return on reversal strategy i in month t, tRMRF , tSMB  and tHML  are the 

returns on factor-mimicking portfolios for the market, size and value in month t, 

respectively, a , 1b , 2b  and 3b  are parameters to be estimated, and ti,  is the residual 

return of strategy i in month t. The coefficient estimates and adjusted R-squared values from 

these regressions are listed in Table 3.10. 

Panel A presents the results for the 1,500 largest U.S. stocks, Panel B presents the 

results for the 500 largest U.S. stocks, and Panel C presents the results for the 100 largest 

U.S. stocks. In all cases the explanatory power of the Fama-French risk factors is very small. 

The highest adjusted R-squared value we observe is 5 percent. We conclude that reversal 

profits are unrelated to exposures to common risk factors. 

 

3.6. Implications for explanations for reversal effects 

 

Our findings have important implications for explanations that have been put forward in the 

literature to explain the reversal anomaly. Short-term stock reversals are sometimes regarded 

as evidence that the market lacks sufficient liquidity to offset price effects caused by 

unexpected buying and selling pressure and that market makers set prices in part to control 

their inventories. Grossman and Miller (1988) and Jegadeesh and Titman (1995b) argue that 

the reversals are induced by inventory imbalances by market makers and the contrarian 

profits are a compensation for bearing inventory risks. Related to this stream of literature, 

Madhavan and Smidt (1993), Hasbrouck and Sofianos (1993), Hansch, Naik and 

Viswanathan (1998), and Hendershott and Seasholes (2006) find that prices quoted by 
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dealers are inversely related to their inventory supporting the notion that dealers actively 

manage their inventories. This liquidity explanation projects that reversals should have 

become smaller over time since market liquidity dramatically increased. It also predicts that 

reversals are stronger for small-cap stocks than large-cap stocks that typically have lower 

turnover. In fact, under the liquidity hypothesis reversals may even not be present among 

large-cap stocks at all. However, our findings that net reversal profits are large and positive 

for the 500 and 100 largest U.S. stocks and did not diminish over the second decade in our 

sample rules out this explanation.  

 

TABLE 3.10. Fama-French regressions. 
This table presents the coefficient estimates and adjusted R-squared values of Fama-French regressions 

of weekly gross and net returns of the long-short portfolio based on reversal portfolios containing 20 

percent of the 1,500 (Panel A), 500 (Panel B) and 100 (Panel C) largest U.S. stocks on the Fama-

French risk factors (French, 2010) for market, size and value [see, e.g., Fama and French (1993, 1995, 

1996)]: 

(3.1)  iitttti HMLbSMBbsRMRFbar ,321,  , 

where ri,t is the return on reversal strategy i in month t, RMRFt, SMBt and HMLt are the returns on 

factor-mimicking portfolios for the market, size and value in month t, respectively, a, b1, b2 and b3 are 

parameters to be estimated, and εi,t is the residual return of strategy i in month t. The reversal portfolios 

are constructed using an approach that does not directly sell (buy back) stocks that are no longer losers 

(winners), but waits until these stocks are ranked among the top (bottom) 50 percent of stocks. Net 

returns for each stock are computed at each point in time by taking the trading cost estimates associated 

with the stock’s volume rank using the schemes based on the transaction cost model of Nomura 

Securities listed in Tables 3.1 and 3.2.  

 

Another explanation for reversal effects that has been put forward in the literature 

is from Lo and MacKinlay (1990) and Boudoukh, Richardson and Whitelaw (1994) who 

note that nonsynchronous trading contributes to contrarian profits. This explanation assumes 

information diffuses gradually in financial markets and that large-cap stocks react more 

quickly to information than small-cap stocks that are covered by fewer analysts. As a 

Alpha 

(bps) t-stat RMRF SMB HML Adj.Rsq

Panel A. Smart reversal strategy for 1,500 largest U.S. stocks

Gross return 60.9 9.2 0.1 -0.2 0.0 5%

Net return using Nomura estimates -16.3 -2.5 0.1 -0.2 0.0 5%

Panel B. Smart reversal strategy for 500 largest U.S. stocks

Gross return 66.8 9.1 0.1 -0.2 0.0 3%

Net return using Nomura estimates 32.6 4.4 0.1 -0.2 0.0 3%

Panel C. Smart reversal strategy for 100 largest U.S. stocks

Gross return 80.7 9.9 0.1 -0.2 -0.1 2%

Net return using Nomura estimates 56.1 6.8 0.1 -0.2 -0.1 2%
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consequence of this, the returns of large-cap stocks might lead the returns of small-cap 

stocks. However, our finding that reversal profits are smaller for the 1,500 largest U.S. stocks 

than for the 500 and 100 largest stocks is inconsistent with this explanation since 

nonsynchronous trading predicts a size-related lead-lag-effect in stock returns and higher 

reversal profits among small-cap stocks. 

 The only explanation that has been put forward in the literature whose projections 

are not inconsistent with our findings is the behavioral explanation that market prices tend 

to overreact to information in the short run [see, e.g., Jegadeesh and Titman (1995a)]. It 

should be stressed that our study does not provide any direct evidence supporting this 

behavioral hypothesis. Of course, it is not our goal to explain the reversal effect in this study; 

our main point is to show that reversal profits are present after trading costs. Nonetheless, 

we believe that our results help to better understand the reversal anomaly since it rules out 

several competing explanations that have been put forward in the literature.  

 

3.7. Summary and concluding comments 

 

This study shows that the finding that trading costs prevent profitable execution of reversal 

investment strategies can largely be attributed to excessively trading in small-cap stocks. 

Excluding small-cap stocks and applying a slightly more sophisticated portfolio construction 

approach to reduce turnover when engaging in reversal trading has a tremendous impact on 

the returns that reversal investment strategies deliver net of transaction costs. Our finding 

that reversal strategies generate 30 to 50 basis points per week net of transaction costs poses 

a serious challenge to standard rational asset pricing models and has important implications 

for the practical implementation of reversal investment strategies. Our results also have 

important implications for several explanations that have been put forward in the literature 

to explain the reversal anomaly.  

Another important issue that came to light in this study is that trading cost estimates 

of the Keim and Madhavan (1997) model that are typically used in this stream of literature 

to evaluate the profitability of trading strategies net of transaction costs should be interpreted 

with caution in some cases. More specifically, it seems that cost estimates of this model are 

systematically biased downwards and can even become negative. The comprehensive 

overview presented in this study on trading costs estimates resulting from the proprietary 

transaction cost model of Nomura Securities provides opportunities for future research to re-

evaluate the profitability of investment strategies based on well-documented anomalies. 
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3.A. Keim and Madhavan (1997) model 

 

As Avramov, Chordia and Goyal (2006) do in their study, we employ the regression results 

of Keim and Madhavan to estimate the transaction costs involved with reversal investment 

strategies. Using the results in Table 5 of Keim and Madhavan (1997) we obtain our 

estimates of buyer and seller trading costs: 

 

(3.2)
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where i
BuyĈ  and i

SellĈ  are the estimated total trading costs for stock i in percent for either 

a buyer-initiated or seller-initiated order, respectively. i
NASDAQD  is equal to one if stock i is 

a NASDAQ-traded stock and zero if stock i is traded on NYSE or AMEX, imcap is the 

market value outstanding of stock i, iTrsize  is the trade size of stock i, and iP  is the price 

per share of stock i. For our long portfolios we use i
BuyĈ  to open the positions in the 

component stocks and i
SellĈ  to close the positions, vice versa for the short portfolios. Keim 

and Madhavan estimate the trading costs for 21 institutions from January 1991 through 

March 1993 using 62,333 trades.  
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3.B. Nomura model for trading costs 

 

The variables that are assumed to determine trading costs in the model developed by Nomura 

are spread, trade size, volume and volatility: 

(4) iii

i

ii volatilitybTrsize
volume

bspreadbaC  3221

1ˆ  

where ispread  is the average bid-ask spread of stock i over the trading day, ivolume  is the 

total executed volume for stock i over the trading day, iTrsize  is the trade size of stock i, 

and ivolatility  the intra-day return volatility of stock i over the trading day. The Nomura 

trading cost model is calibrated in every quarter over the period 1995 to 2009. For each 

calibration, actual order flows in the previous 12 months for approximately 500,000 

executed trades per time are used from the trading platform formerly owned by Lehman 

Brothers. Consistent with the approach of Keim and Madhavan (1997), the model of Nomura 

also adjusts for the relevant exchange by estimating the model coefficients per region and 

exchange [Tse and Devos (2004) and Gajewskia and Gresse (2007) report differences in 

trading costs between exchanges].  

 The model developed by Nomura estimates transaction costs by decomposing them 

into three components. The first component is the instantaneous impact due to crossing the 

bid-ask spread. The second component is the permanent impact which is the change in 

market equilibrium price due to executing a trade. Finally, the third component is the 

temporary impact which refers to a temporary movement of price away from equilibrium 

price because of short-term imbalances in supply and demand. The model does not take 

opportunity costs into account that result from unfilled trades.  



 

 

  



 

4. Are the Fama-French factors really compensation for distress 

risk?46  

 

In this study, we revisit the question whether the Fama-French factors are manifestation of 

distress risk premiums. To this end, we develop new tests specifically aimed at dissecting 

the Fama-French factor returns from a distress risk premium. While we find that value and 

small-cap exposures are typically associated with distress risk, our results also indicate that 

distress risk is not priced and that the small-cap and value premiums are priced beyond 

distress risk. Moreover, the distress risk exposures of common small-cap and value factors 

do not have explanatory power in asset pricing tests. Our results are robust to international 

out-of-sample analyses and have important implications for investors engaging in small-cap 

and value strategies. 

 

4.1. Introduction 

 

While numerous studies document that value and small-cap stocks earn abnormal positive 

returns, the interpretation why they do so is more controversial. The main goal of this 

research is to provide insight into the existence of an interaction between distress risk and 

the value and small-cap premiums. In other words, are these premiums compensation for 

distress risk? 

To investigate this research question we start with setting up a comprehensive data 

set of different proxies for firms’ distress risk for the 1,500 largest U.S. firms over the period 

September 1991 to December 2012. From accounting data, we measure a firm’s default risk 

by its financial leverage. Probabilities of default are also obtained using the structural model 

of Merton (1974). Given the results of Anginer and Yıldızhan (2017) that credit spreads are 

a good proxy for financial distress, we additionally consider the difference between the bond 

yield and the corresponding maturity-matched treasury rate as a measure for firms’ distress 

risk. Finally, we consider credit ratings that have been used by Avramov, Chordia, Jostova 

and Philipov (2007, 2009, 2013) to proxy for distress risk. We merge our distress risk data 

with monthly equity price data. 

In our first empirical analysis we evaluate the predictive power of the variables for 

firms’ financial distress using Moody’s (2000) Accuracy Profiles. While we do find some 

differences between the variables, it appears that all variables have predictive power for 

                                                           
46 This chapter is based on De Groot, W., and Huij, J., 2017, Are the Fama-French factors really 

compensation for distress risk, resubmitted to the Journal of International Money and Finance. 
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firms’ financial distress. We find that structural models and credit ratings do a better job in 

predicting financial distress than accounting measures, and that credit spreads have some 

predictive value over estimates resulting from structural models and credit ratings. Although 

stock rankings based on these measures are positively correlated, the correlations are not 

very high. This result indicates that our different risk measures capture distinct dimensions 

of financial distress. 

To investigate the interaction between the value premium and distress risk we 

construct rank portfolios of stocks ranked on their book-to-market ratios and distress risk to 

explore the relation between our measures of distress risk, valuation, and stock returns. We 

find no evidence supporting the pricing of distress risk, and no evidence of a positive relation 

between default risk and the value premium. These results hold irrespective of which 

measure we use for distress risk. 

Also when we employ alternative methodological frameworks to investigate the 

interaction between the value premium and distress, we find no positive relation. When using 

the framework a la Lakonishok, Shleifer and Vishny (1994) we take the NBER’s Business 

Cycle indicators for economic expansions and recessions as measures for good and bad 

states of the world, respectively. Using this setup, we find that value stocks outperform 

growth stocks both during expansions and recessions. At the same time, we generally find 

that high-risk stocks based on our different distress measures exhibit large underperformance 

during recessions corroborating our finding that our distress proxies have predictive power 

for financial distress. And when we use cross-sectional Fama and MacBeth (1973) 

regressions at the individual stock level to estimate if there is a value premium above and 

beyond distress risk effects, our results consistently indicate a substantial value premium 

and no positive relation between stock returns and distress risk exposures. 

For the small-cap anomaly we also find no evidence supporting a distress risk-based 

explanation. While small-cap stocks do have a substantially higher probability to get into 

financial distress, it is not the case that small-cap stocks only yield positive abnormal returns 

if they run higher levels of distress risk. In fact, it seems that the size premium is concentrated 

in low-risk small-cap stocks. It also appears that there is a large positive small-cap premium 

during recessions. This is inconsistent with a risk-based explanation that projects that small 

caps must underperform large-cap stocks in the bad states of the world. In addition, the cross-

sectional Fama and MacBeth (1973) regressions at the individual stock level show a strong 

size premium once corrected for distress risk. Another interesting finding of our analyses is 

that our results help to understand the discrepancy in the literature that several studies do not 

find a significant size premium after the early 1980s. We show that once distress risk is taken 
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into account in the analyses a significant small-cap premium can be observed even after the 

early 1980s. 

We also investigate if the large empirical explanatory power of the Fama-French 

(1993) SMB (Small-Minus-Big) and HML (High-Minus-Low) factors for the size and value 

effects can be attributed to these factors being exposed to distress risk. The typical approach 

in the stream of literature on empirical asset pricing to correct for the size and value effects 

is using the Fama-French (1993) three factor model that augments the one-factor market 

model with the SMB (Small-Minus-Big) and HML (High-Minus-Low) factors. Perhaps the 

most important reason why many researchers adopted the use of the SMB and HML factors 

is because of the factors’ large empirical explanatory power for differences in the cross-

section of stock returns. Because of the way the SMB and HML factors are constructed, we 

may expect the factors to be prone to distress risk. To investigate this issue we construct 

distress-risk neutral SMB and HML factors. We observe that the premiums of the factors do 

not decrease when distress-risk neutrality is imposed. At the same time, the distress-risk-

neutral factors exhibit lower risk levels. Furthermore, we do not observe a deterioration of 

the explanatory power of the distress-risk-neutral factors for the variation in returns of the 

decile portfolios sorted on dividend yield and the 25 portfolios sorted on market 

capitalization and book-to-price from the webpage of Kenneth French. 

Finally, when we expand our analyses to an international context and reperform all 

our tests for all stocks in the FTSE World Index, we come to exactly the same conclusions 

and find no relationship between distress risk and the value and size premiums. Overall, 

based on our results we conclude that there is no strong evidence supporting a distress risk-

based explanation for the Fama-French factor premiums. Our results call for further research 

on the development and testing of theories that potentially provide an explanation for the 

small-cap and value effects. 

The remainder of this chapter is organized as follows. Section 4.2 provides a literature 

overview. Section 4.3 describes the construction of our data set. Sections 4.4 and 4.5 present 

our empirical results for tests that examine if there is a relation between distress risk and the 

value and small-cap effects, respectively. Section 4.6 presents results for analyses that 

investigate if the empirical explanatory power of the SMB and HML factors can be attributed 

to their exposures to distress risk. Section 4.7 presents the results using the CRSP Stocks 

Database over the pre-1991 period. Section 4.8 presents the results for international stock 

markets. In Section 4.9 we expand our analyses to the profitability and investment effects 

recently documented by Fama and French (2015) and show that these effects can also not be 

attributed to distress risk. Section 4.10 presents the results of all stocks in the U.S. BMI 

index. Finally, Section 4.11 highlights the contributions of our study to the extant literature. 
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4.2. Literature review 

 

A large group of academics and practitioners believe that the value and small-cap premiums 

are compensation for distress risk. Berk (1995) relates the effects to systematic risk that is 

unmeasured by conventional asset pricing models. Fama and French (1992) postulate that 

their small-cap and value factors proxy for the relative distress factor of Chan and Chen 

(1991), and Fama and French (1998) find that a factor model that incorporates a risk factor 

for relative distress captures the value premium in international equity returns. A large 

number of important studies in the field of empirical finance also consider the SMB (Small-

Minus-Big) and HML (High-Minus-Low) factors of Fama and French (1993) to be priced 

risk factors [see, e.g., Zhang (2005)]. And several asset management companies point out 

that the higher returns they expect to earn for their investors through engaging in small-cap 

and value strategies stem from taking increased levels of risk.  

However, empirical evidence does not appear to unambiguously indicate that the 

small-cap and value anomalies are related to financial distress. In addition, the literature 

reports inconsistent conclusions on whether distress risk is a systematic risk factor that is 

priced in the cross-section of stock returns. Dichev (1998) and Griffin and Lemon (2002) 

employ accounting models to estimate corporate bankruptcy risk and find a negative relation 

between distress risk and equity returns. The authors show that stocks with higher levels of 

distress risk as measured by Altman’s model (1968) and Ohlson’s model (1980) earn 

anomalously low returns and conclude that distress risk is therefore unlikely to account for 

the book-to-market effect. Also, Piotroski (2000) reports that financially healthy, high book-

to-market firms generate higher returns than firms that have less healthy financial 

statements. And recently, Campbell, Hilscher and Szilagyi (2008) use a comprehensive set 

of accounting and equity market variables to measure distress risk and find that stocks with 

high risk of default deliver abnormal low returns and that returns of growth and value stocks 

are significantly negatively related to default risk.47  

On the other hand, Ferguson and Shockley (2003) investigate the explanatory 

power of firms’ leverage and distress risk (measured through Altman’s (1968) model) and 

report that these factors subsume the explanatory power of the HML factor in explaining 

cross-sectional returns. Vassalou and Xing (2004) also investigate the relation between 

distress risk and the small-cap and value premiums and employ a structural approach to 

measure distress risk and use Merton’s (1974) structural credit risk model based on option 

                                                           
47 The negative relation between stock returns and distress risk documented by Campbell, Hilscher and 

Szilagyi (2008) is only observed when returns are adjusted for the three Fama and French (1992, 1993, 

1996) factors. 
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pricing theory to compute individual firms’ default probabilities. When the authors assess 

the effect of distress risk on equity returns, they conclude that default risk is positively priced 

in the stock market and that the small-cap effect is a default effect and that a large portion 

of the book-to-price effect can also be attributed to default risk. Chava and Purnanandam 

(2010) also use Merton’s (1974) model to measure distress risk and investigate its relation 

with equity returns back to the early 1950s. They find that the underperformance of 

distressed stocks reported by Dichev (1998), Griffin and Lemon (2002), and Campbell, 

Hilscher and Szilagyi (2008) is specific to the 1980s. Once they exclude this decade from 

their sample, the underperformance of high-risk stocks disappears. They do not investigate 

if the small-cap or value anomalies are related to distress risk. More recently, Avramov, 

Chordia, Jostova and Philipov (2013) asses distress risk through credit downgrades and 

argue that value strategies derive their profitability from taking long positions in high credit 

risk firms that are prone to distress risk. And Kapadia (2011) reports that HML predicts 

firms’ future failure rates. 

The inconsistent conclusions that are drawn by the above mentioned studies with 

respect to the relation of the value premium and distress risk may be attributed to the 

different methods that are used to investigate the interaction between the Fama-French 

factors and distress risk and the different measures that are used to proxy for distress.48 

Vassalou and Xing (2004) express their concerns about the use of accounting models in 

estimating the default risk of equities. They argue that accounting models use backward-

looking information from financial statements, while the Merton (1974) model they use in 

their study contains forward-looking information that is better suited for calculating the 

likelihood that a firm may default. More recently, Anginer and Yıldızhan (2017) criticise the 

use of estimated probabilities of default to proxy for distress risk as done in Dichev (1998), 

Griffin and Lemon (2002), and Campbell, Hilscher and Szilagyi (2008). They argue that 

accounting models implicitly assume that stocks with high probabilities of distress also have 

high exposures to systematic distress risk. The estimated probabilities of default, however, 

do not take into account that some portion of the distress risk may be diversified away by 

investors and therefore may not be priced. In addition, George and Hwang (2009) point out 

that a firm’s estimated probability of default does not necessarily reflect the firm’s exposure 

to the costs of financial distress, which is a better candidate for assessing the relevance of 

financial distress risk to security pricing. The authors argue that firms choose less leverage 

if their operations expose them to high financial distress costs.  

                                                           
48 In this chapter we discuss the value and small-cap premiums which are constructed in the spirit of 

Fama and French (1992), henceforth called Fama-French factors. 
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Anginer and Yıldızhan (2017) not only criticize the use of accounting models to 

predict firm defaults, but also the use of structural models. According to the authors, 

structural models make simplified assumptions about the capital structure of a firm. And just 

like the estimated probabilities of default derived from accounting models, the probabilities 

resulting from structural models not necessarily capture the systematic component of distress 

risk; the only type of risk that should be rewarded with a premium. The authors propose 

corporate credit spreads to proxy for distress risk as these reflect the market consensus view 

of the credit worthiness of the underlying firm and contain a risk-premium for systematic 

risk. And although Elton, Gruber, Agrawal and Mann (2001) find that credit spreads cannot 

fully be explained by expected default losses, Anginer and Yıldızhan (2017) provide 

evidence that bond spreads contain default information above and beyond the measures 

commonly used in the literature. Using credit spreads, they find neither a positive, nor a 

negative significant relation between distress risk and equity returns. The authors, however, 

do not investigate the relation between the value premium and distress risk measured by 

credit spreads. It is currently unclear what relation will be found if credit spreads are used to 

proxy for financial distress. 

Moreover, there are different approaches available to investigate the interaction 

between the Fama-French factor returns and distress risk. Vassalou and Xing (2004) employ 

double-sorted portfolios. An alternative approach would be to use cross-sectional Fama-

MacBeth (1973) regressions at the individual stock level to estimate if there are small-cap 

and value premiums above and beyond distress risk effects. A third method that can be used 

is a conditional time series analysis in the spirit of Lakonishok, Shleifer and Vishny (1994). 

With this approach it is investigated if small-cap (value) stocks are riskier than large-cap 

(growth) stocks by testing if small-cap (value) stocks underperform large-cap (growth) 

stocks in the bad states of the world.  

 To summarize, it seems that there is no consensus in the literature on which 

measure best proxies distress risk and that the findings regarding the pricing of default risk 

are sensitive to the used risk measure. In addition, the literature is also inconclusive as to 

whether the small-cap and value premiums are compensation for financial distress.  

 

4.3. Data and distress risk proxies 

 

In this section we describe the data we use in our study and the measures we employ to proxy 

for distress risk. We also test the extent to which these proxies actually predict financial 

distress. 
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4.3.1. Data 

 

Our sample covers the 1,500 largest stocks of the Citigroup US Broad Market Index (BMI) 

over the period September 1991 until December 2012. This universe roughly corresponds to 

the CRSP universe excluding the 25 percent of stocks with the smallest market capitalization 

over this time period and covers more than 95 percent of the total U.S. equity market 

capitalization. Our sample starts in 1991 because we could not obtain high-quality credit 

spread data before this date. We intentionally leave out micro-cap stocks from our sample 

to ensure that our findings are not prone to market micro-structure concerns.  

 

4.3.2. Distress risk proxies 

 

The first proxy we consider for distress risk to obtain a firm’s probability of default is based 

on accounting data and measures risk through financial leverage, i.e., the firm’s debt-to-

assets ratio. A firm’s debt-to-equity ratio is the most important component of related distress 

risk measures like Altman’s (1968) Z-score and Ohlson’s (1980) O-score used by, for 

example, Dichev (1998) and Griffin and Lemon (2002). We use quarterly Compustat data 

to construct the debt-to-assets ratio, where debt is defined as total debt including both short- 

and long-term debt. In case Compustat data are not available, we use annual data from 

Worldscope. 

Our second proxy for distress risk is a firm’s probability to default derived from a 

structural model. This probability is based on the distance-to-default measure, which we 

compute using a similar approach as Moody’s KMV [see, e.g., Crosbie and Bohn (2003)] 

based on Merton’s (1974) option pricing model. The input data we need to compute a firm’s 

distance-to-default are the firm’s market value of equity, its equity volatility and its book 

value of debt. Data on equity market values and equity returns to estimate volatilities are 

obtained from FactSet Prices. More specific, we define a firm’s distance-to-default (DD) as 

follows: 
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where Va is the market value of a firm’s assets, K its default point (or the book value of the 

debt for which we use total debt), σa the volatility of assets,  is the excess drift in the 

underlying asset value which we proxy with 0.06 in line with Campbell, Hilscher and 
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Szilagyi (2008), rf is the risk-free rate and we assume T to be one year. The distance-to-

default measures how many standard deviations the firm is away from default. The smaller 

the difference between the asset value Va and the default point K, the larger the probability 

on default.   

As the market value of assets and the volatility of assets are not directly observable, 

we model these using Merton’s (1974) option pricing model. In this model, the equity value 

of a firm is viewed as a European call option on the firm’s assets where the strike price of 

the call option is the book value of the firm’s debt. As a result, we obtain: 
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where Ve is the market value of equity and N is the cumulative distribution function of the 

standard normal distribution. As this equation has two unknowns, we use an iterative process 

similar to that of KMV to obtain the market value of assets Va and the volatility of assets a. 

First, we set the initial value for the volatility of assets equal to the standard deviation of the 

past 250 daily stock returns. Next, we back out the market value of assets using Equation 

4.2 and compute monthly asset value returns. We can then obtain a new estimate for a by 

calculating the standard deviation of the past twelve asset value returns, which is used for 

the next iteration. This procedure is repeated until the difference between two subsequent 

estimates for a is less than 10E-4. With the resulting estimated a and Va, we compute the 

DD using Equation 4.1.  

Our third measure for distress risk are credit spread data which we obtained from 

Barclays Capital (formally Lehman Brothers). The data cover debt issues that are 

constituents in the Barclays Capital Investment Grade Corporate and High Yield bond 

indexes. For each firm at each point in time we take the spread of the firm’s debt issue with 

the largest amount outstanding in the Barclays indexes. Our distress proxy based on credit 

spread is defined as the difference between the option-adjusted bond yield and the 

corresponding maturity-matched treasury rate.  

For our fourth proxy of distress risk, we use credit ratings issued by S&P. We merge 

the data of the four proxies for distress risk with monthly stock returns and book-to-market 
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ratios. Quarterly book values are obtained from Compustat. In case Compustat data are not 

available, we use annual data from Worldscope. 

 

4.3.3. Predictive power of distress risk proxies 

 

In this subsection we test the extent to which our proxies actually predict financial distress. 

We consider a firm to be in financial distress if it receives a CCC credit rating or worse.49 

Under this definition, roughly 0.35 percent of the firms in our sample get into financial 

distress each year. This figure varies over time and peaks to 1.16 percent in 2001 and 1.62 

percent in 2008 during the collapse of the IT bubble and the credit crisis, respectively. The 

percentage of firms that gets into financial distress in our sample seems to be somewhat 

lower than the failure rates reported by Campbell, Hilscher and Szilagyi (2008). This is not 

unexpected since our study includes fewer small-cap stocks that have been reported to run 

higher risks to default than large-cap stocks. 

To investigate the predictive power of our measures of distress risk, we employ so-

called Cumulative Accuracy Profiles [see, e.g., Moody’s (2000)]. To generate the Accuracy 

Profiles we monthly compute what percentage of the firms that gets into financial distress 

in the subsequent 12 months is ranked in the top x percent of stocks on their probabilities to 

default estimated using our four proxies for distress risk. Here, x ranges from 1 to 100. Figure 

4.1 shows the time-series averages of these percentages for our four proxies for distress risk. 

The Accuracy Profile of a measure that has no predictive power for financial distress follows 

a line from the origin of the graph and has a slope of one. The Accuracy Profile of a measure 

that does have predictive power for financial distress also departs from the origin, but shows 

a concave pattern indicating that firms are more likely to get into financial distress if their 

estimated probabilities of default are relatively high according to this measure.  

When we consider the Accuracy Profiles of the four measures we use in this study, 

it appears that all of them have significant predictive power for financial distress. Roughly 

50 percent of the firms that get into financial distress are ranked in the top quintile of firms 

based on financial leverage. The other measures even do a somewhat better job in predicting 

financial distress than accounting measures, since around 65 percent of the firms that get 

into financial distress are ranked in the top quintile on their credit ratings. This figure is close 

to 90 percent when firms are ranked based on their estimated probabilities of default derived 

                                                           
49 We also investigate the predictive power of our distress risk proxies where we consider a firm to be 

in financial distress if it receives a D rating. The results of these tests are virtually identical to those 

resulting from tests where we consider a firm to be in financial distress if it receives a CCC rating or 

worse. For the sake of brevity, we do not report these results in tabular form. 
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from their credit spread and the structural model, indicating that these measures appear to 

have the highest predictive value.  

 

FIGURE 4.1. Cumulative Accuracy Profiles. 

This figure presents the Cumulative Accuracy Profiles of the book-to-market ratio (B/M), debt-to-

assets ratio, distance-to-default, credit spread and credit rating. We monthly compute what percentage 

of the firms that gets into financial distress in the subsequent 12 month is ranked in the top x percent 

of stocks on their probabilities to default estimated using our four proxies for distress risk, with x 

ranging from 1 to 100. The curves show the time-series averages.  

 
 

We also investigate the extent to which a firm’s book-to-market value proxies for 

distress risk. To this end, we additionally compute the Accuracy Profile for this measure. 

The results of this analysis are also presented in Figure 4.1. It appears that a firm’s book-to-

market value has predictive power for financial distress. About 60 percent of the firms that 

get into financial distress are ranked in the top quintile of firms based on book-to-market. 

This result is consistent with findings of Kapadia (2011) that HML exposure predicts firms’ 

future failure rates. However, at the same time, the convex shape of the Accuracy Profile at 

the bottom end of the book-to-market spectrum (top right in Figure 4.1) indicates that growth 

stocks with a low book-to-market ratio also have a higher probability to get into financial 

distress. Almost 20 percent of the firms that get into financial distress are ranked in the 
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bottom decile based on book-to-market. So even though high book-to-market ratios seem to 

pick up some form of distress risk, it seems unlikely that value stocks earn higher returns 

than growth stocks because value stocks are exposed to higher levels of distress risk. 

Finally, we consider the average rank correlations for stock rankings on the different 

distress risk measures. While all measures are positively correlated, the correlations are not 

very high ranging between 0.31 and 0.78. Financial leverage yields the lowest correlations 

with the other risk measures (i.e., 0.31 to 0.49). Distance-to-default, credit spread and credit 

rating show correlations ranging between 0.60 and 0.78. All in all, our results indicate that 

our risk measures capture distinct dimensions of financial distress. 

 

4.4. The value premium and distress risk 

 

In the following empirical analyses we investigate the relation between distress risk and the  

value and small-cap premiums. Given that the value premium is both economically and 

statistically more significant than the small-cap premium, we first consider the relation 

between distress risk and the value premium. 

 

4.4.1. Distress risk characteristics of value stocks 

 

We start our empirical analysis by investigating the distress risk characteristics of value 

versus growth stocks. To this end, we monthly sort stocks into quintile portfolios based on 

their book-to-market ratio and evaluate the portfolios’ equally-weighted returns over the 

subsequent month, as well as their median market capitalizations, debt-to-assets ratios, 

distances-to-default, credit spreads and credit ratings. The results of our analysis are 

presented in Table 4.1. We first consider the return differential between value and growth 

stocks that are ranked in the first and fifth quintile portfolio, respectively. Consistent with 

most studies we observe a monotonically decreasing return pattern from the top to the bottom 

quintile portfolio and document a large value premium of 5.3 percent per annum. 

We next consider the quintile portfolios’ distress risk characteristics. Irrespective 

of the risk measure, it appears that value stocks are more exposed to distress risk than the 

average stock. The median debt-to-assets ratio of a value stock is 0.31 compared to 0.24 for 

the average stock in our sample. Value stocks are 1.8 (= 6.9 minus 5.1) standard deviations 

closer to their estimated point of default than the average stocks. Also, the credit spreads of 

firms with high book-to-market ratios are 63 (= 220 minus 157) basis points higher than 

those of the average stock. And firms with high book-to-market ratios generally have less 

favourably credit ratings, with a median rating corresponding to BBB versus an average 
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rating of BBB+ in our sample. Additionally we observe that value stocks with a high book-

to-market ratio are smaller than the average stock. We again conclude that high book-to-

market ratios are related to distress risk. This finding is consistent with the results of 

Avramov, Chordia, Jostova and Philipov (2013) and Kapadia (2011) who document that 

value stocks are exposed to distress risk. 

 

TABLE 4.1. Risk characteristics of portfolios sorted on the book-to-market ratio. 

This table presents the annualized returns of quintile portfolios based on the book-to-market ratio 

(B/M) for the 1,500 largest U.S. stocks from September 1991 until December 2012. Portfolios are 

formed monthly and their returns are computed by equally weighting the firms. In addition, the table 

presents the following median firm characteristics of these portfolios: book-to-market ratio (B/M), 

debt-to-assets ratio, distance-to-default, credit spread, credit rating, and market capitalization (in 

billion U.S dollars).  

 

However, the observation that value stocks have relatively higher probabilities to 

default is not a sufficient condition to attribute the value premium to distress disk. If the 

value premium indeed is a compensation for distress risk, growth stocks should have lower 

probabilities to default to justify their below-average returns. But when we consider the 

results in Table 4.1, we find that growth stocks are not substantially less exposed to distress 

risk compared to the average stock. In fact, growth stocks appear to be more risky than stocks 

ranked in the fourth quintile portfolio, as they have higher credit spreads (160 versus 138 

basis points); and less favorable credit ratings (BBB versus BBB+), while they have similar 

debt-to-assets ratios and a similar distance-to-default. These results corroborate our previous 

finding that both stocks with high and low book-to-market ratios have higher probabilities 

to get into financial distress and indicate that a risk-based explanation of the value premium 

is unlikely to be true. 

 

High B/M 2 3 4 Low B/M High-Low

Return (annualized) 14.1% 11.6% 10.1% 8.9% 8.4% 5.3%

Excess return 2.9% 0.7% -0.6% -1.8% -2.2% 5.3%

t -statistic 1.62 0.60 -0.90 -1.87 -0.98 1.35

B/M 0.84 0.57 0.41 0.28 0.13 0.71

Debt-to-assets 0.31 0.28 0.24 0.19 0.19 0.12

Distance-to-default 5.1 6.3 6.9 7.9 7.9 -2.8

Credit spread 220 171 157 138 160 60

Credit rating BBB BBB+ BBB+ BBB+ BBB -

Market capitalization 1353 1528 1726 2115 2160 -807
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4.4.2. The value premium and distress risk 

 

To investigate the relation between distress risk, valuation, and stock returns we construct 

triple-sorted portfolios of stocks ranked on their market capitalization, book-to-market ratios 

and each of our four measures of distress risk. More specifically, every month we sort stocks 

into terciles based on their market capitalization. Then, for each size portfolio we sort stocks 

into terciles based on their debt-to-assets ratio, distance-to-default, credit spread or rating. 

Next, we merge the small-, mid- and large-cap portfolios of high-risk stocks. We also merge 

the three market cap portfolios of low- and mid-risk stocks. Finally, for each aggregated 

tercile portfolio we sort stocks further into quintiles based on their book-to-market ratios. 

This triple sort ensures that the three resulting risk portfolios exhibit only minor differences 

in their market capitalizations and is in spirit similar to the approach used by Fama and 

French (1993) to construct the HML (High-Minus-Low) factor orthogonal to the size factor. 

We compute the equally-weighted returns over the subsequent month of the 15 portfolios. 

The results are listed in Table 4.2. 

When we consider the results in Table 4.2 we find no evidence that default risk is 

a priced factor in the cross-section of equity returns: stock returns even appear to be 

negatively related to distress risk as we observe negative returns for most of the high-minus-

low portfolios. Only the high-risk portfolio based on the debt-to-assets ratio (i.e., stocks in 

the “high risk/all” portfolio) earns higher returns than its low-risk counterpart. The 

differences between the returns of the other high- and low-risk stock portfolios range from  

-1.9 percent per annum when distressed risk is measured using our distance-to-default 

estimates to -2.5 percent using credit ratings as a measure for distress risk. Our finding that 

there is no positive relation between distress risk and stock returns is consistent with several 

other studies that look at the interaction between these variables [see, e.g., Dichev (1998), 

Griffin and Lemon (2002), Piotroski (2000) and Campbell, Hilscher and Szilagyi (2008)]. 

To answer the question if there is a relation between the value premium and distress 

risk we investigate if the value premium is concentrated in high-risk stocks.50 This research 

question is perhaps even more interesting than our first research question, since only very 

few studies have looked at this relation. Note that although there is no strong positive relation 

between distress risk and returns on average, it could still be the case that value stocks with  

                                                           
50 We believe it is more relevant to consider the return differential between high- and low-risk value 

stocks than the return differential between value and growth stocks within different risk segments of 

the market as is done in some studies. Underlying reason is that a high value-minus-growth return 

spread within the high-risk segment of the market is not necessarily consistent with a risk-based 

interpretation to the value premium, because under a risk-based interpretation the low returns of growth 

stocks should be concentrated in the low-risk segment of the market. 
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TABLE 4.2. Value effect controlled by distress risk and size 

This table reports annualized returns of triple-sorted portfolios of stocks ranked on their market 

capitalization, book-to-market ratios and distress risk for the 1,500 largest U.S. stocks from September 

1991 until December 2012. Each month, stocks are sorted into terciles based on their market 

capitalization. Then, for each size portfolio, stocks are sorted into terciles based on their distress risk 

as measured by debt-to-assets ratio, distance-to-default, credit spread or credit rating. Next, the small-, 

mid- and large-cap portfolios with similar risk are merged. Finally, for each tercile portfolio stocks are 

further sorted into quintiles based on their book-to-market ratio (B/M). Portfolio returns are computed 

by weighting equally the firms.  

 

a high distress risk earn the highest returns. Interestingly, when we consider the results in 

Table 4.2, we do not observe a consistent pattern that the high returns of value stocks are 

concentrated in the high-default-risk segment. For three of our measures we observe that 

high-risk value stocks earn a higher return than low-risk value stocks. Only when debt-to-

High B/M 2 3 4 Low B/M All

Panel A. Debt-to-assets

Low risk 11.4% 9.9% 8.9% 6.1% 7.1% 9.0%

Mid 15.0% 11.2% 10.8% 9.1% 9.2% 11.2%

High risk 11.6% 10.7% 10.6% 8.8% 10.1% 10.6%

High-Low 0.2% 0.7% 1.6% 2.6% 2.9% 1.5%

t (High-Low) 0.05 0.21 0.47 0.81 0.79 0.49

Panel B. Distance-to-default

Low risk 13.6% 11.8% 11.3% 10.4% 10.0% 11.6%

Mid 15.5% 11.7% 11.5% 9.1% 10.6% 11.8%

High risk 11.5% 10.5% 9.2% 7.7% 6.7% 9.4%

High-Low -1.8% -1.2% -1.9% -2.5% -3.0% -1.9%

t (High-Low) -0.49 -0.48 -0.79 -1.03 -0.97 -0.80

Panel C. Credit spread

Low risk 15.5% 12.2% 10.4% 12.1% 10.2% 12.2%

Mid 12.9% 14.8% 12.5% 9.7% 9.2% 12.0%

High risk 11.2% 9.3% 9.2% 8.0% 7.9% 9.6%

High-Low -3.7% -2.6% -1.0% -3.6% -2.1% -2.3%

t (High-Low) -0.89 -0.97 -0.44 -1.50 -0.61 -0.98

Panel D. Credit rating

Low risk 14.6% 14.3% 11.0% 12.0% 9.6% 12.5%

Mid 15.5% 14.7% 12.2% 10.8% 9.0% 12.6%

High risk 12.4% 8.8% 8.5% 7.9% 9.1% 9.6%

High-Low -1.9% -4.8% -2.3% -3.7% -0.5% -2.5%

t (High-Low) -0.60 -1.82 -0.89 -1.36 -0.14 -1.04
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assets is used as measure for distress risk, it appears that high-risk value stocks earn slightly 

higher returns of 0.2 per cent per annum than low-risk value stocks. Furthermore, low-risk 

growth stocks do not earn the lowest return. In fact, for three out of our four risk measures 

we find up to -3.0 percent lower returns for the high-risk growth stocks compared to low-

risk growth stocks. So there seems only little evidence that the value premium is the highest 

for high-risk stocks, as these results are weak and only observable when the debt-to-assets 

ratio is used to proxy for distress risk. All in all, we conclude that no evidence is found that 

the value premium can be attributed to distress risk related to default.51 

 

4.4.3. The value premium and distress risk during bad states of the world 

 

So far, we constructed triple-sorted portfolios to investigate the interaction of book-to-price 

ratios and distress risk characteristics with stock returns. When we consider the literature on 

the economic origin of the value anomaly we see that several other frameworks have been 

employed. In the following sub-sections we investigate if the different conclusions drawn 

regarding the relation between the value premium and distress risk can be attributed to the 

use of different methodologies. 

 We start our analyses with a methodological setup in the spirit of Lakonishok, 

Shleifer and Vishny (1994). This setup relies on the premise that value stocks must 

underperform growth stocks in the bad states of the world when the marginal utility of wealth 

is high if value stocks are indeed fundamentally riskier than growth stocks. As a measure for 

good and bad states of the world we take the NBER’s Business Cycle indicators for 

economic expansions and recessions, respectively.52 This measure indicates two recessions 

during our sample period: the first one from March to November 2001 and the second one 

from December 2007 to June 2009. We evaluate the relation between distress risk and equity 

returns for size-neutral risk portfolios that are constructed using the procedure outlined in 

                                                           
51 We also perform a follow-up empirical analysis in which we compute value-weighted (i.e., market 

capitalization-weighted) portfolio returns. For the sake of brevity, we do not report these results in 

tabular form. The main difference with the equally-weighted results is that returns on average are 

somewhat lower. However, the return patterns across the portfolios remain nearly unchanged. 
52  In unreported robustness tests we use the Aruoba, Diebold and Scotti (2009, ADS) Business 

Conditions Index as an alternative measure to distinguish between good and bad states of the world. 

(www.philadelphiafed.org/research-and-data/real-time-center/business-conditions-index/). When the 

index has a value lower than the threshold of -0.8 we indicate the economy to be in a recession, 

consistent with Berge and Jordà (2010). According to this index there were three recessions during our 

sample period: from January to November 2001, August 2005, and from January 2008 to June 2009. 

The results of this test are qualitatively very similar to the results using the NBER’s Business Cycle 

indicators. 
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the previous section. For all portfolios we compute their returns during expansions and 

recessions. The results are listed in Table 4.3. 

 

TABLE 4.3. Value effect during different states of the business cycle 

This table reports return characteristics of stocks during economic expansions (Panel 1) and recessions 

(Panel 2) based on the NBER’s Business Cycle indicator. The size-neutral risk portfolios are 

constructed using the procedure outlined in Table 4.2. Portfolio returns are computed by weighting 

equally the firms.  

 

High B/M 2 3 4 Low B/M All

Panel 1. Expansions

Panel 1A. Debt-to-assets

Low risk 15.1% 12.7% 11.8% 9.9% 11.9% 12.6%

Mid 18.8% 14.7% 14.6% 13.1% 12.6% 14.9%

High risk 15.0% 14.3% 14.2% 13.0% 13.8% 14.3%

High-Low -0.1% 1.5% 2.1% 2.9% 1.7% 1.5%

t (High-Low) -0.03 0.41 0.61 0.82 0.43 0.47

Panel 1B. Distance-to-default

Low risk 16.5% 14.7% 14.6% 13.9% 13.8% 14.9%

Mid 18.0% 14.9% 14.9% 13.0% 13.3% 15.0%

High risk 15.6% 15.0% 14.2% 12.3% 12.3% 14.2%

High-Low -0.7% 0.3% -0.4% -1.4% -1.3% -0.6%

t (High-Low) -0.22 0.16 -0.17 -0.61 -0.43 -0.28

Panel 1C. Credit spread

Low risk 18.3% 15.8% 14.0% 16.1% 13.3% 15.6%

Mid 18.1% 17.9% 17.1% 13.2% 13.4% 16.1%

High risk 15.3% 13.8% 14.7% 14.0% 13.9% 14.7%

High-Low -2.5% -1.7% 0.5% -1.8% 0.6% -0.8%

t (High-Low) -0.72 -0.68 0.25 -0.77 0.16 -0.36

Panel 1D. Credit rating

Low risk 18.9% 17.6% 14.2% 16.2% 12.6% 16.0%

Mid 19.6% 18.1% 16.4% 14.7% 12.8% 18.9%

High risk 16.7% 13.8% 13.4% 13.0% 14.6% 14.6%

High-Low -1.9% -3.2% -0.7% -2.8% 1.8% -1.2%

t (High-Low) -0.68 -1.33 -0.30 -1.00 0.51 -0.54
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TABLE 4.3 (Continued). Value effect during different states of the business cycle 

 

When we consider the portfolio returns during expansions and recessions in Panels 

1 and 2 of Table 4.3, respectively, it appears that stock returns are highly positive on average 

during expansions and negative during contractions. This result clearly indicates that the 

NBER’s Business Cycle indicators differentiate between good and bad states of the 

economy. When consider the return differential between value and growth stocks during 

expansions and recessions, it appears that value stocks outperform growth stocks during 

High B/M 2 3 4 Low B/M All

Panel 2. Recessions

Panel 2A. Debt-to-assets

Low risk -14.9% -10.3% -12.3% -20.2% -24.9% -16.4%

Mid -11.1% -13.1% -15.8% -18.6% -15.0% -14.5%

High risk -13.0% -14.7% -14.9% -19.7% -15.3% -15.1%

High-Low 2.2% -4.9% -2.9% 0.6% 12.8% 1.6%

t (High-Low) 0.13 -0.35 -0.25 0.07 1.42 0.15

Panel 2B. Distance-to-default

Low risk -7.2% -9.0% -12.1% -13.8% -16.6% -11.7%

Mid -2.7% -10.9% -12.7% -17.9% -9.1% -10.7%

High risk -16.7% -20.4% -23.8% -23.3% -29.8% -22.5%

High-Low -10.2% -12.5% -13.3% -10.9% -15.8% -12.2%

t (High-Low) -0.46 -0.88 -0.97 -0.92 -1.10 -0.86

Panel 2C. Credit spread

Low risk -5.2% -13.0% -15.3% -15.9% -11.6% -12.1%

Mid -21.7% -7.1% -18.9% -15.1% -19.0% -16.1%

High risk -17.1% -21.4% -26.3% -30.3% -30.4% -24.2%

High-Low -12.6% -9.6% -13.0% -17.1% -21.2% -13.8%

t (High-Low) -0.51 -0.69 -1.03 -1.66 -1.98 -1.15

Panel 2D. Credit rating

Low risk -15.3% -8.9% -11.6% -17.0% -11.6% -12.4%

Mid -13.2% -9.3% -16.4% -16.2% -17.2% -14.1%

High risk -16.6% -24.2% -24.2% -26.0% -26.8% -23.3%

High-Low -1.6% -16.8% -14.3% -10.9% -17.2% -12.5%

t (High-Low) -0.09 -1.20 -1.16 -1.05 -1.30 -1.04
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expansions, irrespective of which distress risk measure is used to construct the portfolios. 

The average return in expansions of value stocks with median distress risk compared to 

growth stocks with median distress risk ranges from 4.7 percent per annum in case distance-

to-default (= 18.0 – 13.3 percent) and credit spread (= 18.1 – 13.4 percent) are used to 

construct the portfolios to 6.8 (19.6 – 12.8) percent in case debt-to-assets is used. Value 

stocks, however, also show a better performance than growth stocks during recessions. In 

fact, in three out of four cases (for sorts using debt-to assets, distance-to-default and credits 

ratings in Panels 2A, 2B and 2D, respectively) there is a large positive value premium during 

recessions. These results are in line with the findings of Lakonishok, Shleifer and Vishny 

(1994) and very difficult to reconcile with the risk-based explanation for the value premium 

that predicts the opposite. 

At the same time, we do not observe a particular return pattern for stocks with 

different distress risk characteristics during expansions. High-risk stocks with a relatively 

high debt-to-assets ratio earn somewhat higher returns than stocks with a low debt-to-assets 

ratio, but for our other risk measures we do not observe such a pattern. Interestingly, we 

observe a clear return pattern for stocks with different levels of distress risk during economic 

recessions in Panel 2 of Table 4.3. When distance-to-default, credit spreads and ratings are 

used as risk measures, we see that the return differentials between high- and low-risk stocks 

are over 10 percent per annum. These results indicate that our risk measures capture some 

form of distress risk. 

 

4.4.4. The value premium analyzed using Fama-MacBeth regressions 

 

To investigate if the magnitude of the estimated value premium is affected by including 

stock exposures to distress risk in the regressions we use cross-sectional Fama-MacBeth 

regressions [see Fama and MacBeth (1973)] for individual stock returns. The primary 

attractive feature of Fama-MacBeth regressions compared to the rank portfolio approaches 

we employed in our previous analyses is that Fama-MacBeth regressions enable us to control 

for multiple other effects that might affect the relation between stock returns, valuation and 

distress risk. For example, in our earlier analyses we only control for size when investigating 

the relation between value and distress risk. This requires us to construct triple-sorted 

portfolios. It would not be feasible to correct for an additional factor and construct 

quadruple-sorted portfolios because the number of stocks ending up in the resulting 

portfolios would become too small. With the Fama-MacBeth regressions on the other hand, 

we can easily include multiple factors when estimating the value premium. 
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In our first analysis we monthly regress stock returns on book-to-price ratios while 

controlling for market beta, intermediate-term return momentum, short-term return reversal 

and industries: 

 

(4.3) tiittittittittittittti ZREVbMOMbBETAbMCAPbBMbar ,,,,,,, 54321    

where ri,t is the return of stock i in month t, BMi,t is the normalized book-to-market ratio of 

stock i in month t, MCAPi,t is the normalized logarithm of the market capitalization of stock 

i in month t, BETAi,t is the normalized market beta of stock i in month t estimated using a 

three-year rolling window using weekly returns and the BMI index as proxy for the market 

return, MOMi,t is the normalized 11-month one-month lagged past return of stock i in month 

t, REVi,t is the normalized return of stock i over the past month in month t, and Zi is a vector 

containing industry dummies for stock i based on the MSCI/S&P GICS level 1 classification 

of ten industries.53 Our main reason to control for the short-term reversal effect is the recent 

finding of Da and Gao (2010) that the distress risk premium documented by Vassalou and 

Xing (2004) can largely be attributed to a short-term liquidity-induced price reversal caused 

by mutual funds decreasing their holdings of shares after firms experiencing sharp rises in 

their default likelihood measures. By controlling for short-term reversals, we can assure that 

we capture effects distinct from those documented by Da and Gao (2010). 

We augment our base case regression in Equation 4.3 with the normalized 

probabilities of our four alternative proxies for distress risk and rerun the regressions. Table 

4.4 presents the average coefficient estimates of the different regression models together 

with their t-values computed using Fama-MacBeth standard errors. In addition, the table 

shows the average adjusted R-squared values of the regressions. 

When we consider the resulting coefficient estimates of our base case regression in column 

(1), we observe a substantial value premium: the coefficient estimate of 0.06 percent for BM 

indicates that stocks earn an additional return of 0.06 percent per month for a one-standard 

deviation increase in their book-to-price ratio. The large negative coefficient estimate for 

REV indicates a negative autocorrelation in stock returns. We find only weak evidence 

supporting an intermediate-term momentum effect in stock returns using the Fama-MacBeth 

regressions. Columns (2) to (5) of Table 4.4 show the coefficient estimates when we augment 

our base case regression model with our normalized measures of distress risk. If the value 

premium can be attributed to distress risk, we should observe that augmenting the cross- 

                                                           
53 We normalize the explanatory variables in the Fama-MacBeth regressions by subtracting the cross-

sectional median from each observation and by dividing this difference by the cross-sectional standard 

deviation of the observations in each month. In addition, we winsorize the resulting normalized 

variables by imposing a maximum of 3 and a minimum of -3. 
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TABLE 4.4. Fama-MacBeth regression results for the relation value effect and distress risk 

characteristics 

This table reports Fama-MacBeth regression results of stock returns regressed on book-to-market ratios 

while controlling for market capitalization, market beta, intermediate-term return momentum, short-

term return reversal and industries for the 1,500 largest U.S. stocks from September 1991 until 

December 2012. Each month the following regression is performed:   

(4.3) tiittittittittittittti ZREVbMOMbBETAbMCAPbBMbar ,,,,,,, 54321     

where ri,t is the return of stock i in month t, BMi,t is the normalized book-to-market ratio of stock i in 

month t, MCAPi,t is the normalized logarithm of market capitalization of stock i in month t, BETAi,t is 

the normalized market beta of stock i in month t estimated using a three-year rolling window using 

weekly returns and the BMI index as proxy for the market return, MOMi,t is the normalized 11-month 

one-month lagged past return of stock i in month t, REVi,t is the normalized return of stock i over the 

past month in month t, and Zi is a vector containing industry dummies for stock i based on the 

MSCI/S&P GICS level 1 classification of ten industries. The base case regression in Equation 4.3 is 

augmented with our four alternative proxies for distress risk. The table presents the average coefficient 

estimates of the different regression models together with their t-values computed using Fama-

MacBeth standard errors. In addition, the table shows the average adjusted R-squared values of the 

regressions.  

 

(1) (2) (3) (4) (5)

Constant 1.02% 1.02% 1.02% 1.02% 1.02%

3.40 3.40 3.40 3.40 3.39

BM 0.06% 0.06% 0.06% 0.06% 0.06%

1.57 1.49 1.73 1.57 1.62

MCAP -0.05% -0.06% -0.07% -0.09% -0.10%

-1.14 -1.53 -1.75 -2.33 -2.38

BETA -0.06% -0.07% -0.05% -0.04% -0.04%

-0.73 -0.82 -0.69 -0.59 -0.52

MOM 0.09% 0.09% 0.08% 0.09% 0.10%

1.21 1.22 1.17 1.19 1.34

REV -0.12% -0.12% -0.13% -0.13% -0.12%

-2.42 -2.37 -2.69 -2.55 -2.48

Z yes yes yes yes yes

Debt-to-assets -0.05%

-1.41

Distance-to-default -0.04%

-0.97

Credit spread -0.08%

-1.65

Credit rating -0.09%

-2.06

Adj. R2 8.20% 8.63% 8.60% 8.61% 8.63%
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sectional regressions of stock returns on book-to-price ratios with our measures of distress 

risk should lead to a significant decrease of the estimated value premium. At the same time 

the measures for distress risk should encompass the explanatory power of stocks’ book-to-

price ratios and their coefficient estimates should become positive and significant. However, 

in all cases we observe that the coefficient estimate for BM remains nearly unchanged. 

Moreover, none of the coefficient estimates for our distress risk measures turns out 

significantly positive. Consistent with Anginer and Yıldızhan (2017) we find an insignificant 

negative relation between stock returns and credit spread. In fact, for all our measures of 

distress risk we observe a negative coefficient estimate for distress risk. These results are 

consistent with our earlier findings that there is no distress risk premium and that the value 

anomaly cannot be attributed to distress risk. 

Overall, the results of our Fama-MacBeth regression analysis are consistent with our 

results based on rank portfolios and conditional time series analyses. It appears that the 

results we documented in the previous sections are not affected by market beta, momentum, 

reversal and industry effects and that our finding that the value premium is unrelated to 

distress risk is robust to the method that is used to investigate the relation between the two 

variables.  

 

4.5. The size premium and distress risk 

 

Just like for the value premium, it seems that the literature is not conclusive about the 

explanations for the existence of the size anomaly. On the one hand, a strand of literature 

attributes the size effect to a common risk factor. Chan, Chen and Hsieh (1985), Chan and 

Chen (1991), Petkova (2006), and Hwang, Min, McDonald, Kim, and Kim (2010) examine 

the correlation between the return differential between small- and large-cap stocks and 

several risk factors over time. Chan, Chen and Hsieh (1985) find evidence that the default 

spread and other factors that are related to changes in the economic environment are 

positively related to the small-cap premium. Chan and Chen (1991) find that small-cap 

portfolios contain a disproportional large amount of marginal firms with low production 

efficiency and high financial leverage. Petkova (2006), and Hwang, Min, McDonald, Kim, 

and Kim (2010) find that the SMB (Small-Minus-Big) factor of Fama and French (1993) is 

positively correlated with innovations in variables that describe investment opportunities, 

such as the default spread. And Vassalou and Xing (2004) employ a cross-sectional approach 

to investigate the relation between size and distress risk and show that the small-cap 

premium is fully concentrated in high-risk stocks. On the other hand, there are also several 
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papers that argue that the size effect is unrelated to risk [see, e.g., Daniel and Titman (1997), 

Knez and Ready (1997), Ferson, Sarkissian and Simin (1999), Berk (2000)]. 

 In this section we employ the framework used earlier to investigate the relation 

between distress risk and the value premium, to test if there is empirical evidence supporting 

a distress risk-based explanation of the small-cap effect. 

  

4.5.1. The small-cap premium and distress risk 

 

We start our analysis by investigating the size effect in our sample of the largest 1,500 U.S. 

stocks by monthly ranking the stocks on their market capitalization, sorting them into 

quintile portfolios and computing the equally-weighted returns over the subsequent month. 

Our results show that the 20 percent smallest stocks outperform the 20 percent largest stocks 

with an insignificant 1.7 percent per annum over the period September 1991 to December 

2012. Consistent with evidence in the academic literature, the size premium is of significant 

smaller magnitude than the value premium we found in our sample of 5.3 percent per annum. 

In fact, several studies even suggest that the size effect disappeared after the early 1980s 

[e.g. Eleswarapu and Reinganum (1993), Chan, Karceski, and Lakonishok (2000), Horowitz, 

Loughran and Savin (2000), and Hirshleifer (2001)].  

To investigate if the higher returns of small-cap stocks are indeed concentrated in 

stocks with high distress risk, we construct portfolios of stocks ranked on their market 

capitalization and each of our four measures of distress risk. Since high-risk stocks typically 

have a smaller market capitalization than low-risk stocks, we form triple-sorted portfolios 

of stocks to ensure that the market capitalizations of the high- and low-risk portfolios are in 

the same order of magnitude and that any return differences between portfolios in the same 

size segment cannot be attributed to differences in market capitalization. More specifically, 

every month we sort stocks into quintile portfolios based on their market capitalization. 

Then, within each size portfolio we further sort stocks into terciles based on their market 

capitalization. Then, for each size sub-portfolio we sort stocks into terciles based on their 

debt-to-assets ratio, distance-to-default, credit spread and credit rating. Finally, we merge 

the small-, mid- and large-cap sub-portfolios of high-risk stocks within each size quintile 

portfolio. We also merge the three market cap sub-portfolios of mid- and low-risk stocks 

within each size sub-portfolio. We compute the equally-weighted returns over the 

subsequent month for the resulting 15 portfolios, as well as the portfolios’ median distress 

risk characteristics. The results are listed in Table 4.5.  
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TABLE 4.5. Size effect controlled by distress risk 

This table reports annualized returns of triple-sorted portfolios of stocks ranked on their market 

capitalization and each of our four measures of distress risk for the 1,500 largest U.S. stocks from 

September 1991 until December 2012. Each month, stocks are sorted into quintiles based on their 

market capitalization. Then, for each size portfolio, stocks are further sorted into terciles based on their 

market capitalization. Then, for each size sub-portfolio stocks are sorted into terciles based on their 

debt-to-assets ratio, distance-to-default, credit spread or credit rating. Finally, the small-, mid- and 

large-cap portfolios with similar risk are merged. Portfolio returns are computed by weighting equally 

the firms.  

 

When we consider the portfolio’s returns in Table 4.5 we indeed observe a size 

effect in the sense that the small-cap portfolios earn higher returns than the large-cap 

portfolios. If small-cap stocks earn higher returns because they have more distress risk, we 

should observe a positive relation between default risk and returns of small-cap stocks. 

Small 2 3 4 Large All

Panel A. Debt-to-assets

Low risk 8.8% 6.1% 8.8% 11.6% 9.3% 9.0%

Mid 11.4% 11.8% 11.7% 11.4% 9.3% 11.2%

High risk 10.9% 12.6% 10.0% 9.3% 8.8% 10.6%

High-Low 1.9% 6.1% 1.1% -2.0% -0.5% 1.5%

t (High-Low) 0.53 1.72 0.36 -0.70 -0.16 0.49

Panel B. Distance-to-default

Low risk 13.8% 10.2% 11.4% 11.4% 10.1% 11.6%

Mid 13.1% 12.7% 12.4% 12.6% 9.5% 11.8%

High risk 9.0% 12.0% 8.1% 9.0% 7.2% 9.4%

High-Low -4.2% 1.6% -3.0% -2.2% -2.6% -2.0%

t (High-Low) -1.46 0.59 -1.07 -0.83 -1.16 -0.82

Panel C. Credit spread

Low risk 14.3% 13.9% 14.1% 11.9% 8.7% 12.1%

Mid 14.2% 13.7% 11.0% 12.1% 8.9% 12.1%

High risk 7.4% 8.5% 8.5% 11.1% 7.8% 9.6%

High-Low -6.0% -4.7% -4.9% -0.7% -0.8% -2.3%

t (High-Low) -1.61 -1.65 -1.90 -0.28 -0.37 -0.96

Panel D. Credit rating

Low risk 15.5% 12.5% 12.8% 12.2% 10.0% 12.5%

Mid 13.4% 14.9% 11.1% 12.7% 10.5% 12.5%

High risk 11.6% 6.9% 10.6% 7.8% 8.2% 9.7%

High-Low -3.3% -5.0% -2.0% -4.0% -1.7% -2.5%

t (High-Low) -0.93 -1.69 -0.68 -1.58 -0.70 -1.02
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However, for three out of our four distress risk measures, we do not observe that the high 

returns of small-cap stocks are concentrated in the high-default-risk segment. In fact, when 

distance-to-default, credit spread and credit rating are used as measures for distress risk, it 

appears that high-risk small-cap stocks earn up to 6.0 percent lower returns than low-risk 

small-cap stocks. Additionally, if the small-cap premium is a compensation for distress risk, 

large-cap stocks earn lower returns because they have less distress risk and we should also 

observe a positive relation between default risk and returns of large-cap stocks. Conversely, 

we find that for all four distress risk measures the low returns of large-cap stocks are 

concentrated in the high-default-risk segment. Therefore, it seems unlikely that distress-risk 

drives the small-cap premium.  
 

4.5.2. The small-cap premium and distress risk during bad states of the world 

 

We also evaluate the performance differential between small- and large-cap stocks over 

different states of the business cycle. If small-cap stocks run more distress risk than large-

cap stocks, they must underperform large-cap stocks in the bad states of the world. As with 

our business cycle analysis in the previous section, we take the NBER’s Business Cycle 

indicators for economic expansions and recessions and evaluate the relation between distress 

risk and equity returns for our triple-sorted portfolios on market capitalization and distress 

risk. For all portfolios we compute their returns during expansions and recessions.  

For the sake of brevity these results are not presented in tabular form. When we 

consider the portfolio returns during expansions and recessions it appears that stock returns 

are highly positive on average during expansions and negative during recessions. Using 

distance-to-default, credit spread and credit ratings as measures for distress risk, we observe 

that high-risk stocks earn lower returns than low-risk stocks during recessions with return 

differentials between high- and low-risk stocks of more than 10 percent per annum. At the 

same time, however, it appears that small-cap stocks do not only outperform large-cap stocks 

during expansions, but also during recessions. In fact, for three out of the four different risk 

measures we find a large positive size effect during recessions. These results corroborate our 

earlier result that it seems unlikely that the size effect can be attributed to distress risk.  

 

4.5.3. The small-cap premium analyzed using Fama-MacBeth regressions 

 

Finally, we turn back to our regression results in the previous section to analyze the relation 

between the size effect and distress risk using cross-sectional Fama-MacBeth regressions. If 

a portion of the size effect is related to distress risk, we should observe that the coefficient 
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estimate for MCAP of Table 4.4 should become less significant once the regression model 

is augmented with our distress risk variables. However, in all four cases it appears that the 

coefficient estimate for MCAP becomes more negative once our distress risk variables are 

added to the model. In fact, we find an insignificant size premium which becomes significant 

once distress risk is included in the regression. These results indicate that small-cap stocks 

with high distress risk earn lower returns than small-cap stocks with a more healthy financial 

status and are again inconsistent with the notion that small-cap stocks earns higher returns 

because of increased distress risk. 

It is also noteworthy to mention here that our results might help to understand why 

several studies do not find a significant size premium after the early 1980s: apparently, over 

the past decades the size effect has been concentrated in low-distress risk stocks, and if this 

interaction is not taken into account in the analyses, the high-risk discount may effectively 

offset the small-cap premium. We contribute to this stream of literature by showing that the 

small-cap premium is present after the early 1980s once distress risk is taken into account in 

the analyses. 

 

4.6. The Fama-French (1993) SMB and HML factors and distress risk 

 

The typical approach in the stream of literature on empirical asset pricing to correct for the 

size and value effects is using the Fama-French (1993) three factor model that augments the 

one-factor market model with the SMB (Small-Minus-Big) and HML (High-Minus-Low) 

factors. Perhaps the most important reason why many researchers adopted the use of the 

SMB and HML factors is because of the factors’ large empirical explanatory power for 

differences in the cross-section of stock returns. Because of the way the SMB and HML 

factors are constructed, we may expect the factors to be prone to distress risk (we refer to 

the webpage of Kenneth French for a detailed documentation on the construction of the SMB 

and HML factors and to the recent work of Cremers, Petajisto, and Zitzewitz (2011) for an 

in-depth analysis of the impact of small-cap stocks on the returns of the SMB and HML 

factors).  

In this section we investigate if the large empirical explanatory power of the Fama-

French (1993) factors can be attributed to these factors being exposed to distress risk. More 

specifically, we investigate if the empirical explanatory power of the SMB and HML factors 

is negatively affected when distress-risk neutrality is imposed when the factors are 

constructed.  

To conduct our analysis we use the decile portfolios sorted on dividend yield and 

the 5x5 double-sorted portfolios on market capitalization and book-to-price from the 
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webpage of Kenneth French as test assets. Pricing errors are estimated using the three-factor 

Fama-French model 

 

(4.4) titttti hHMLsSMBbRMRFar ,,  . 

In these equations, tir ,  is the return of portfolio i at time t in excess of the risk-free rate. 

RMRFt, SMBt, and HMLt are the returns on Fama and French (1993) factors for market, size, 

and value, respectively, at time t. Return data for the risk-free rate and the market factor are 

from the webpage of Kenneth French. We construct the SMB and HML factors using our 

sample covering the 1,500 largest stocks of the Citigroup US Broad Market Index (BMI) 

over the period September 1991 until December 2012 and the methodology as outlined on 

the webpage of Kenneth French. More specifically, following Fama and French (1993) we 

first construct six value-weighted portfolios on market capitalization and book-to-price. 

These portfolios, which are constructed at the end of each month, are the intersections of 

two portfolios formed on market capitalization, and three portfolios formed on book-to-

price. The size breakpoint for month t is the median market capitalization at the end of month 

t. The book-to-price for month t is the book equity for the most recent fiscal quarter divided 

by market capitalization at the end of month t. The book-to-price breakpoints are the 33th 

and 66th percentiles for month t. SMB is the average value-weighted return on the three 

small portfolios minus the average value-weighted return on the three big portfolios,   

 

(4.5) 
Growth) Big  Neutral Big  Value (Big 1/3 -

 Growth) Small  Neutral Small  Value (Small 1/3  SMB




 

 

and HML is the average value-weighted return on the two value portfolios minus the average 

value-weighted return on the two growth portfolios,   

 

(4.6) Growth) Big Growth  (Small 1/2 - Value) Big  Value (Small 1/2  HML  . 

Additionally, we construct return series for SMB and HML imposing distress-risk 

neutrality. To impose distress-risk neutrality we perform a triple sort where we first sort 

stocks into distress risk terciles and next perform the double sort on market capitalization 

and book-to-price as outlined above. The six base portfolios that are used to construct the 

SMB and HML factors are now the average value-weighted return series for the distress risk 

terciles. For example, Small Value is now the average of the return series for the Low 

Risk/Small Value, Mid Risk/Small Value, and High Risk/Small Value portfolios. And Big  
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Growth, for example, is the average of the return series for the Low Risk/Big Growth, Mid 

Risk/Big Growth, and High Risk/Big Growth portfolios. The distress risk breakpoints are 

the 33th and 66th percentiles for month t. We construct distress-risk neutral SMB and HML 

factors using our four measures for distress risk. 

Before testing the empirical explanatory power of the SMB and HML factors with 

and without distress-risk neutrality imposed, we first consider the summary statistics and 

investigate the distress risk exposures of the SMB and HML factors, the differential 

premiums after neutralization, the factors’ risks, and their correlations. Panel A of Table 4.6 

shows the summary risk and return statistics of the market factor and the SMB and HML 

factors with and without distress-risk neutrality imposed. When we consider the last four 

rows in Panel A, we observe that the SMB factor is exposed to distress risk as the negative 

distance-to-default and the credit spread of 159 basis points indicate that small caps are more 

exposed to distress risk than large caps. Also the BB+ rating for small caps is worse than the 

BBB+ rating for large caps. Only based on debt-to-assets small caps do not seem to be more 

risky than large caps. These findings are consistent with our earlier results. When we 

consider the exposures of the HML factor, we observe that the factor is only marginally 

exposed to distress risk as the credit spreads and credit ratings are almost equal for stocks 

with a high and low book-to-market ratio. Only based on debt-to-assets ratios and the 

distance-to-default measure we observe that value stocks are more risky than growth stocks. 

These results already indicate that it is unlikely that the HML factor picks up distress risk 

and the factor's explanatory power is driven by distress risk exposure. Furthermore, we 

observe that the distress-risk neutral SMB and HML factors are, by construction, generally 

less exposed to distress risk than the standard SMB and HML factors. The distress-risk 

neutral SMB factors have distances-to-default and credit spreads closer to zero and a smaller 

difference in credit rating between small and large caps. And also the distress-risk neutral 

HML factor has distances-to-default closer to zero.  

Interestingly, we observe that the premiums of the SMB and HML factor are still 

present when distress-risk neutrality is imposed. The risk premiums of the SMB and HML 

distress-risk neutral factors range from 1.61 to 3.52 percent and from 1.16 to 2.71 percent 

per annum, respectively, compared to a 2.17 percent SMB premium and a 2.29 percent HML 

premium without neutrality being imposed. When we consider the risks of the factors, we 
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find in almost all cases that the distress-risk neutral factors exhibit substantially lower levels 

of risk as measured by lower return standard deviations and lower extreme negative returns 

(i.e., 5th and 25th percentile returns). The same return levels together with the lower risk 

levels result in higher Sharpe ratios for most of our distress-risk neutral factors. These results 

indicate that distress risk is not driving the premiums of the SMB and HML factors. We 

additionally estimate correlations between the return series which are presented in Panel B 

of Table 4.6. Correlations between the Fama and French SMB factor and the distress-risk 

neutral SMB factors range between 0.46 and 0.97. For the Fama and French HML factor the 

correlations range between 0.85 and 0.93. Although the correlations are high as expected, 

the results indicate that the regressions in Equation 4.4 might result in different outcomes. 

This raises the question which factors are better able to explain the variability in returns of 

our test assets. 

To assess the empirical explanatory power of the alternative SMB and HML factors 

we estimate pricing errors for the CAPM and the Fama-French (1993) three-factor model 

using the SMB and HML factors with and without distress-risk neutrality. We consider 

average and median pricing errors and adjusted R-squared values of the regressions to 

measure the descriptive power of the factors. In addition, we compute the Gibbons-Ross-

Shanken (1989) statistic as: 

 

(4.7)    KNTNF
N









  ,~ˆˆ'ˆˆˆ'ˆ1

K-N-T
GRS 111   

where T is the number of observations in the time series, N is the number of test asset 

portfolios (thus 10 in case of the decile portfolios sorted on dividend yield and 25 in case of 

the 5x5 double-sorted portfolios on market capitalization and book-to-price), K is the 

number of factors that we use in the factor model (thus K = 1 for the CAPM and K = 3 for 

the Fama-French (1993) three-factor model), ̂  is a N by 1 vector of estimated alphas, ̂  

is an N by N matrix that holds the unbiased estimate of the residual variance-covariance 

matrix, ̂ is a K by 1 vector of sample means of the test asset portfolios' excess returns, and 

̂  is a K by K matrix that holds the unbiased estimate of the test asset portfolios’ covariance 

matrix. Assuming that the residuals are independently and normally distributed, and 

uncorrelated with the returns on the model’s factors, the GRS statistic follows a F-

distribution with N degrees of freedom in the numerator and T-N-K degrees in the 
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denominator under the null of zero alphas. Apart from the GRS statistic, we also compute 

the following test statistic to find out if all alphas are jointly equal to zero: 

 

(4.8)   2111 ~ˆˆ'ˆˆˆ'ˆ1 NT     

This test statistic does not require normality of the error terms. Assuming homoscedasticity 

this test statistic obeys an asymptotic 2 -distribution with N degrees of freedom under the 

null of zero alphas. The results for the decile portfolios sorted on dividend yield are presented 

in Table 4.7. For each of the 10 portfolios, the table presents annualized returns, annualized 

constants (a) and associated t-values, and the adjusted R-squared values of the different 

regression models. In addition, the table shows the average and median pricing errors of the 

models for the 10 portfolios based on the absolute values of the constants and t-values and 

their GRS and 2  test statistics. 

If distress risk is effective in explaining cross-sectional return differences, then 

neutralizing this risk in the SMB and HML factors should lead to an increase in pricing 

errors. However, we observe that in most cases the average and median pricing errors 

become smaller when distress risk neutrality is imposed indicating that distress risk-

exposure is not the driving force behind the large empirical explanatory power of the SMB 

and HML factors. In fact, irrespective of which distress-risk neutral factors are used in the 

three-factor model, in all cases we observe an improvement in both the GRS and chi-squared 

test statistics when it comes to explaining the test asset portfolios’ returns. These findings 

have significant implications for the stream of literature that attributes a large portion of the 

explanatory power of the Fama-French factors to distress risk. 

The results for the 5x5 double-sorted portfolios on market capitalization and book-

to-price are presented in Table 4.8. For the sake of brevity Table 4.8 only shows the average 

and median pricing errors of the models for the 25 portfolios based on the absolute values 

of the constants and t-values and their GRS and χ2 test statistics. When we consider the 

empirical explanatory power of the three-factor Fama-French model, we observe an average 

adjusted R-squared value of 86 percent and average and median pricing errors of 1.85 and 

1.22 percent, respectively. The GRS and chi-squared test statistics indicate that the null 

hypothesis of zero alphas is clearly rejected. 

If the large empirical explanatory power of the Fama-French (1993) factors can be 

attributed to the factors being exposed to distress risk we should observe an increase in 

pricing error when the returns of the test assets are evaluated using the SMB and HML 

factors that are constructed imposing distress-risk neutrality. However, we do not observe 

deterioration in explaining the variation in returns of the 25 portfolios. In fact, in three out  
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of four cases the average pricing errors decrease when imposing distress risk neutrality. And 

in all four cases the median absolute pricing error decreases. More specifically, the average 

(median) pricing error of the Fama-French model is 1.85 (1.22) percent and ranges between 

1.51 (0.73) percent and 2.27 (1.61) percent for the risk-neutral models. In addition, we do 

not observe that the GRS and chi-squared test statistics become substantially higher. In fact, 

for the SMB and HML factors that are neutral on credit spread and rating we even observe 

more favourable test statistics. These results corroborate our previous finding that it is not 

necessary to be exposed to distress-risk to be able to explain the differences in returns of the 

25 Fama-French portfolios.    

 

4.7. Results using the CRSP stock database over the pre-1991 period 

 

Because (almost) no reliable data are available on credit spreads and ratings before 1991, 

the main results of our study are based on the post-1991 period. To investigate if our main 

result that the value and size premiums are unrelated to distress risk is robust over the pre-

1991 period, we perform out-of-sample analyses using a subset of the distress risk measures 

we have used in the study. 

More specifically, for our pre-1991 analyses we measure distress risk through firms’ 

debt-to-assets and distance-to-default measures. Data on firms’ book values on debt and 

equity are obtained from the Compustat database. Since Compustat data are available as 

from 1963, we can perform our out-of-sample analysis over the January 1963 to August 

1991 period. (Our main analyses using credit rating and spread data documented in the 

previous sections start in September 1991). Our stock return data are obtained from the 

monthly CRSP Stock database. We select common U.S. stocks listed on the NYSE, AMEX 

and Nasdaq markets that have a market capitalization above the NYSE median and a stock 

price above $5. We exclude closed-end funds, Real Estate Investment Trusts (REITs), unit 

trusts, American Depository Receipts (ADRs), and foreign stocks from our analysis. Similar 

to our previous analyses we sort stocks into tercile portfolios based on their measures of 

distress risk and then subdivide each tercile into quintiles based on the stocks’ book-to-price 

ratios and compute equal-weighted returns. The results of the analysis are presented in Panel 

1 of Table 4.9. 

Consistent with our earlier analyses we find no evidence supporting a distress-risk- 

based explanation of the value premium. It does not seem to be the case that high-risk stocks 

earn higher returns than low-risk stocks for this analysis. We do observe that high-risk value 

stocks seem to earn positive excess returns, but the patterns is not consistent: low-risk growth  
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TABLE 4.9. Results using the CRSP stocks database over the pre-1991 period 

This table reports statistics of double-sorted portfolios of stocks ranked on their book-to-market ratios, 

market capitalization, and distress risk for all common U.S. stocks listed on the NYSE, AMEX and 

Nasdaq markets that have a market capitalization above the NYSE median and a stock price above $5 

over the January 1963 to August 1991 period. We exclude closed-end funds, Real Estate Investment 

Trusts (REITs), unit trusts, American Depository Receipts (ADRs), and foreign stocks from our 

analysis. Each month, stocks are sorted into terciles based on their distress risk as measured by debt-

to-assets ratio and distance-to-default. Next, for each tercile portfolio stocks are further sorted into 

quintiles based on their book-to-market ratio (B/M) or market capitalization. Portfolio returns are 

computed by weighting equally the firms. Panel 1 reports the results for double sorts using book-to-

market ratio and Panel 2 reports the results for double sorts using market capitalization. 

 

High/Small 2 3 4 Low/Large All

Panel 1. Sorts on book-to-price ratios

Panel 1A. Debt-to-assets

Low risk 13.9% 13.1% 12.3% 12.8% 10.9% 12.6%

Mid 16.8% 15.2% 14.0% 11.2% 10.1% 13.4%

High risk 17.2% 12.7% 10.6% 10.1% 8.5% 11.8%

High-Low 3.3% -0.3% -1.6% -2.7% -2.4% -0.8%

Panel 1B. Distance-to-default

Low risk 15.1% 12.9% 12.0% 13.7% 12.2% 13.2%

Mid 14.5% 11.6% 12.1% 11.5% 9.2% 11.8%

High risk 17.6% 16.4% 13.1% 12.0% 9.9% 13.8%

High-Low 2.6% 3.5% 1.1% -1.7% -2.3% 0.6%

Panel 2. Sorts on market capitalization

Panel 2A. Debt-to-assets

Low risk 13.7% 14.0% 11.9% 12.8% 11.3% 12.7%

Mid 15.6% 14.8% 14.1% 12.9% 11.3% 13.7%

High risk 13.3% 12.5% 14.2% 11.7% 9.6% 12.3%

High-Low -0.4% -1.6% 2.3% -1.1% -1.6% -0.5%

Panel 2B. Distance-to-default

Low risk 15.3% 14.1% 13.2% 12.8% 11.6% 13.4%

Mid 14.0% 13.5% 12.7% 10.5% 10.2% 12.2%

High risk 15.7% 14.8% 15.3% 14.1% 10.1% 14.0%

High-Low 0.4% 0.7% 2.1% 1.3% -1.5% 0.6%
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stocks do not earn negative excess returns. Our results for the pre-1991 sample period thus 

corroborate our previous findings. 

Proceeding further, we investigate the pre-1991 relationship between the small-cap 

premium and distress risk. Again we sort stocks into tercile portfolios based on their 

measures of distress risk and then subdivide each tercile into quintiles based on the stocks’ 

market capitalizations and compute equal-weighted returns. The results of this analysis are 

presented in Panel 2 of Table 4.9. Also this analysis yields consistent results: it does not 

appear to be the case that the higher returns for small-cap stocks are concentrated in the high-

risk segment of the market. For sorts on debt-to-assets we even find that the return of the 

low-risk small-cap portfolio is higher than the return of the high-risk small-cap portfolio. So 

also for our pre-1991 sample period we find that it is unlikely that the size premium can be 

attributed to distress risk. 

Finally, we perform a pre-1991 robustness test for our analysis of the value premium 

conditional on the state of the economy. To this end we compute the return on the Fama-

French HML factor during NBER expansions and recessions. The data for this analysis are 

available as of July 1926. When we perform the analysis we find that the results corroborate 

our previous finding that value stocks outperform growth stocks particularly during 

recessions: during expansions we observe an annualized return of 5.5 percent, while we 

observe a return of 2.7 percent during recessions. We therefore conclude that the results of 

our analysis of the value premium conditional on the state of the economy are also robust to 

an extended sample period. 

 

4.8. International results 

 

In this section we investigate the relation between the value and size premiums and distress 

risk in an international context. For our analysis we use data on the stocks in the FTSE World 

index, which are on average 1,870 stocks from developed market countries over our sample 

period from September 1991 until December 2012. 

We start by investigating the value premium from an international perspective. 

Again, we observe a large value premium of 5.2 percent per annum, which is similar in size 

compared to the value premium we have documented for US stocks. We next analyze the 

relation between distress risk and returns for size-neutral distress risk portfolios. The results 

are presented in Table 4.10, Panel 1. We observe a negative relation between distress risk 

and return for all our measures of distress risk, as the returns of high-minus-low-risk stocks 

range between -0.8 percent when distance-to-default is used as a measure for distress risk 

up to -2.6 percent for the credit rating measure. Consistent with our US results we find a  
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TABLE 4.10. International results 

This table reports statistics of triple-sorted portfolios of stocks ranked on their book-to-market ratios, 

market capitalization, and distress risk for the constituents of the FTSE World index over the period 

September 1991 until December 2012. Portfolio returns are computed by weighting equally the firms. 

Presented returns are annualized. 

 
 

High B/M 2 3 4 Low B/M All

Panel 1. Sorts on book-to-price ratios

Panel 1A. Debt-to-assets

Low risk 12.0% 8.1% 7.0% 6.9% 7.5% 8.5%

Mid 14.4% 8.6% 7.9% 7.4% 6.8% 9.1%

High risk 11.2% 8.8% 5.7% 5.5% 4.7% 7.4%

High-Low -0.7% 0.6% -1.2% -1.3% -2.6% -1.0%

t (High-Low) -0.32 0.37 -0.72 -0.73 -1.24 -0.72

Panel 1B. Distance-to-default

Low risk 9.3% 8.2% 7.6% 9.0% 9.2% 8.8%

Mid 12.4% 8.1% 8.2% 6.1% 5.4% 8.1%

High risk 14.6% 10.4% 6.0% 4.8% 2.9% 7.9%

High-Low 4.8% 2.0% -1.5% -3.9% -5.8% -0.8%

t (High-Low) 1.20 0.78 -0.68 -1.68 -2.20 -0.32

Panel 1C. Credit spread

Low risk 14.2% 12.4% 9.5% 10.0% 9.3% 11.2%

Mid 12.2% 11.8% 10.0% 10.2% 10.5% 11.1%

High risk 7.7% 10.0% 7.3% 9.2% 8.9% 9.1%

High-Low -5.7% -2.1% -2.0% -0.7% -0.4% -1.9%

t (High-Low) -1.45 -0.86 -0.96 -0.37 -0.15 -0.96

Panel 1D. Credit rating

Low risk 13.3% 12.9% 12.8% 10.2% 10.2% 12.1%

Mid 13.8% 15.6% 10.5% 12.1% 9.7% 12.6%

High risk 12.2% 9.4% 6.9% 8.4% 7.6% 9.3%

High-Low -0.9% -3.1% -5.3% -1.7% -2.3% -2.6%

t (High-Low) -0.23 -1.26 -2.21 -0.62 -0.64 -1.07
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TABLE 4.10 (Continued). International results 

 

negative relation between the value premium and distress risk. More specifically, only when 

distance-to-default is used as a measure for distress risk, we observe that high-risk value 

stocks earn a higher return than low-risk value stocks. The differences between the returns 

of the other high-minus-low-risk value portfolios range between -0.7 percent when distress 

risk is measured using the debt-to-assets ratio to -5.7 percent when credit spread is used as 

a measure for distress risk. 

Small 2 3 4 Large All

Panel 2. Sorts on market capitalization

Panel 2A. Debt-to-assets

Low risk 9.4% 7.2% 8.8% 7.9% 7.7% 8.5%

Mid 10.7% 10.9% 8.9% 8.6% 7.7% 9.0%

High risk 9.5% 6.6% 6.1% 6.6% 5.8% 7.4%

High-Low 0.0% -0.6% -2.5% -1.2% -1.8% -1.0%

t (High-Low) 0.02 -0.33 -1.46 -0.64 -1.03 -0.69

Panel 2B. Distance-to-default

Low risk 9.2% 7.9% 9.4% 9.3% 8.7% 8.8%

Mid 9.1% 7.3% 7.1% 7.8% 7.9% 8.1%

High risk 11.6% 9.5% 6.9% 6.1% 4.5% 7.9%

High-Low 2.2% 1.5% -2.2% -2.9% -3.8% -0.8%

t (High-Low) 0.67 0.55 -0.88 -1.27 -1.67 -0.33

Panel 2C. Credit spread

Low risk 13.6% 12.2% 11.9% 8.5% 9.3% 11.1%

Mid 15.6% 13.4% 11.1% 11.5% 7.5% 11.2%

High risk 8.2% 7.9% 9.8% 6.6% 7.4% 9.1%

High-Low -4.8% -3.9% -1.8% -1.8% -1.8% -1.8%

t (High-Low) -1.44 -1.56 -0.87 -0.92 -0.83 -0.89

Panel 2D. Credit rating

Low risk 16.5% 13.5% 11.7% 10.6% 9.0% 12.1%

Mid 15.7% 12.6% 12.9% 11.7% 9.6% 12.7%

High risk 11.2% 7.5% 9.8% 8.1% 6.6% 9.2%

High-Low -4.6% -5.2% -1.7% -2.3% -2.2% -2.6%

t (High-Low) -1.08 -1.79 -0.72 -1.07 -0.75 -1.09
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 We next analyze the relation between the small-cap premium and distress risk from 

an international perspective. We observe an international small-cap premium of 1.7 percent 

per annum, similar in size as the US small-cap premium. However, we do not observe that 

the higher returns of small-cap stocks are concentrated in the high-risk segment. Results are 

presented in Panel 2. Actually, we observe that the return of high-risk small-cap stocks is 

equal to the return of low-risk small-cap stocks when debt-to-assets is used as a measure of 

distress risk, and we find a return differential of -4.8 percent and -4.6 percent between high- 

and low-risk small-cap stocks when credit spread and credit rating are respectively used to 

measure distress risk. In addition, if the small-cap premium is a compensation for distress 

risk we should simultaneously observe that the lower return of large-cap stocks is 

concentrated in the low-risk segment. However, in all four cases we observe that high-risk 

large-cap stocks earn returns down to -3.8 percent lower compared to low-risk large-cap 

stocks. To conclude, also in an international context, we find no relationship between distress 

risk and the value and size premiums. 

 

4.9. Profitability and investment effects 

 

In a recent paper Fama and French (2015) document that stock returns are not only related 

to the market, market capitalization, and valuation, but that returns are also driven by 

profitability and investment patterns. More specifically, Fama and French report that a firm’s 

operating profitability is positively related to stock returns, and that a firm’s change in asset 

growth is negatively related to returns. In this section we investigate if these factors that are 

more recently documented by Fama and French in some way are related to distress risk. To 

this end we perform analyses similar to the triple sorts we conducted earlier. However, we 

now sort stocks on their operating profitability and their change in assets. For the sake of 

brevity, these results are not presented in tabular form. 

We first consider the results for sorts on profitability. When we consider the return 

patterns for the triple sorted portfolios, our first observation is that stocks of firms with high 

profitability generally outperform stocks of firms with lower profitability. At the same time, 

however, we find no evidence that stocks of firms with high profitability are more risky. 

Irrespective of which measure we use for risk, it does not appear to be the case that the high 

profitability portfolios are associated with relatively higher debt-to-assets ratios, smaller 

distances-to-default, higher spreads, or lower credit ratings. Also, when we consider the 

returns of the portfolios it does not appear to be the case that the higher returns of the high 

profitability portfolios are concentrated in the high risk dimension. All in all, these results 
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are inconsistent with the interpretation that the profitability premium is attributable to 

distress risk. 

For the investments effect we find similar results: it does not appear to be the case that 

stocks of firms with small or negative change in assets have a larger debt-to-equity ratio, 

lower distance-to-default, higher credit spread, or lower credit rating. Also, it does not 

appear to be the case that the higher returns are systematically concentrated in the portfolios 

with the higher risk profiles. These results are also inconsistent with the notion that the 

investments premium is attributable to distress risk. 

 

4.10. Results for all stocks in U.S. Broad Market Index 

 

All the analyses in our study are based on the 1,500 largest stocks of the Citigroup U.S. BMI. 

To ensure that our findings are not prone to market micro-structure concerns we have 

intentionally left out micro-cap stocks from our sample. In this section we examine the 

sensitivity of our results for our choice of eliminating micro-caps by investigating the 

relation between the value and size premium and distress risk on all stocks in the Citigroup 

U.S. BMI. This universe contains on average 2,900 stocks during our sample period. 

 We start by sorting all stocks into quintile portfolios based on their book-to-market 

ratio. We observe a large value premium of 7.1 percent per annum, which is larger than the 

5.3 percent we observed for the 1,500 largest stocks. To investigate the relation between the 

value premium and distress risk, we construct size-neutral triple-sorted risk portfolios, as in 

Table 4.2. We first investigate if high-distress-risk stocks earn higher returns than low-

distress-risk stocks. Interestingly, for all four measures of distress risk we find a weaker 

relation compared to our earlier results on the 1,500 largest stocks. Specifically, only for the 

debt-to-assets ratio we observe a positive return spread of 0.4 percent between high-risk 

stocks and low-risk stocks. For the other measures of distress risk as proxied by the distance-

to-default, credit spread and credit rating we observe a 3.8, 5.6, and 3.6 percent lower return, 

respectively, for high-risk compared to low-risk stocks. We next examine the relation 

between the value premium and distress risk. We observe that by including micro-caps in 

our universe, the high-minus-low-risk return spread of value stocks becomes considerably 

more negative. For the debt-to-assets ratio this spread turns negative from 0.2 percent to -4.4 

percent. For the distance-to-default, credit spread and credit rating this difference decreases 

from -1.8, -3.7 and -1.9 percent to -8.6, -12.4 and -5.7 percent, respectively.  

 When we include micro-caps in our universe we observe a negative size premium 

of 2.15 percent. Compared to our earlier results in Table 4.6 for the 1,500 largest stocks, we 

observe that the relation between the small-cap premium and distress risk becomes even 
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more negative. The return between high- and low-risk small-cap stocks ranges from -5.7 

percent for the debt-to-assets ratio to -20.1 percent for the credit spread. We therefore 

conclude that also when we include micro-caps in our universe that distress risk is unlikely 

to explain the value and small-cap premiums. 

 

4.11. Concluding comments 

 

Following the work of Fama and French (1992, 1993), a large stream of literature has been 

developed on the small-cap and value anomalies and numerous attempts have been made to 

better understand the economic origin of these anomalies. In particular, several papers 

attribute the small-cap and value anomalies to a common risk factor and contend that the 

premiums are compensation for investors bearing distress risk. Notably, there are also some 

papers that dispute this assertion and document that it is unlikely that the small-cap and value 

premiums can be attributed to distress risk. One potential reason that the results in the 

literature seem to conflict is that different measures and methodologies are used in the 

studies. This study contributes to the extant literature in the following ways. 

 First of all, we contribute to the existing literature by drawing a unified conclusion 

regarding the pricing of distress risk in the cross-section of stock returns. We show that no 

positive relation can be found between risk and returns. 

Second, we show that both the small-cap and the value premiums are not 

concentrated in distressed stocks. Irrespective of whether we measure stocks’ probabilities 

on financial distress using accounting models, structural models, credit spreads or credit 

ratings, we find that the premiums cannot be absorbed by distress risk. The results are also 

robust to the method that is used to investigate the relation between the two variables. 

Irrespective of whether we use rank portfolios, business cycle analyses à la Lakonishok, 

Shleifer and Vishny (1994), or cross-sectional Fama-MacBeth (1973) regressions, we find 

no positive relation between the small-cap and value premiums and distress risk. Our results 

also help to understand the results of several studies that report that the small-cap premium 

is no longer present after the early 1980s. 

Finally, our results indicate that the empirical explanatory power of the Fama-

French (1993) SMB and HML factors cannot be attributed to these factors being exposed to 

distress risk. We construct new factors that disentangle the size and value effects from 

distress risk. 

Overall, our results are difficult to reconcile with a risk-based interpretation of the 

value anomaly and call for further research on the development and testing of theories that 

potentially provide an explanation for the size and value effects.



 

5. The low-risk anomaly and mutual fund tournaments54 

 

I examine the relationship between tournament behavior of mutual fund managers and the 

low-risk anomaly. Based on a general equilibrium model, I show that tournament behavior 

causes the returns of low-risk (high-risk) assets to be larger (smaller) than expected from the 

Capital Asset Pricing Model. Using data on mutual funds and prices of individual assets 

from twelve different asset categories, I find a positive and significant relation between 

tournament behavior and the low-risk premium. The results indicate that not only is the low-

risk effect more prominent in a period following stronger tournament behavior, but the 

anomaly is also larger in asset categories where more tournament behavior is observed. As 

a consequence, these insights are important for investors aiming to capture the low-risk 

premium.  

 

5.1. Introduction 

 

The prevalence of delegated asset management has increased substantially over the past 5 

decades. Whereas 50 years ago the vast majority of US corporate equity was held by 

individual investors, intermediaries currently hold over half of assets. As a consequence, the 

incentives of such intermediaries can potentially impact the way assets in the economy are 

priced. In this study I explore the influence on asset prices of one robustly documented 

phenomenon in the asset management industry: tournament behavior between fund 

managers. I show that tournament behavior can go a long way towards explaining an asset-

pricing anomaly that is receiving increasing attention: the low-risk anomaly. 

Intuitively, assets with high systematic risk provide higher average returns than 

low-risk assets, proportional to their risk levels. Theoretically, this intuition is reflected by 

the Capital Asset Pricing Model (CAPM), which describes the relation between risk, as 

measured by beta, and expected return. However, empirically there is ample evidence that 

this relation is flatter than expected [e.g. Black et al. (1972)]55, also known as the low-risk 

anomaly.  

                                                           
54 This chapter is based on De Groot, W., 2017, The low-risk anomaly and mutual fund tournaments, 

working paper. 
55 Black et al. (1972) and Haugen and Heins (1975) have already documented the low-risk anomaly 

within US equities. Also Fama and French (1992) found that the relationship between risk and return 

was flat. Blitz and Van Vliet (2007) have extended this to Europe and Japan and show that stocks with 

a low volatility generate higher risk-adjusted returns than stocks with a high volatility. Recently, 

Frazzini and Pedersen (2014) find that also for Treasury bonds, corporate bonds and futures, low-beta 

securities earn higher alphas than high-beta securities. 
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 Not all CAPM assumptions might hold for fund managers who invest for others 

(clients and/or employers). According to the CAPM, an investor requires a higher return on 

more risky assets as measured by beta. An important assumption of the model is that 

investors are averse to risk and that they are only interested in maximizing the expected 

utility of their end-of-period wealth. However, one well-documented form of fund 

manager’s behavior not captured by the CAPM is tournament behavior, which implies that 

it is not (only) the objective of investors to maximize the client’s wealth.  

Tournament behavior refers to the behavior where fund managers aim to win the 

‘tournament’ (i.e. achieve the highest returns compared to peers). This could be because the 

size of their remuneration might depend on their performance relative to other participants, 

but also because of other reasons, such as competitive behavior of fund managers. A fund 

manager belonging to the mid-term loser funds where funds are ranked on performance, can 

increase chances of ending higher on the ranking at the end of the term by taking more risk. 

Brown et al. (1996) were one of the first who demonstrated the existence of tournament 

behavior for US mutual funds during 1980 to 1991 by showing that mid-year loser funds 

more often increase their risk in the second half of the year than mid-year winner funds. 

Many follow-up studies confirmed the existence of tournament behavior.  

Hence, tournament behavior implies that fund managers of loser funds increase 

their portfolio risk. If leverage is unrestricted and cheap, taking more leverage is a way to 

increase risk. However, if leverage is restricted and/or costly, which is the case for most 

mutual fund managers, high-risk securities become more attractive and fund managers are 

prepared to pay a premium that decreases the return on these high-risk securities. An 

intuitive implication of tournament behavior among mutual fund managers is therefore the 

existence of the low-risk anomaly. The objective of this study is to theoretically investigate 

the impact of this behavior on the prices of high- and low-risk assets and empirically 

establish whether there is a relation between tournament behavior and the low-risk anomaly.  

An advantage of investigating tournament behavior as a measure to explain the 

low-risk anomaly is that it is asset class specific in the sense that whether tournament 

behavior is present and how strong it is can differ among asset classes and time. The same 

might hold for the low-risk premium. It could well be the case that the periods that low-risk 

securities outperform high-risk securities differs across asset classes, in other words, that the 

low-risk premium between asset classes is not highly correlated. If this holds, then it is 

logical to use a measure which is asset-class specific when explaining the low-risk anomaly. 

However, several studies have used global factors that are not asset-class specific, such as 

TED-spread and inflation which are used by Frazzini and Pedersen (2014) and Cohen et al. 
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(2005), respectively. In the following section I give an overview of the existing literature in 

this field.   

I develop a simple general equilibrium model to investigate the impact of 

tournament behavior across mutual fund managers on prices of high- and low-risk assets. 

The base model is a one-period equilibrium model with two agents who maximize their 

growth in wealth and two dividend-paying assets: a high- and low-risk asset. I next expand 

this base model by including tournament behavior. That means that the agents not only 

maximize their wealth growth, but also maximize the return of their own portfolio compared 

to that of their peers. The model predicts that tournament behavior causes the returns of low-

risk (high-risk) assets to be larger (smaller) than expected according to the CAPM. Based 

on this model, the following testable hypotheses are defined:  

1) The low-risk effect in a particular asset category is stronger in a period following 

stronger tournament behavior. 

2) The low-risk effect is stronger in asset categories where tournament behavior is 

stronger. 

I empirically analyze these predictions within and across asset categories.  

To measure tournament behavior, this study makes use of the Morningstar mutual 

fund database with monthly data from January 1990 to December 2013. The study covers 

12 different asset categories, consisting of bond classes, regional equity classes and style 

sub-classes within US equities. To measure tournament behavior, I use a test statistic in line 

with Brown et al. (1996) as commonly used in academic literature. I investigate whether 

mid-year losers take substantially more risk than mid-year winners in the second half of the 

year. In addition, for each of the asset categories I construct leveraged low-minus-high risk 

portfolios based on the past year volatility of individual securities.56   

 In the first analysis I find that tournament behavior is generally present, in line with 

Brown et al. (1996). However, this behavior is time-varying and not present every year 

within each asset category. It is therefore important to take the time dimension into account 

when analyzing the relationship between tournament behavior and the low-risk anomaly.   

Next, I show that the low-risk anomaly is present in almost all asset categories, 

consistent with Frazzini and Pedersen (2014). There is a low correlation among the low-risk 

return series of different asset categories. Due to this finding, it is unlikely that a global risk 

factor, which is non-asset class specific such as TED-spread and inflation, can fully explain 

the low-risk anomaly, as used by Frazzini and Pedersen (2014) and Cohen et al. (2005), 

respectively.  

                                                           
56 For government bonds I construct low-minus-high risk portfolios based on the maturity of bonds.  
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To investigate whether, for a particular asset category, the low-risk effect is 

stronger in a period following stronger tournament behavior, I apply pooled OLS 

regressions. We observe a positive and significant relation between tournament behavior and 

the low-risk premium. In addition, we observe that when the sample is split into two sub-

periods, the relation is positive and significant in both sample periods. It is thus evident that 

there is a positive relation between tournament behavior and the low-risk premium over 

time. 

Next, I examine whether the low-risk effect is stronger in asset categories where 

tournament behavior is stronger. Therefore, for each year in the sample, I sort the asset 

categories in three terciles based on tournament behavior that year and compute the low-risk 

returns of the three portfolios in the following year. I observe that the tercile portfolio with 

the highest tournament behavior performs significantly better than the portfolio with the 

lowest tournament behavior, on average around 5% per annum. The conclusions do not 

change or even become somewhat stronger when corrected for loadings on general market 

returns or structural positions.  

 To conclude the main empirical analyses, I investigate the impact of tournament 

behavior on the low-risk premium across asset categories with Fama and MacBeth (1973) 

regressions. The advantage of this method is that other factors can easily be controlled, such 

as activeness of the market, market volatility and the risk-adjusted return of the markets. 

Consistent with the portfolio findings, a positive and significant relation between tournament 

behavior and the low-risk premium is apparent in most cases.  

 Finally, I provide several possibilities to extend the theoretical pricing model. One 

suggestion is that the amount of utility agents get from tournament behavior can be made 

dependent on the type of market (bull or bear), in line with the findings of Kempf et al. 

(2009). They show that tournament behavior exists when the first half-year is a bull market 

and not when it is a bear market. A 2x2 contingency table shows that most observations in 

the entire sample fall in the ‘high tournament behavior/high low-risk premium’ and ‘low 

tournament behavior/low low-risk premium’ segments. Interestingly, during bull markets 

most observations are in the ‘high tournament behavior/high low-risk premium’ segment 

and during bear markets in the ‘low tournament behavior/low low-risk premium’ segment. 

These findings are in line with the hypothesis that mutual fund manager’s incentives to 

perform well are strongest during bull markets. Some studies suggest that besides chasing 

returns cross-sectionally, mutual fund investors also chase returns through time [Warther 

(1995)], meaning that large cash inflows occur in a particular asset class just after the market 

has made an upward rally. Fund managers are therefore incentivized to outperform 
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especially during bull markets, strengthening the higher demand for high-beta stocks and 

reducing the expected returns of these stocks. 

 I conclude the empirical analyses by showing that tournaments have most impact 

on the prices of low- and high-risk asset in the year following the tournaments. When I 

increase the length of the period to compute the low-risk premium (i.e. the investment 

horizon), the results become weaker and insignificant. This could be caused by new 

tournaments that have started where the ‘newest’ high-risk stocks are being selected and for 

which the demand is higher than the ‘older’ high-risk stocks.  

 To summarize, I develop a theoretical model that describes that tournament 

behavior causes the expected return of low-risk assets to be higher than expected according 

to the CAPM. Irrespective of the method I use (pooled OLS-regressions, sorting portfolios, 

Fama and MacBeth (1973) regressions and contingency tables) there is a positive relation 

between tournament behavior and the low-risk premium.  

 To my knowledge, this is the first study to examine the relation between tournament 

behavior and the low-risk anomaly, both theoretically and empirically across a broad range 

of asset categories. This study contributes to the literature in several ways. First, the finding 

of a positive relationship between tournament behavior and the low-risk premium helps to 

explain the low-risk anomaly across a wide range of asset classes. I acknowledge that other 

explanations could also play a role. For example, leverage and shorting restrictions could 

strengthen the positive relation between tournament behavior and the low-risk premium.   

The insights of this study could also be valuable for investors in low-risk strategies, 

as the research potentially gives insight in which markets we can best exploit this anomaly 

and can therefore guide asset managers as to where to set-up low-risk products. In markets 

where tournament behavior is absent, the low-risk premiums are expected to be much 

smaller or not even present. Moreover, the research could give insight in how the anomaly 

can best be exploited. For example, as tournament behavior seems to be a dominant factor it 

is logical to capture the premium within universes of competitive funds instead of across 

universes (e.g. emerging markets and develop markets equities separately instead of an 

overall comparison). Also, the importance assigned to the low-risk factor when selecting 

stocks could potentially be adjusted when one predicts whether tournament behavior will be 

an important factor (e.g. in case of large cash inflows to the asset class).  

The structure of the remainder of this chapter is as follows. The next section gives an 

overview of the relevant literature on the low-risk anomaly and tournament behavior. 

Section 5.3 provides the theoretical model. Section 5.4 describes the construction of the data 

set and Section 5.5 presents the empirical results for analyses that examine if there is a 
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relationship between tournament behavior and the low-risk premium. Section 5.6 discusses 

several possibilities to extend the theoretical model and Section 5.7 concludes.  

 

5.2. Literature 

 

5.2.1. The low-risk anomaly 

 

The literature on explaining the source for the low-risk premium is rather scarce and 

ambiguous.57 Only several studies attempt to identify the source of the low-risk premium. 

First, Black (1972) uses a theoretical model and argues that borrowing restrictions are the 

reason for the relatively high performance of low-beta stocks. The idea is that some market 

participants cannot use leverage to increase portfolio risk and therefore overweight high-

beta securities, leading to lower returns on these assets. Frazzini and Pedersen (2014) 

provide empirical support for this hypothesis by using the TED-spread as a proxy for funding 

constraints. However, this factor only seems to relate (weakly) to the low-risk premium in 

equity markets. In most other asset classes (government bonds, credits, FX and 

commodities) the relation between TED-spread and the low-risk premium is opposite to 

what their hypothesis predicts. In relation to leverage constraints, the literature also discusses 

short-selling constraints, as a cause of the low-risk anomaly. For example, Hong and Sraer 

(2016) show that short-sales constraints in combination with investors’ disagreement about 

the future prospects of the stock market result in high beta stocks being overpriced. A second 

explanation is from Cohen et al. (2005) who argue that the risk-return relationship in the US 

stock market is flatter during high-inflation environments and relate this to the money-

illusion hypothesis. Third, Karceski (2002) developed an agency model where return-

chasing behavior by mutual fund investors causes beta not to be priced to the degree 

predicted by the standard CAPM. Other explanations are from Baker et al. (2011) and Bali 

et al. (2011) who suggest that behavioral biases, such as a preference for lotteries, are the 

cause of the low-risk anomaly. 

To conclude, the few existing empirical studies that attempt to explain the low-risk 

anomaly use global factors that are not asset-class specific, such as TED-spread and 

inflation. However, these measures will only be able to explain the low-risk effect across 

different asset classes in case of a relatively high correlation between the low-risk premiums 

of different asset classes. Moreover, although the theoretical model developed by Karceski 

                                                           
57 Blitz, Falkenstein and Van Vliet (2014) provide a literature overview of possible explanations for 

the low-risk effect.  
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(2002) on mutual fund investors’ behavior is compelling and can be asset-class specific, it 

is not empirically tested.  

 

5.2.2. Tournament behavior 

 

Although Brown et al. (1996) were one of the first who demonstrated the existence of 

tournament behavior for US mutual funds, many follow-up studies confirmed the existence 

of tournament behavior. For example Elton, Gruber, and Blake (2003), Hu, Kale, Pagani, 

and Subramaniam (2011) and Swarz (2012). Kempf et al. (2009) confirm that tournament 

behavior exists based on mutual fund holdings data, but argue it is dependent on the market 

return in the first half-year. 

One of the explanations given for tournament behavior is that mutual fund investors 

tend to chase returns over time and across funds. The main objective of a fund manager is 

to maximize the profits for the organization, because then she will receive the highest 

rewards. This implies that it is not (only) her objective to maximize the client’s wealth. In 

order to achieve high fund profits, she needs to increase the assets under management or, in 

other words, to maximize cash inflows.  

As mutual fund investors buy funds with the highest recent past returns, a ‘winner-

takes-it-all’ structure holds for many asset classes. This means that most of the cash inflows 

go to a few winners [see e.g. Sirri and Tufano (1998) who show that this relation holds for 

US equity mutual funds and Brown et al. (2001) for hedge funds and CTAs]. As, in addition, 

cash is not easily withdrawn from loser funds with the lowest recent past returns, this is also 

called an asymmetric flow-performance relation. To belong to the winners, a loser fund 

could therefore take higher risk to win the tournament.  

 

5.3. Theoretical model 

 

In this section I present a general equilibrium model where tournament behavior causes high-

risk assets to have a lower return and low-risk assets to have a higher return than expected 

according to the CAPM.  
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5.3.1. Model without tournament behavior 

 

5.3.1.1. Technology 

Let us assume the model has two dates (t=0 and t=1). The economy I study consists of two 

agents A and B and two types of assets, a high-risk asset H and a low-risk asset L. The payoff 

(or dividend) of these assets (at t=1) are normally distributed58, 

 

(5.1)  𝐷𝐻1 = 𝑁(𝜇, 𝜎𝐻
2) 

𝐷𝐿1 = 𝑁(𝜇, 𝜎𝐿
2) 

 

where 𝐷𝐻1 is the payoff on the high-risk asset at the end of the period and 𝐷𝐿1 the payoff on 

the low-risk asset and 𝜎𝐻 > 𝜎𝐿. The advantage of assuming normally distributed returns is 

that later on, when solving the model, the solution has a closed form. The correlation 

between the payoffs is denoted by 𝜌. Both assets are in unit supply, so that expected returns 

in equilibrium are determined by aggregate demands. 

 

5.3.1.2. Preferences 

I denote the demand of agents A and B for assets H and L as 𝑞𝐴𝐻 , 𝑞𝐴𝐿 , 𝑞𝐵𝐻 , 𝑞𝐵𝐿 , respectively. 

The agents invest their wealth in the two assets with price 𝑃𝐻0 defined as the price of the 

high-risk asset at the beginning of the period (t=0) and 𝑃𝐿0 as the price of the low-risk asset. 

The wealth of the two agents at the beginning of the period is therefore defined by: 

 

(5.2)  𝑊𝐴0 = 𝑞𝐴𝐻𝑃𝐻0 + 𝑞𝐴𝐿𝑃𝐿0 

𝑊𝐵0 = 𝑞𝐵𝐻𝑃𝐻0 + 𝑞𝐵𝐿𝑃𝐿0 

 

And at the end of the period (t=1) by: 

 

(5.3)  𝑊𝐴1 = 𝑞𝐴𝐻𝐷𝐻1 + 𝑞𝐴𝐿𝐷𝐿1 

𝑊𝐵1 = 𝑞𝐵𝐻𝐷𝐻1 + 𝑞𝐵𝐿𝐷𝐿1 

  

Let us for now assume that tournament behavior does not exist. For simplicity reasons I 

assume that the two agents have the same utility function, defined as: 

 

                                                           
58 We assume equal expectations for the two assets. Assuming unequal expected pay-offs does not 

change the conclusions.  
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(5.4)  𝑈𝐴 =  −exp (−𝜃𝐴(𝑊𝐴1 − 𝑊𝐴0)) 

𝑈𝐵 =  −exp (−𝜃𝐵(𝑊𝐵1 − 𝑊𝐵0)), 

 

where 𝜃𝑖 > 0 for i={A,B} is the agent’s risk aversion coefficient. Assuming exponential 

utility functions is for ease of computation.  

 

5.3.1.3. Solving the model 

At t=0, the agents choose the weights of the high- and low-risk asset to maximize their 

expected utility. Let us continue from the perspective of agent A: 

 

(5.5) max
𝑞𝐴𝐻,𝑞𝐴𝐿

𝐸[ − exp (−𝜃𝐴(𝑊𝐴1 − 𝑊𝐴0))] 

= max
𝑞𝐴𝐻,𝑞𝐴𝐿

𝐸[ − exp (−𝜃𝐴{𝑞𝐴𝐻(𝐷𝐻1 − 𝑃𝐻0) + 𝑞𝐴𝐿(𝐷𝐿1 − 𝑃𝐿0)})] 

 

Because of the normally distributed asset returns, the expectation operator in Equation 5.5 

can be rewritten as: 

 

(5.6) max
𝑞𝐴𝐻,𝑞𝐴𝐿

−exp (−𝜃𝐴{𝑞𝐴𝐻 + 𝑞𝐴𝐿}𝜇 + 𝜃𝐴𝑞𝐴𝐻𝑃𝐻0 + 𝜃𝐴𝑞𝐴𝐿𝑃𝐿0 +
1

2
𝜃𝐴

2{𝑞𝐴𝐻
2 𝜎𝐻

2 + 𝑞𝐴𝐿
2 𝜎𝐿

2 + 2𝜌𝑞𝐴𝐻𝑞𝐴𝐿𝜎𝐻𝜎𝐿})
 

 = max
𝑞𝐴𝐻,𝑞𝐴𝐿

(𝜃𝐴{𝑞𝐴𝐻 + 𝑞𝐴𝐿}𝜇 − 𝜃𝐴𝑞𝐴𝐻𝑃𝐻0 − 𝜃𝐴𝑞𝐴𝐿𝑃𝐿0 −
1

2
𝜃𝐴

2{𝑞𝐴𝐻
2 𝜎𝐻

2 + 𝑞𝐴𝐿
2 𝜎𝐿

2 + 2𝜌𝑞𝐴𝐻𝑞𝐴𝐿𝜎𝐻𝜎𝐿})
 

 

This optimization problem can be solved by taking the first derivative with respect to 𝑞𝐴𝐻: 

 

(5.7)  𝜃𝐴𝜇 − 𝜃𝐴𝑃𝐻0 − 𝜃𝐴
2𝑞𝐴𝐻𝜎𝐻

2 − 𝜃𝐴
2𝜌𝑞𝐴𝐿𝜎𝐻𝜎𝐿 = 0 

 

This leads to the following optimal solution for 𝑞𝐴𝐻: 

 

(5.8)  𝑞𝐴𝐻 =
𝜇−𝑃𝐻0−𝜃𝐴𝜌𝑞𝐴𝐿𝜎𝐻𝜎𝐿

𝜃𝐴𝜎𝐻
2  

 

From Equation 5.8 it follows that agent A will allocate more to the high-risk asset in case 

the price at t=0 is lower. Also, the demand for the asset is decreasing in the standard 

deviation of the pay-off.  
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Solving the problem for 𝑞𝐴𝐿  as well and also taking the perspective of agent B, 

leads to the following set of equations combined with the unit supply constraints:  

 

(5.9)  𝑞𝐴𝐻 =
𝜇−𝑃𝐻0−𝜃𝐴𝜌𝑞𝐴𝐿𝜎𝐻𝜎𝐿

𝜃𝐴𝜎𝐻
2  

 𝑞𝐴𝐿 =
𝜇−𝑃𝐿0−𝜃𝐴𝜌𝑞𝐴𝐻𝜎𝐻𝜎𝐿

𝜃𝐴𝜎𝐿
2  

 𝑞𝐵𝐻 =
𝜇−𝑃𝐻0−𝜃𝐵𝜌𝑞𝐵𝐿𝜎𝐻𝜎𝐿

𝜃𝐵𝜎𝐻
2  

 𝑞𝐵𝐿 =
𝜇−𝑃𝐿0−𝜃𝐵𝜌𝑞𝐵𝐻𝜎𝐻𝜎𝐿

𝜃𝐵𝜎𝐿
2  

 𝑞𝐴𝐻 + 𝑞𝐵𝐻 = 1 

 𝑞𝐴𝐿 + 𝑞𝐵𝐿 = 1 

 

5.3.1.4. Model analysis 

Let us have a look at the intuition behind the model with the help of an example. In the 

example, I assume that agent A and agent B both have a risk-aversion parameter of 𝜃𝐴 =

 𝜃𝐵 = 0.01. Further assuming that both assets have an expected payoff 𝜇 = 100 and that the 

correlation between the assets 𝜌 = 0.5. The volatility of the high-risk asset 𝜎𝐻 = 30 and the 

volatility of the low-risk asset 𝜎𝐿 = 20. The solution of the six equations with six unknowns 

is that both agents hold equal amounts of the high- and low-risk asset: 𝑞𝐴𝐻 = 𝑞𝐵𝐻 = 𝑞𝐴𝐿 =

𝑞𝐵𝐿 = 0.5. The price of the high-risk asset 𝑃𝐻0= 94 and the price of the low-risk asset 𝑃𝐿0= 

96.5. As the risk is higher for the high-risk asset, the expected risk premium is higher and 

the price is lower. The return of the high-risk asset is defined as: 

 

(5.10)  𝑅𝐻1 =
𝐷𝐻1

𝑃𝐻0
− 1 

 

The expected return of the high-risk asset is therefore:  

 

(5.11)  𝐸[𝑅𝐻1] =
𝐸[𝐷𝐻1]

𝑃𝐿0
− 1 =

𝜇

𝑃𝐻0
− 1 

 

When we fill in the numbers in the example, an expected return of 6.4% for the high-risk 

asset and 3.6% for the low-risk asset is found. The higher the risk of the high- versus the 

low-risk asset, the higher the expected risk premium and the lower the price of the high-risk 

asset versus the low-risk asset as visible from Figure 5.1.  
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FIGURE 5.1. Relation between price and volatility of the high- and low-risk asset in the model 

without tournament behavior 

The figure shows the price of the high- and low-risk asset (PH0 and PL0, respectively) for different 

volatility levels of the high-risk asset (σH). The volatility of the low-risk asset σL is kept at 20. Agent 

A and agent B have a risk-aversion parameter of 𝜃𝐴 =  𝜃𝐵 = 0.01. Both assets have an expected payoff 

𝜇 = 100 and the correlation between the assets is 𝜌 = 0.5.  

 

 

Let us now assume that agent B is more risk-averse than agent A. We then expect 

agent B to hold less of the assets compared to agent A. Figure 5.2 shows that this is indeed 

the case in our example.  

 

5.3.2. Model with tournament behavior 

 

In this sub-section I extend the model by including tournament behavior. The assets follow 

the same distribution as in the previous sub-section. However, the agent’s preferences are 

different.  

 

5.3.2.1. Preferences 

The agents now not only maximize their change in asset wealth, but also maximize the return 

of their own portfolio compared to that of their peers. The return of agent A is given by: 

 

(5.12) 𝑅𝐴 = 𝑤𝐴𝐻𝑅𝐻1 + 𝑤𝐴𝐿𝑅𝐿1,  

 

0

20

40

60

80

100

120

0 10 20 30 40 50 60 70

P
ri

c
e
 P

Volatility σH (σL = 20)

P_H0 P_L0



132 Chapter 5 

FIGURE 5.2. Relation between the quantities the agents own of the assets and the risk-aversion 

of agent B compared to agent A in the model without tournament behavior  

The figure shows the quantities of the high- and low-risk asset (qH and qL, respectively) for different 

risk aversion parameter values of agent B (𝜃𝐵). The risk aversion parameter of agent A is kept at 0.01. 

The volatility of the high-risk asset 𝜎𝐻 = 30 and the volatility of the low-risk asset 𝜎𝐿 = 20. Both 

assets have an expected payoff 𝜇 = 100 and the correlation between the assets is 𝜌 = 0.5.  

 

 

 

where the portfolio weight of asset H for agent A is defined by: 

 

(5.13)  𝑤𝐴𝐻 =
𝑞𝐴𝐻𝑃𝐻0

𝑞𝐴𝐻𝑃𝐻0+𝑞𝐴𝐿𝑃𝐿0
 

 

Similar definitions apply for the return of agent B and the other portfolio weights.  

I assume a linear relation between tournament behavior and utility, but obviously 

other functional forms can also be applied. The utility function for agent A and agent B is 

now respectively defined by: 

 

(5.14)  max
𝑞𝐴𝐻,𝑞𝐴𝐿

𝐸[−exp(−𝜃𝐴(𝑊𝐴1 − 𝑊𝐴0)) + 𝜂𝐴(𝑅𝐴 − 𝑅𝐵)] 

max
𝑞𝐵𝐻,𝑞𝐵𝐿

𝐸[−exp(−𝜃𝐵(𝑊𝐵1 − 𝑊𝐵0)) + 𝜂𝐵(𝑅𝐵 − 𝑅𝐴)], 
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where 𝜂 is the parameter that indicates the sensitivity towards tournament behavior. For 

simplicity, tournament behavior for agent B is normalized to zero, so 𝜂𝐵 = 0. This means 

that the first order conditions for agent B remain the same as in the case without tournament 

behavior.59  

 

5.3.2.2. Solving the model 

The maximization problem for agent A can be rewritten to:  

 

(5.15)  max
𝑞𝐴𝐻,𝑞𝐴𝐿

𝐸[− exp(−𝜃𝐴{𝑞𝐴𝐻(𝐷𝐻1 − 𝑃𝐻0) + 𝑞𝐴𝐿(𝐷𝐿1 − 𝑃𝐿0)}) + 𝜂𝐴(𝑤𝐴𝐻𝑅𝐻1 +

                 𝑤𝐴𝐿𝑅𝐿1 − 𝑤𝐵𝐻𝑅𝐻1 − 𝑤𝐵𝐿𝑅𝐿1)], 

 

Solving for 𝑞𝐴𝐻  leads to the following equation (see Appendix 5.A): 

 

(5.16) −exp(−𝜃𝐴{𝑞𝐴𝐻 + 𝑞𝐴𝐿}𝜇 + 𝜃𝐴𝑞𝐴𝐻𝑃𝐻0 + 𝜃𝐴𝑞𝐴𝐿𝑃𝐿0) 

+
1

2
𝜃𝐴

2{𝑞𝐴𝐻
2 𝜎𝐻

2 + 𝑞𝐴𝐿
2 𝜎𝐿

2 + 2𝜌𝑞𝐴𝐻𝑞𝐴𝐿𝜎𝐻𝜎𝐿}) ∗ (−𝜃𝐴𝜇 + 𝜃𝐴𝑃𝐻0 + 𝜃𝐴
2𝑞𝐴𝐻𝜎𝐻

2

+ 𝜃𝐴
2𝜌𝑞𝐴𝐿𝜎𝐻𝜎𝐿)

+
𝜂𝐴(𝜇 − 𝑃𝐻0)(𝑞𝐴𝐻𝑃𝐻0 + 𝑞𝐴𝐿𝑃𝐿0)−𝑃𝐻0𝜂𝐴(𝜇 − 𝑃𝐻0)𝑞𝐴𝐻−𝑃𝐻0𝜂𝐴(𝜇 − 𝑃𝐿0)𝑞𝐴𝐿

(𝑞𝐴𝐻𝑃𝐻0 + 𝑞𝐴𝐿𝑃𝐿0)2
= 0 

Solving the problem for 𝑞𝐴𝐿  as well leads to the following equation:  

 

(5.17) −exp (−𝜃𝐴{𝑞𝐴𝐻 + 𝑞𝐴𝐿}𝜇 + 𝜃𝐴𝑞𝐴𝐻𝑃𝐻0 + 𝜃𝐴𝑞𝐴𝐿𝑃𝐿0 +
1

2
𝜃𝐴

2{𝑞𝐴𝐻
2 𝜎𝐻

2 + 𝑞𝐴𝐿
2 𝜎𝐿

2 + 

2𝜌𝑞𝐴𝐻𝑞𝐴𝐿𝜎𝐻𝜎𝐿}) ∗ (−𝜃𝐴𝜇 + 𝜃𝐴𝑃𝐿0 + 𝜃𝐴
2𝑞𝐴𝐿𝜎𝐿

2 + 𝜃𝐴
2𝜌𝑞𝐴𝐻𝜎𝐻𝜎𝐿)

+
𝜂𝐴(𝜇 − 𝑃𝐿0)(𝑞𝐴𝐻𝑃𝐻0 + 𝑞𝐴𝐿𝑃𝐿0)−𝑃𝐿0𝜂𝐴(𝜇 − 𝑃𝐿0)𝑞𝐴𝐿−𝑃𝐿0𝜂𝐴(𝜇 − 𝑃𝐻0)𝑞𝐴𝐻

(𝑞𝐴𝐻𝑃𝐻0 + 𝑞𝐴𝐿𝑃𝐿0)2
= 0 

The first order conditions of agent B and the unit supply constraints remain the same: 

 

(5.18)  𝑞𝐵𝐻 =  
𝜇−𝑃𝐻0−𝜃𝐵𝜌𝑞𝐵𝐿𝜎𝐻𝜎𝐿

𝜃𝐵𝜎𝐻
2  

 𝑞𝐵𝐿 =  
𝜇−𝑃𝐿0−𝜃𝐵𝜌𝑞𝐵𝐻𝜎𝐻𝜎𝐿

𝜃𝐵𝜎𝐿
2  

                                                           
59 Note that the model now only assumes tournament behavior and makes no assumptions on why 

tournament behavior exists. This could be due to a variety of reasons, or simply because the agents are 

competitive by nature. 
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 𝑞𝐴𝐻 + 𝑞𝐵𝐻 = 1 

  𝑞𝐴𝐿 + 𝑞𝐵𝐿 = 1 

 

5.3.2.3. Model analysis 

Let us now investigate how the inclusion of tournament behavior influences the risk/return 

relation of the high- and low-risk assets in the example of Sub-section 5.3.1.4.  

 

FIGURE 5.3. Relation between expected return of the high- and low-risk asset and tournament 

behavior in the model with tournament behavior  

The figure shows the expected returns of the high- and low-risk asset (E[RH1] and E[RHL]) for different 

tournament behavior parameter values of agent A (ηA). Agent B does not get utility from tournament 

behavior, so 𝜂𝐵 = 0. Agent A and agent B have a risk-aversion parameter of 𝜃𝐴 =  𝜃𝐵 = 0.01. The 

volatility of the high-risk asset 𝜎𝐻 = 30 and the volatility of the low-risk asset 𝜎𝐿 = 20. Both assets 

have an expected payoff 𝜇 = 100 and the correlation between the assets is 𝜌 = 0.5.  

 

From Figure 5.3 we observe the impact when agent A also gets utility from 

tournament behavior. In case agent A does not have tournament behavior (𝜂𝐴 = 0), we 

logically get similar expected return as in Sub-section 5.3.1.4: an expected return of 6.4% 

for the high-risk asset and 3.6% for the low-risk asset. The more utility agent A gets from 

tournament behavior, the higher the demand for the high-risk asset. As a consequence, we 

expect the high-risk asset to have a higher price and a lower expected risk premium. 

Similarly, tournament behavior lowers the demand of agent A for the low-risk asset. Agent 

B will need to hold more of the low-risk asset, but is only willing to do that if the price is 

low enough and therefore the expected risk premium high enough. This is in line with what 
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we observe in Figure 5.3. In addition, the expected return of the low-risk asset remains lower 

than that of the high-risk asset; so the security market line becomes flatter, but not inverse.  

Figure 5.4 shows the quantities agents A and B hold of the high- and low-risk asset 

when tournament behavior is included in the model. We observe that agent A indeed holds 

more of the high-risk asset at the expense of the low-risk asset, the more important 

tournament behavior becomes. Due to the unit supply constraints and the lower price of the 

low-risk asset, agent B holds more of the low-risk asset.  

 

FIGURE 5.4. Relation between quantity and tournament behavior of the high- and low-risk asset 

in the model with tournament behavior  

The figure shows the quantities of the high- and low-risk asset (qH and qL, respectively) hold by agent 

A and agent B for different tournament behavior parameter values of agent A (ηA). Agent B does not 

get utility from tournament behavior, so 𝜂𝐵 = 0. Agent A and agent B have a risk-aversion parameter 

of 𝜃𝐴 =  𝜃𝐵 = 0.01. The volatility of the high-risk asset 𝜎𝐻 = 30 and the volatility of the low-risk 

asset 𝜎𝐿 = 20. Both assets have an expected payoff 𝜇 = 100 and the correlation between the assets is 

𝜌 = 0.5.  

 

Next, we can investigate the impact of tournament behavior on expected alpha. As 

the CAPM-model does not hold anymore, we expect alpha to be non-zero. I therefore 

compute the CAPM-beta and the expected alpha of the high- and low-risk asset. The market 

portfolio return is defined as:  

 

(5.19)  𝑅𝑀1 = 𝑤𝐿𝑅𝐿1 + 𝑤𝐻𝑅𝐻1, where 

𝑤𝐿 =
𝑃𝐿0

𝑃𝐻0+𝑃𝐿0
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  𝑤𝐻 =
𝑃𝐻0

𝑃𝐻0+𝑃𝐿0
 

 

The CAPM-beta and expected alpha are the usual60:  

 

(5.20) 𝛽𝐻,𝑀 =
𝑐𝑜𝑣(𝑅𝐻1,𝑅𝑀1)

𝑣𝑎𝑟(𝑅𝑀1)
 

(5.21)  𝛼𝐻1 = 𝐸[𝑅𝐻1] − 𝛽𝐻,𝑀𝐸[𝑅𝑀1] 

 

FIGURE 5.5. Relation between expected alpha and tournament behavior of the high- and low-

risk asset in the model with tournament behavior  

The figure shows the expected alpha of the high- and low-risk asset (αH1 and αL1) for different 

tournament behavior parameter values of agent A (ηA). Agent B does not get utility from tournament 

behavior, so 𝜂𝐵 = 0. Agent A and agent B have a risk-aversion parameter of 𝜃𝐴 =  𝜃𝐵 = 0.01. The 

volatility of the high-risk asset 𝜎𝐻 = 30 and the volatility of the low-risk asset 𝜎𝐿 = 20. Both assets 

have an expected payoff 𝜇 = 100 and the correlation between the assets is 𝜌 = 0.5.  

 

Figure 5.5 shows the expected alpha of the two assets as a function of tournament 

behavior. When there is no tournament behavior we observe that the expected alpha of the 

assets is zero; in other words, CAPM holds. When tournament behavior becomes more 

important, we observe that the low-risk asset gets a positive expected alpha, while the high-

risk asset gets a negative expected alpha. In summary, according to the model, tournament 

behavior causes higher (lower) returns on low-risk (high-risk) assets then when tournament 

                                                           
60 See Appendix 5.B for details. 

-0.8%

-0.6%

-0.4%

-0.2%

0.0%

0.2%

0.4%

0.6%

0.8%

0 0.2 0.4 0.6 0.8 1

E
x
p
e
c
te

d
 a

lp
h
a 

α

Tournament behavior parameter ηA

α_H1 α_L1



The low-risk anomaly and mutual fund tournaments 137 

 

behavior is absent. Moreover, the stronger the tournament behavior, the higher (lower) the 

return on low-risk (high-risk) assets are or, in other words, the stronger the anomaly.  

 

5.3.2.4. Hypotheses 

I continue by defining hypotheses which can be tested empirically. Even though the model 

illustrates the main mechanism using a parsimonious setup with two assets and agents, the 

general intuition will likely extend to multiple assets and agents. The reason is that when 

there are more than two assets with different volatilities, the preference for high-risk assets 

for an agent with tournament behavior remains. The higher demand for high-risk assets, will 

reduce the expected alpha of these assets in comparison to low-risk assets. Furthermore, in 

case multiple agents exhibit tournament behavior, the demand for high-risk assets will 

increase, which causes the expected alpha of these assets to decrease. This holds, even if the 

managers do not equally care about tournaments, yet some exhibit stronger tournament 

behavior than others.  

As tournament behavior causes managers of similar mutual funds to compete with 

each other, these competing managers choose assets within one particular asset category. 

For example, managers of US large-cap mutual funds are all searching for the best stocks 

out of the same universe of US large-cap stocks with the aim to win the tournament. If 

tournament behavior is a cause for the low-risk anomaly, I expect the low-risk premium to 

be present within asset classes, but not across asset classes. The majority of the studies 

related to the low-risk anomaly, focus on the premium within asset classes and there seems 

to be little evidence for the low-risk anomaly across asset classes. Moreover, the presence 

of a positive equity risk premium seems to imply that there is no low-risk effect across asset 

classes.    

Based on Figure 5.5, I expect that when there is no tournament behavior within an 

asset category, there is also no low-risk premium and the stronger the tournament behavior, 

the stronger the anomaly. As there are many asset categories, I examine the prediction of the 

theoretical model within multiple asset categories. The advantage of examining multiple 

asset categories concurrently is to increase the number of observations and consequently 

increase the robustness of the results. Therefore, I define the first testable hypothesis as: 

1) The low-risk effect in a particular asset category is stronger in a period following 

stronger tournament behavior. 

With this hypothesis I therefore examine the time-series relation between the low-risk 

premium and tournament behavior.  
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As the model can in fact predict multiple tournaments, I would expect that in those asset 

categories where managers exhibit stronger tournament behavior, the low-risk anomaly is 

stronger. I therefore define the second hypothesis: 

2) The low-risk effect is stronger in asset categories where tournament behavior is 

stronger. 

I refer to this hypothesis when investigating the low-risk premium and tournament behavior 

across asset categories.61 In the next sessions I investigate these questions empirically.  

 

5.4. Data low-risk premiums and tournament behavior 

 

In this section I describe the data used in the study and the measures employed to compute 

tournament behavior and the low-risk premiums.  

 

5.4.1. Tournament behavior 

 

To measure tournament behavior I make use of the Morningstar mutual fund database with 

monthly returns and market values in US Dollars from January 1990 to December 2013. The 

study covers 12 different asset categories, consisting of bond classes, regional equity classes 

and style sub-classes within US equities. To obtain global coverage, I combine the funds 

from the Morningstar US and EAA (Europe/Africa/Asia) database, which are two separate 

databases containing funds depending on where these are domiciled. The databases contain 

funds with multiple listings and almost identical returns. To prevent a fund to dominate the 

final result, I only use the listing with the longest return history in the final dataset. Table 

5.1 presents the total number of unique funds per asset category. In addition it presents the 

number of funds per category at the beginning and at the end of the sample period.  

We observe large numbers of funds per asset category, where US Investment Grade 

Bonds contains the lowest number of funds with 124 in total and Global Equities the highest 

number of funds with 4,148. Furthermore, we observe a large increase in number of funds 

for all asset categories. A remarkable category is Emerging Markets Equities which starts 

with only 9 funds in January 1990 and ends with 771 funds in December 2013. The number 

                                                           
61 We do not have to make assumptions of managers investing in only asset category. Theoretically, a 

manager (agent) can manage multiple funds and therefore invest in assets of multiple asset categories. 

In that case the manager can get utility from tournament behavior of more than one asset category. 

Alternatively, a multi-asset manager allocates assets across categories and therefore invests in multiple 

asset classes. In that case it is more common to allocate to index futures or specific funds then selecting 

individual securities within that asset class. That would imply that it is unlikely that such a manager 

participates in the tournaments within asset categories.   
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of funds in this asset category increases fast, with 100 emerging markets funds at the end of 

1994 (not reported in table).  

 

TABLE 5.1. Number of funds per asset category 

The table contains the total number of funds per asset category and the number of funds in January 

1990 and December 2013.  

 

  As a measure for tournament behavior, I use a test statistic in line with Brown et 

al. (1996) as commonly reported in academic literature. They investigate whether mid-year 

losers take substantially more risk than mid-year winners in the second half of the year. More 

specifically, each year I compute the tournament behavior in the different fund categories. 

To measure this behavior the funds within an asset category are ranked annually at the end 

of June based on their January to June returns and determine the 25 percent winner and loser 

funds. Accordingly, for each fund I measure the Risk Adjustment Ratio (RAR) of Brown et 

al. (1996) by computing the ratio of the standard deviation of the returns in the second half 

of the year to the standard deviation of the returns in the first half-year. I then compute the 

median RAR of the losers and divide by the median RAR of the winners. In case of 

tournament behavior we would expect this ratio to be larger than 1. 

 

Asset class

Total 1990-01 2013-12

US Value Equities 916 116 401

US Blend Equities 2,167 221 950

US Growth Equities 1,372 186 614

US Mid Cap Equities 1,124 118 496

US Small Cap Equities 1,294 83 606

Global Equities 4,148 202 2,298

European Equities 1,826 73 924

Japanese Equities 842 80 332

Emerging Markets Equities 1,208 9 771

US Government Bonds 648 175 184

US Investment Grade Bonds 124 10 102

US High Yield Bonds 476 62 240

Number of funds



140 Chapter 5 

T
A

B
L

E
 5

.2
. 
T

o
u

rn
a

m
en

t 
b

eh
a

v
io

r 
in

 b
u

ll
 a

n
d

 b
ea

r 
m

a
rk

et
s 

p
er

 a
ss

et
 c

a
te

g
o

ry
 

T
h

e 
ta

b
le

 c
o

n
ta

in
s 

th
e 

to
u

rn
am

en
t 

b
eh

av
io

r 
in

 b
u

ll
 a

n
d
 b

ea
r 

m
ar

k
et

s.
 E

ac
h

 y
ea

r 
at

 t
h

e 
en

d
 o

f 
Ju

n
e 

fu
n
d

s 
w

it
h
in

 a
n

 a
ss

et
 c

at
eg

o
ry

 a
re

 r
an

k
ed

 b
as

ed
 o

n
 t

h
ei

r 

Ja
n

u
ar

y
 t

o
 J

u
n

e 
re

tu
rn

s 
an

d
 t

h
e 

2
5

 p
er

ce
n

t 
w

in
n

er
 a

n
d
 l

o
se

r 
fu

n
d

s 
ar

e 
co

m
p

u
te

d
. 

T
h

e 
R

is
k

 A
d

ju
st

m
en

t 
R

at
io

 (
R

A
R

) 
is

 t
h

en
 c

o
m

p
u
te

d
 a

s 
th

e 
ra

ti
o
 o

f 
th

e 

st
an

d
ar

d
 d

ev
ia

ti
o

n
 o

f 
th

e 
re

tu
rn

s 
in

 t
h

e 
se

co
n
d
 h

al
f 

o
f 

th
e 

y
ea

r 
to

 t
h

e 
st

an
d

ar
d
 d

ev
ia

ti
o

n
 o

f 
th

e 
re

tu
rn

s 
in

 t
h

e 
fi

rs
t 

h
al

f-
y

ea
r.

 T
o
u

rn
am

en
t 

b
eh

av
io

r 
is

 t
h

en
 

co
m

p
u

te
d

 a
s 

th
e 

m
ed

ia
n

 R
A

R
 o

f 
th

e 
lo

se
rs

 d
iv

id
ed

 b
y

 t
h

e 
m

ed
ia

n
 R

A
R

 o
f 

th
e 

w
in

n
er

s.
 T

h
e 

ta
b

le
 s

h
o
w

s 
th

e 
av

er
ag

e 
to

u
rn

am
en

t 
b

eh
av

io
r 

sp
li

t 
in

 b
u

ll
 a

n
d
 

b
ea

r 
m

ar
k

et
s,

 w
h

en
 t

h
e 

m
ar

k
et

 r
et

u
rn

 i
s 

p
o

si
ti

v
e
 a

n
d

 n
eg

at
iv

e,
 r

es
p
ec

ti
v

el
y

, 
in

 t
h

e 
fi

rs
t 

h
al

f-
y

ea
r 

o
v

er
 t

h
e 

sa
m

p
le

 p
er

io
d

 J
an

u
ar

y
 1

9
9
0

 t
o

 D
ec

em
b

er
 2

0
1
3
. 

T
h

e 
la

st
 r

o
w

 c
o

n
ta

in
s 

th
e 

d
if

fe
re

n
ce

 i
n

 t
o
u

rn
am

en
t 

b
eh

av
io

r 
b

et
w

ee
n

 b
u

ll
 a

n
d

 b
ea

r 
m

ar
k

et
s.

 

 

 

A
ll

U
S

 V
al

u
e 

E
q
u
it

y

U
S

 B
le

n
d
 

E
q
u
it

y

U
S

 

G
ro

w
th

 

E
q
u
it

y

U
S

 M
id

 

C
ap

 

E
q
u
it

y

U
S

 S
m

al
l 

C
ap

 

E
q
u
it

y

G
lo

b
al

 

E
q
u
it

y

E
u
ro

p
ea

n
 

E
q
u
it

y

Ja
p
an

es
e 

E
q
u
it

y

E
m

er
g
in

g
 

M
ar

k
et

s 

E
q
u
it

y

U
S

 G
o
v
. 

B
o
n
d
s

U
S

 I
G

 

B
o
n
d
s

U
S

 H
Y

 

B
o
n
d
s

B
u

ll
1
.0

8
0
.9

9
0
.9

9
1
.0

2
1
.0

0
1
.0

3
1
.0

0
1
.0

9
1
.0

4
1
.1

0
1
.1

2
1
.4

1
1
.1

9

B
ea

r
0
.9

9
0
.9

4
0
.9

9
1
.0

1
0
.9

5
0
.9

9
0
.9

5
0
.9

6
0
.9

9
0
.9

6
0
.8

5
1
.3

4
1
.0

1

B
u

ll
-B

ea
r

0
.0

9
0
.0

5
0
.0

0
0
.0

1
0
.0

5
0
.0

4
0
.0

5
0
.1

3
0
.0

5
0
.1

4
0
.2

7
0
.0

8
0
.1

8



The low-risk anomaly and mutual fund tournaments 141 

 

The average tournament behavior for each asset category is presented in Table 5.2, 

split in bull and bear markets, when the market return is positive and negative, respectively, 

in the first half-year. We observe that tournament behavior is generally present, in line with 

Brown et al. (1996), as the average tournament behavior statistic (median RAR losers 

divided by median RAR winners) is larger than 1 (1.03). However, the results clearly show 

that tournament behavior is time-varying and not continuously present within each asset 

category. In line with Kempf et al. (2009), we observe that tournament behavior is stronger 

when the market return is positive in the first half-year than when the market return is 

negative. This result holds for all asset categories, visible from the bottom line in the table 

where the difference in tournament behavior between bull and bear markets is presented. It 

is therefore important to take the time dimension into account when analyzing the relation 

between tournament behavior and the low-risk anomaly. 

 

5.4.2. Low-risk premiums 

 

To link tournament behavior to the low-risk anomaly, historical low-risk premiums of the 

relevant asset categories are required. In spirit of Frazzini and Pedersen (2014), I construct 

leveraged low-minus-high risk portfolios based on the past year volatility of individual 

securities (top and bottom one-third) for each of the asset categories. For government bonds 

I use the returns of short minus long duration bonds (1-3 years versus 7-10 years).62 

Table 5.3 shows that the low-risk anomaly is present in almost all asset categories, 

consistent with Frazzini and Pedersen (2014). Only for US High Yield Bonds we observe a 

slightly negative low-risk period over the whole sample. We observe the largest low-risk 

premium for US Small Cap Equities with a Sharpe ratio of 1.05. Additionally, we see strong 

differences over the two sub-samples, as for example, Japanese and Emerging Markets 

Equities have negative low-risk premiums in the first sample period, while positive low-risk 

premiums in the second part of the sample period. 

   

                                                           
62 For government bonds we construct low-minus-high risk portfolios based on the maturity of bonds. 

For the other asset categories we use as a proxy for the low-risk anomaly the low-volatility effect. The 

low-risk effect refers to both low-beta and low-volatility. The returns of the low-beta and low-volatility 

effects are highly correlated. The difference is that correlations with the market are not taken into 

account for the low-volatility effect. The reason to use volatility instead of the beta as a measure are 

twofold: 1) An advantage of the low-volatility measure is that no (arbitrary) benchmark needs to be 

assumed and 2) there are studies that find the low-volatility effect to be stronger than the low-beta 

effect [e.g. Blitz and van Vliet (2007) and Cederburg and O’Doherty (2016)]. 
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Furthermore, we observe that the volatility of the low-risk premiums can differ significantly. 

Although in terms of Sharpe ratio, the low-risk premium of Global Equities and US 

Government Bonds are equal, the low-risk premium is almost six times higher for Global 

Equities obviously because the equity premium has also been higher than the bond premium. 

Finally, we observe a low correlation of 0.28 among the low-risk return series of different 

asset categories. Due to this finding it is unlikely that a global risk factor which is non-asset 

class specific, such as TED-spread and inflation, can fully explain the low-risk anomaly, as 

used by Frazzini and Pedersen (2014) and Cohen et al. (2005), respectively. 

 

5.5. The low-risk anomaly and tournament behavior 

 

In the following analyses, I empirically investigate the relation between tournament behavior 

and the low-risk premium. It starts with the first hypothesis where I investigate whether, for 

a particular asset category, the low-risk effect is stronger in a period following stronger 

tournament behavior. It follows in Sub-sections 5.5.2 and 5.5.3 where I empirically test the 

second hypothesis to determine whether the low-risk effect is stronger in asset categories 

where tournament behavior is stronger.  

  

5.5.1. The time-series relation  

 

To investigate whether for a particular asset class, the low-risk effect is stronger in a period 

following stronger tournament behavior, I start the empirical analyses with pooled OLS 

regressions on multiple asset categories. The advantage of examining multiple asset 

categories simultaneously is that it increases the number of observations and it allows to 

assess the robustness of the results. From Table 5.2 we saw that the volatility of the low-risk 

premiums differs significantly across asset categories. To prevent risky asset categories 

(such as US Small Cap Equites) to dominate the results and asset categories with a low-risk 

(such as US Government Bonds) to have little impact, I standardize the low-risk premiums 

of the asset categories based on their own sample histories. The pooled OLS regressions are 

specified as follows:  

 

(5.22) 𝑍𝑟𝑖,𝑡 = 𝑐𝑡 + 𝑏𝑡𝑍𝑅𝐴𝑅𝐿𝑜𝑠𝑊𝑖𝑛𝑖,𝑡−1 + 𝜀𝑖,𝑡. 

 

In this equation Zri,t is the low-risk premium of asset category i in year t where I standardize 

the low-risk premium by subtracting the asset category’s sample median annual low-risk 

premium and divide by the asset category’s sample median standard deviation. This ensures 
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comparability of the low-risk premium across asset categories. ZRARLosWini,t is the time-

series standardized tournament behavior in asset category i in year t, where tournament 

behavior is standardized by subtracting the average tournament behavior of that asset 

category and dividing by the asset category’s historical standard deviation of tournament 

behavior. This standardization again ensures a time-series comparison. Table 5.4 shows the 

regression coefficients and the associated t-statistics. In addition, I present the adjusted R-

squared values. I perform the regression on all data points in the complete sample and also 

split the sample in the two sub-periods 1990 to 2002 and 2003 to 2013 to investigate the 

robustness of the results.  

We observe a positive and significant relation between tournament behavior and 

the low-risk premium with a t-statistic of 2.93. When we consider the last two columns in 

the table, we observe that the relation is also positive and significant in both sub-periods. I 

therefore conclude that there is a positive relation between tournament behavior and the low-

risk premium over time.  

 

TABLE 5.4. Pooled OLS-regression results for the relation between low-risk premium and 

tournament behavior across time 

This table reports pooled OLS-regression results of low-risk premiums regressed on tournament 

behavior over the period January 1990 until December 2013 and over the two sub-periods 1990 to 

2002 and 2003 to 2013:  

(5.22) 𝑍𝑟𝑖,𝑡 = 𝑐𝑡 + 𝑏𝑡𝑍𝑅𝐴𝑅𝐿𝑜𝑠𝑊𝑖𝑛𝑖,𝑡−1 + 𝜀𝑖,𝑡. 

where Zri,t is the low-risk premium of asset category i in year t where I standardize the low-risk 

premium by subtracting the asset category’s sample median annual low-risk premium and divide by 

the sample median standard deviation. ZRARLosWini,t is the time-series standardized tournament 

behavior in asset category i in year t, where tournament behavior is standardized by subtracting the 

average tournament behavior of that asset category and dividing by the asset category’s historical 

standard deviation of tournament behavior. The table presents the average coefficient estimates of the 

different time periods together with their t-values (second row). In addition, the table shows the R-

squared values of the regressions.  

 

1990-2013 1990-2002 2003-2013

Constant -0.02 0.16 -0.22

-0.27 1.32 -2.09

ZRARLosWin 0.24 0.21 0.33

2.93 2.01 2.26

R2 3.0% 2.8% 3.8%
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5.5.2. Across asset categories 

 

In this subsection and the following I focus on the second hypothesis based on the theoretical 

model, namely a cross-sectional comparison of tournament behavior and the low-risk 

premiums. So far, the empirical analysis showed a positive relationship between tournament 

behavior and the low-risk premiums across time, in line with the first hypothesis. Is there 

also a positive relation between tournament behavior and the low-risk premium across asset 

categories? I therefore continue the empirical analyses with a sorting test. Based on their 

tournament behavior I sort the asset categories in groups and investigate their low-risk 

premiums. More specifically, each year the asset categories are sorted into terciles based on 

their tournament behavior in that year. For the three resulting groups each containing 4 asset 

categories, I compute the low-risk premium over the subsequent year. Because of the 

differences in volatility of the low-risk premiums across asset categories, I compute risk-

weighted low-risk premiums of each group, where the weights are proportional to the inverse 

of the sample standard deviation of the low-risk premiums of the asset categories. The results 

are presented in Figure 5.6.  

 

FIGURE 5.6. Cumulative low-risk returns of an investment strategy based on tournament 

behavior 

Cumulative log low-risk returns of top and bottom tercile portfolios of asset categories with the 

strongest and weakest tournament behavior, respectively. Each year over the period 1990 to 2013, the 

asset categories are sorted into terciles based on their tournament behavior in that year. Next, for the 

three resulting groups, the low-risk premium over the subsequent year is computed. The weights of the 

asset categories are proportional to the inverse of the historical standard deviation of the asset 

categories’ low-risk premiums. 
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We observe a positive relation between tournament behavior and the low-risk 

premium. The tercile group with the strongest tournament behavior performs significantly 

better than the group with the weakest tournament behavior. In 17 out of the 23 calendar 

years, the top terciles group (strong tournament behavior) outperforms the bottom portfolio 

(weak tournament behavior). The asset categories with the weakest tournament behavior 

earned a low-risk premium of around 0%; in other words, the low-risk premium is not 

present for the asset categories where tournament behavior is weakest.  

 

TABLE 5.5. Long-short investment strategy of the low-risk premium based on tournament 

behavior 

Panel A shows the results of an investment strategy where each year I take 100% long (short) positions 

in the low-volatility strategy of the one-third asset categories with the strongest (weakest) tournament 

behavior. Weights are inverse to the volatility of the low-risk premiums in that asset category. Sample 

period: 1990-2013. The timing benchmark is based on fixed weights per asset category, where I 

average the weights of each asset category in the long/short strategy over the whole sample period. 

Panel B shows the results of the investment strategy corrected for loadings to a set of market indices. 

Second row contains t-statistics. 

 

Strategy

Strategy -/- 

timing 

benchmark

Timing 

benchmark

Panel A. Return statistics investment strategy

Excess return 5.09% 5.18% -0.08%

Standard deviation 10.21% 10.34% 1.06%

Sharpe ratio 0.50 0.50 -0.08

t -statistic 2.39 2.40 -0.38

Panel B. Strategy return corrected for market factors

Constant 7.05%

2.23

Equities 0.01

0.05

GovBonds -0.70

-1.10

HYBonds 0.01

0.06

Adj. R2 9.1%
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Continuing the analyses further, I consider the low-risk premium statistics of the 

top-minus-bottom tercile portfolio of Figure 5.6. In other words, each year we take 100% 

long (short) positions in the low-volatility strategy of the one-third asset categories with the 

strongest (weakest) tournament behavior. Weights are inverse to the volatility of the low-

risk premiums in that asset category. Panel A of Table 5.5 presents the annualized excess 

low-risk premium of the strategy, together with the associated annual standard deviation, 

Sharpe ratio and t-statistic. We observe strong and significant returns of on average around 

5% per annum with a t-statistic of 2.39.  

Next, I investigate whether the positive relation between tournament behavior and 

the low-risk premiums are driven by the structural positions in particular asset categories 

that have done very well over this sample period. For that, I construct a so-called timing 

benchmark which is based on fixed weights per asset category, where I use the average 

weight of each asset category in the long/short strategy over the whole sample period. I then 

compute the return of this timing benchmark. Panel A of Table 5.5 shows that the timing 

benchmark (column 3) has performed poorly with an average return just below zero. This 

means that the results of the investment strategy compared to this timing benchmark remain 

very similar with 5.18% per annum. We can therefore conclude that the positive relation 

between tournament behavior and the low-risk premiums cannot be attributed due to 

structural positions in particular asset categories.  

Proceeding, I perform a multiple regression of the investment strategy returns on 

general market returns to investigate if the magnitude of the returns is affected by exposures 

to these market returns. For purposes thereof, I estimate the following regression equation:  

 

(5.23)  ttHYBondsHYBondstGovBondsGovBondstEquitiesEquitiestTMB RRRR   ,,,,  

 

where RTMB,t is the low-risk premium of the top-minus-bottom tercile portfolio, REquities,t is 

the return of global equities, proxied by the equally-weighted returns of the largest 2,800 

stocks each month of the S&P Developed Broad Market Index, RGovBonds,t is the return of US 

government bonds (1-10 years, Datastream) in excess of the repo rate and RHYBonds,t is the 

return of US High Yield Bonds (Barclays) in excess of US government bonds. An alpha 

statistically different from zero implies that the excess returns of the investment strategy 

cannot be explained by general market factors.  

 When we consider the coefficient estimates of the regression in Panel B of Table 

5.5, we observe a low-risk premium of the investment strategy, which is even somewhat 

higher after correcting for exposures to general market indices. Moreover, we observe no 
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significant exposures to the three market indices. So, the positive relation between 

tournament behavior and the low-risk premiums remains or even becomes somewhat 

stronger when corrected for loadings to general market returns or structural positions.  

 

5.5.3. Corrected for other effects 

 

To further investigate the impact of tournament behavior on the low-risk premiums as 

described with the second hypothesis, I next perform cross-sectional Fama and MacBeth 

(1973) regressions. The advantage of this method is that we can easily control for multiple 

other effects that might have impact on the relationship between tournament behavior and 

the low-risk premium. Therefore, I yearly regress the low-risk premiums on tournament 

behavior and other factors in the prior year that could potentially influence the results:  

 

(5.24) 𝑍𝑟𝑖,𝑡 = 𝑐𝑡 + 𝑏1𝑡𝑅𝐴𝑅𝐿𝑜𝑠𝑊𝑖𝑛𝑖,𝑡−1 + 𝑏2𝑡𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑉𝑎𝑟𝑖,𝑡−1 + 𝜀𝑖,𝑡. 

 

Zri,t is again the standardized low-risk premium of asset category i in year t. The variable 

RARLosWini,t is the tournament behavior in asset category i in year t and ControlVari,t is a 

control variable for asset category i in year t.  

I investigate four control variables. First, I control for the activeness of the market. 

The idea here is that the larger the mutual fund market of a particular asset category, the 

larger the low-risk premium. In case of strong tournament behavior in an asset category, but 

a relatively small mutual fund market, the impact on asset prices will likely be low. I use 

two proxies for the activeness of the market in year t: 1) NFunds, which is the number of 

mutual funds in a particular asset category and 2) PercMCap, which is the ratio of the total 

net market value of the mutual funds in an asset category divided by the total market value 

of that asset category.63 I proxy the latter by the total market cap of the individual securities 

in the universe of that asset category which I use to compute the low-risk premium. Second, 

I control for the relative market volatility over the past 12 months ZMarketVol, which I 

standardize by subtracting the sample mean of that asset category and divide it by its 

standard deviation. This makes volatility comparable across asset categories. The reason to 

include this variable is to investigate whether selecting relatively low-volatile asset 

categories could drive the higher low-risk premium. Last, I use the return-to-risk ratio of the 

                                                           
63 The market value data of mutual funds in the Morningstar database are often not continues series. 

In case of a missing observation I take the last available market value in case of less than a year missing 

market values. 
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market of the asset category each year, labelled MarketReturnRisk. The idea is to investigate 

whether asset categories that have performed well are also the asset categories with a high 

low-risk premium. Table 5.6 presents the average coefficient estimates of the different 

regression models together with the associated t-values which are corrected for 

heteroscedasticity and autocorrelation using Newey and West (1987). Additionally, the table 

presents the average adjusted R-squared values of the regressions. 

The resulting coefficient estimates of the base case regression in column (1) show 

a large and significant coefficient for tournament behavior. Columns (2) to (5) of Table 5.6 

show the coefficient estimates when we augment the base case regression model with each 

of the four control variables. If the positive relation between tournament behavior and the 

low-risk premiums can be attributed to control variables, we should observe that augmenting 

the cross-sectional regressions of the low-risk anomaly on tournament behavior with control 

variables should lead to a significant decrease of the estimated coefficient of tournament 

behavior. In addition we should observe that the coefficient estimates of the control variables 

become significant. However, in almost all cases we observe that the coefficient estimate 

for RARLosWin remains significant and nearly unchanged. Only when controlling for market 

volatility we observe a lower t-statistic for tournament behavior. Moreover, apart from 

market volatility, none of the coefficient estimates for the control variables turns out 

significantly different from zero. The reason that the two proxies for the activeness of the 

market do not show up significantly, could be because I use only large and relevant asset 

categories, which have a relatively large mutual fund market.  

The last row of the table shows the adjusted R-squared values. From the first 

column  we observe that tournament behavior explains 8.90% of the variability of the low-

risk premiums. We observe a moderate increase in explanatory power once control variables 

are added to the regression. When market volatility is added, the explanatory power 

increases to 12.20% (column 4). This means that still the majority of the variation is 

explained by tournament behavior. In case the return-to-risk ratio of the asset categories is 

added, we observe that the R-squared value increases to 17.80% (column 5), which is double 

that of the base case regression. This seems to suggest that the risk-return ratio of the 

categories can explain part of the variability of the low-risk premiums. However, the 

estimation coefficient shows that the relation between this control variable and tournament 

behavior is not statistically significant, while tournament behavior remains statistically 

significant.   
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TABLE 5.6. Fama-MacBeth regression results for the relation between low-risk premium and 

tournament behavior across asset categories  

This table reports Fama-MacBeth regression results of low-risk premiums regressed on tournament 

behavior while controlling for other effects over the period January 1990 until December 2013. Each 

year the following regression is performed:   

(5.24) 𝑍𝑟𝑖,𝑡 = 𝑐𝑡 + 𝑏1𝑡𝑅𝐴𝑅𝐿𝑜𝑠𝑊𝑖𝑛𝑖,𝑡−1 + 𝑏2𝑡𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑉𝑎𝑟𝑖,𝑡−1 + 𝜀𝑖,𝑡,  

where Zri,t is the low-risk premium of asset category i in year t where I standardize the low-risk 

premium by subtracting the asset category’s sample median annual low-risk premium and divide by 

the sample median standard deviation. The variable RARLosWini,t is the tournament behavior in asset 

category i in year t. The base case regression in Equation 5.24 is augmented with four control variables 

ControlVari,t for asset category i in year t. The four control variables: NFunds is the number of mutual 

funds in a particular asset category; PercMCap is the ratio of the total net market value of the mutual 

funds in an asset category divided by the total market value of that asset category; ZMarketVol  is the 

relative market volatility over the past 12 months standardized by subtracting the sample mean of that 

asset category and divide by the standard deviation; MarketReturnRisk is the return-to-risk ratio of the 

market of the asset category each year. The table presents the average coefficient estimates of the 

different regression models together with their t-values (second row) computed using Newey-West 

(1987) standard errors. In addition, the table shows the average adjusted R-squared values of the 

regressions.  

 

  All in all, the outcomes of the Fama-MacBeth regressions are consistent with the 

results based on the sorting test of the previous sub-section. It appears that the finding that 

the low-risk premium is positive related to tournament behavior is robust to the method that 

is used to investigate the relation between the two variables. Moreover, the relation is not 

affected by the activeness of the market, market volatility and risk-return ratio of the market. 

(1) (2) (3) (3) (5)

Constant -1.21 -1.26 -1.29 -1.09 -0.90

-2.12 -1.78 -2.11 -1.64 -1.86

RARLosWin 1.23 1.26 1.28 1.14 0.92

2.49 2.01 2.31 1.83 2.16

Nfunds 0.00

0.25

PercMcap 0.08

0.95

ZMarketVol -0.38

-3.23

MarketReturnRisk 0.06

0.66

Adj. R2 8.90% 11.90% 9.10% 12.20% 17.80%
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I therefore conclude that there is also a positive relation between tournament behavior and 

the low-risk premium over the cross-section. 

 

5.6. Extensions and further discussions 

 

The theoretical model I present in this study together with the empirical analyses show that 

tournament behavior can go a long way towards explaining the low-risk anomaly. In this 

section I discuss several possibilities to extend the general equilibrium model.  

 

5.6.1. Tournament behavior and the type of market 

 

Although a vast amount of literature demonstrates the existence of tournament behavior 

across mutual funds, Kempf et al. (2009) argue that it is dependent on the market return in 

the first half-year. More specifically, they show that tournament behavior exists when the 

first half-year is a bull market and not when it is a bear market. They relate this to the relative 

importance of compensation and employment incentives. The authors argue that 

employment risk is more important than compensation incentives after bear markets. The 

study shows that fund managers with a poor midyear performance tend to decrease risk 

relative to leading managers after bear markets to prevent potential job loss (weak 

tournament behavior). Contrary, employment risk is low after bull markets and 

compensation incentives become more relevant. Accordingly, they find that fund managers 

with a poor midyear performance increase risk to catch up with the midyear winners after 

bear markets (strong tournament behavior). As mutual fund investors chase returns over 

time, these compensation incentives become stronger after bull markets. This would imply 

strong tournament behavior and higher low-risk premiums after bull markets, while weaker 

tournament behavior and lower low-risk premiums after bear markets. 

 If we return to the theoretical model of Section 5.3 then Equation 5.14 presents the 

utility function extended with tournament behavior, where 𝜂 is the parameter that indicates 

the sensitivity towards tournament behavior: 

 

(5.14) max
𝑞𝐴𝐻,𝑞𝐴𝐿

𝐸[−exp(−𝜃𝐴(𝑊𝐴1 − 𝑊𝐴0)) + 𝜂𝐴(𝑅𝐴 − 𝑅𝐵)]. 

 

An extension of the model would be to let the parameter 𝜂 depend on the type of market, 

based on the findings of Kempf et al. So, giving it a higher value after bull markets, 

indicating an increased sensitivity to tournament behavior after bull markets. The difficulty 
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for agents is to forecast whether the coming period will be a bear or a bull market and to 

adjust their behavior accordingly.  

 Table 5.1 already showed that in line with Kempf et al., tournament behavior is 

stronger when the market return is positive in the first half-year than when the market return 

is negative. We could next investigate whether this is also associated more often with a 

positive low-risk premium. For that I construct so-called 2x2 contingency tables of 

tournament behavior and the low-risk premium based on all 276 observations (12 asset 

categories times 23 calendar years). I divide the observations in high and low tournament 

behavior (RARLosWin) where I use the median RARLosWin of the sample as a cut-off point. 

Furthermore, I also split the observations in a high or low low-risk premium segment 

depending on whether the standardized low-risk premium is larger or smaller than the 

median value (which is zero), respectively. Moreover, I perform the same analysis, but then 

based on the observations for which there was a bull market (positive market return) or bear 

market (negative market return) in the first half-year. The null hypothesis in these tests is 

that the percentage of observations falling into each of the four cells is equal to the expected 

values, which implies that the tournament behavior and the low-risk premium are 

independent. The alternative hypothesis, in case tournament behavior is positively related to 

the low-risk premium, is that the ‘high tournament behavior/high low-risk premium’ and 

‘low tournament behavior/low low-risk premium’ would have larger frequencies than the 

other two outcomes. I test the significance of the frequencies with a chi-square test. The 

percentage of the observations of each segment are presented in Table 5.7, together with the 
2  test statistics and the associated p-values.  

 

TABLE 5.7. Contingency tables of tournament behavior and the low-risk premiums 

The contingency table reports the percentage of sample observations when these are split in high and 

low tournament behavior (RARLosWin) based on the median RARLosWin of the sample as cut-off point 

and in a high or low low-risk premium segment depending on whether the standardized low-risk 

premium is larger or smaller than the median value, respectively. The table shows the outcome on all 

sample observations and in addition on the observations for which there was a bull market (positive 

market return) or bear market (negative market return) in the first half-year. The table presents the total 

number of observations and the chi-squared test-statistic with its associated p-value.   

 

Observations High premium Low premium High premium Low premium X
2

p -value

All 276 30.07% 19.93% 22.10% 27.90% 7.03 0.008

Bull 197 32.49% 20.81% 22.34% 24.37% 3.41 0.065

Bear 79 24.05% 18.00% 22.00% 37.00% 3.29 0.070

High RARLosWin Low RARLosWin
2
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In case of no relation between tournament behavior and the low-risk anomaly, we 

would expect 26.1% of the observations in each of the ‘high low-risk premium’ segments 

and 23.9% in each of the ‘low low-risk premium’ segments and no significant deviations 

from these numbers. 64  However, we observe most observations and much more than 

expected in the entire sample fall in the ‘high tournament behavior/high low-risk premium’ 

and ‘low tournament behavior/low low-risk premium’ segments. More specifically, we 

observe 58.0% of the observations in these two segments versus 42.0% in the ‘high 

tournament behavior/low low-risk premium’ and ‘low tournament behavior/high low-risk 

premium’ segments. This finding is in line with earlier results where I show a positive 

relation between tournament behavior and the low-risk premium. The chi-squared test 

statistic and associated p-value show that these values are statistically significantly different 

from their expected values.  

Interestingly, during bull markets we observe most observations in the ‘high 

tournament behavior/high low-risk premium’ segment and during bear markets in the ‘low 

tournament behavior/low low-risk premium’ segment. These findings are in line with the 

hypothesis that mutual fund manager’s incentives to perform well are strongest during bull 

markets.  

 

5.6.2. Investment horizon 

 

Up to now, I have empirically investigated the link between tournament behavior in year t-

1 and low-risk premiums in year t. This is in line with the general equilibrium model from 

Section 5.3 where tournament behavior at time t-1 is linked to the returns of the asset from 

time t-1 to time t. However, tournament behavior cannot be measured at one particular 

moment in time. I measure it over a calendar year in line with Brown et al. (1996). 

Accordingly, I measure the return over the next year. Intuitively, this is a logical choice, as 

the tournaments also follow an annual frequency. However, the choice for the length of the 

period to measure the low-risk premium can be made dependent on the investment horizon 

of the investor, which is not known beforehand. I therefore investigate in this sub-section 

the relationship between tournament behavior and the low-risk premium, where the low-risk 

premium is measured over a 2- and 3-years horizon as well. I expect the relation to be weaker 

                                                           
64  I compute these expected values based on the number of observations of the four groups 

independently. E.g. 138 of the 276 observations are defined as high RARLosWin and 144 of the 176 

observations are defined as high low-risk premium. Then, in case of independence, we would expect 

138/276*144=26.1% of the observations in the ‘high tournament behavior/high low-risk premium’ 

segment. 
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when the low-risk premium is measured over a longer time period, as new tournaments have 

already started.  

  

TABLE 5.8. Relation between low-risk premium and tournament behavior across asset 

categories with different investment horizons  

Panel A reports pooled OLS-regression results of low-risk premiums regressed on tournament 

behavior:  

(5.22) 𝑍𝑟𝑖,𝑡 = 𝑐𝑡 + 𝑏𝑡𝑍𝑅𝐴𝑅𝐿𝑜𝑠𝑊𝑖𝑛𝑖,𝑡−1 + 𝜀𝑖,𝑡. 

where Zri,t is the low-risk premium of asset category i in year t, year t to t+1 and year t to t+2, where 

the low-risk premium is standardized by subtracting the asset category’s sample median and divide by 

the sample median standard deviation. ZRARLosWini,t is the time-series standardized tournament 

behavior in asset category i in year t, where tournament behavior is standardized by subtracting the 

average tournament behavior of that asset category and dividing by the asset category’s historical 

standard deviation of tournament behavior.  

Panel B reports Fama-MacBeth regression results of low-risk premiums regressed on tournament 

behavior. Each year the following regression is performed:   

(5.24) 𝑍𝑟𝑖,𝑡 = 𝑐𝑡 + 𝑏1𝑡𝑅𝐴𝑅𝐿𝑜𝑠𝑊𝑖𝑛𝑖,𝑡−1 + 𝜀𝑖,𝑡,  

where Zri,t is the low-risk premium of asset category i in year t, year t to t+1 and year t to t+2. The 

variable RARLosWini,t is the tournament behavior in asset category i in year t. The table presents the 

coefficient estimates together with their t-values (second row) over the sample period January 1990 

until December 2013. In addition, the table shows the R-squared values of the regressions.  

 

For that purpose, I repeat the analyses from Table 5.4 and Table 5.6 for the base 

case test. Table 5.4 showed the results of the time-series relation between the low-risk 

premium and tournament behavior based on pooled OLS regressions. I now perform the 

Investment horizon 1 year 2 years 3 years

Panel A. Time-series

Constant -0.02 -0.05 0.04

-0.27 -0.60 0.42

ZRARLosWin 0.24 0.19 0.01

2.93 2.45 0.08

R2 3.00% 2.24% 0.00%

Panel B. Cross-sectional

Constant -1.21 -0.73 -1.02

-2.12 -1.31 -0.77

RARLosWin 1.23 0.74 1.15

2.49 1.68 1.00

Adj. R2 8.90% 8.87% 16.27%
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same analysis, where I compute the low-risk premium on a 2-years and 3-years horizon as 

well, besides the 1-year horizon. Results are presented in Panel A of Table 5.8.  

From the table we observe still a positive and significant relationship between 

tournament behavior and the low-risk anomaly when the low-risk premiums are measured 

on a 2-years horizon. However, the coefficient and associated t-statistic are somewhat lower, 

in line with expectations. On a 3-years horizon, the relation is weak and insignificant.  

I next present the results of cross-sectional analyses to the relation between 

tournament behavior and the low-risk premium, as shown in Table 5.6. Again I compute the 

low-risk premium on a 2-years and 3-years horizon as well. Results are presented in Panel 

B of Table 5.8. We observe a similar effect as in Panel A. The results become weaker and 

insignificant when I increase the length of the period to compute the low-risk premium. The 

results imply that tournaments have most impact on the prices of low- and high-risk asset in 

the year following the tournaments. This could be caused by new tournaments that have 

started where the ‘newest’ high-risk stocks are being selected and for which the demand is 

higher than the ‘older’ high-risk stocks.  

 

5.6.3. Other extensions 

 

There are several other interesting research areas to extend the presented theoretical model, 

which are beyond the scope of this study. One is to extend the model to a two-period, and 

therefore multi-period, model. The advantage is that the high-risk asset will not always be 

the same asset, but that this can change through time, which makes the model more general. 

My expectation is that the outcome of the model will remain the same. In other words, 

tournament behavior will decrease the expected return of the high-risk asset. However, this 

needs to investigated further in follow-up research.  

 Another extension is to increase the number of agents in the model. The advantage 

of more agents is that there is less impact of a single agent on the market price. In case of 

two agents, if one agent wants to buy asset A and sell asset B, the other agent will only buy 

asset B in case the price is low enough. With more agents, the effect on prices are expected 

to be lower. In a model with more than two agents, it would be interesting to analyze the 

shape of the security market line again, as presented in Figure 5.3. This could potentially 

lead not only to a flatter, but also to an inverse shape of the security market line.  

 A different angle to the model would be to extend it with a risk-free asset. If 

leverage is unrestricted and cheap, taking more leverage is also a way to increase risk. This 

could mean that shorting the risk-free rate and buying the low-risk asset might also become 

an attractive alternative to increase the risk-profile of the portfolio in case of tournament 
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behavior. In that case we would expect a somewhat lower impact of tournament behavior on 

the prices of low-risk assets. I would also expect a less strong relation between tournament 

behavior and the low-risk premiums in case an agent would short the high-risk asset. In the 

current model that is already possible. However, it could be that the limitation to two assets, 

limits the possibilities for the agents to do so, as the price of the high-risk asset must be so 

attractive for the other agent to buy it. However, if leverage is restricted and/or costly, high-

risk securities become more attractive and fund managers are prepared to pay a premium 

which decreases the return on these high-risk securities. In the real world there are however 

restrictions on leverage. For many mutual funds leverage is not allowed.65 If leverage is 

limited and all fund managers would use the allowed amount of leverage, then again the way 

to take more risk, is to buy high-risk assets. Moreover, leveraging is not for free, which also 

pushes fund managers in the direction of buying high-risk asset instead of taking more 

leverage (in case that is allowed).  

 

5.7. Concluding remarks 

 

Due to the large shift of assets from individual investors to fund managers over the past 

decades, the impact of these managers’ behavior on asset prices has grown. A large stream 

of literature has been developed on an important behavior characteristic of these 

intermediaries, namely tournament behavior. In this study I show that this behavior is an 

important driver in explaining one of the most important asset pricing anomalies: the low-

risk premium. The academic literature is inconclusive on why this anomaly exists, as not 

many studies examined the cause of this anomaly. This study contributes to the literature in 

many aspects.  

 First, the general equilibrium model I developed shows that tournament behavior 

causes the securities market line to be flatter than expected according to the CAPM. Second, 

the empirical analyses across different asset categories confirm this positive relationship 

between tournament behavior and the low-risk returns. The results indicate that not only the 

low-risk effect is more prominent in a period following stronger tournament behavior, but 

also that the anomaly is larger in asset categories where more tournament behavior is 

observed. Irrespective of whether I use panel OLS-regressions, a sorting approach, Fama 

and MacBeth (1973) analyses or contingency tables, I find that the low-risk premium can be 

attributed to tournament behavior.   

                                                           
65 For example, European UCITS funds are not allowed to take physical short positions in individual 

stocks and can only take limited short positions in futures. Source www.esma.europa.eu.  
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 The finding of a positive relationship between tournament behavior and the low-

risk premiums helps to explain the low-risk anomaly across a wide range of asset classes. I 

acknowledge that other explanations could strengthen this effect. For example, leverage and 

shorting restrictions could intensify the positive relation between tournament behavior and 

the low-risk premium, which would be an interesting direction for follow-up research.   
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5.A. Solving the model with tournament behavior  

 

In this appendix I solve the maximization problem with tournament behavior for agent A: 

 

(5.15) max
𝑞𝐴𝐻,𝑞𝐴𝐿

𝐸[− exp(−𝜃𝐴{𝑞𝐴𝐻(𝐷𝐻1 − 𝑃𝐻0) + 𝑞𝐴𝐿(𝐷𝐿1 − 𝑃𝐿0)}) + 𝜂𝐴(𝑤𝐴𝐻𝑅𝐻1 +

𝑤𝐴𝐿𝑅𝐿1 − 𝑤𝐵𝐻𝑅𝐻1 − 𝑤𝐵𝐿𝑅𝐿1)], 

 

We can further write Equation 5.15 as: 

 

(5.25) max
𝑞𝐴𝐻,𝑞𝐴𝐿

𝐸[− exp(−𝜃𝐴{𝑞𝐴𝐻(𝐷𝐻1 − 𝑃𝐻0) + 𝑞𝐴𝐿(𝐷𝐿1 − 𝑃𝐿0)}) + 𝜂𝐴(𝑤𝐴𝐻𝑅𝐻1 +

𝑤𝐴𝐿𝑅𝐿1 − 𝑤𝐵𝐻𝑅𝐻1 − 𝑤𝐵𝐿𝑅𝐿1)] 

   = max
𝑞𝐴𝐻,𝑞𝐴𝐿

𝐸 [− exp(−𝜃𝐴{𝑞𝐴𝐻(𝐷𝐻1 − 𝑃𝐻0) + 𝑞𝐴𝐿(𝐷𝐿1 − 𝑃𝐿0)}) +

𝜂𝐴 (
𝑞𝐴𝐻𝑃𝐻0

𝑞𝐴𝐻𝑃𝐻0+𝑞𝐴𝐿𝑃𝐿0
(

𝐷𝐻1

𝑃𝐻0
− 1) +

𝑞𝐴𝐿𝑃𝐿0

𝑞𝐴𝐻𝑃𝐻0+𝑞𝐴𝐿𝑃𝐿0
(

𝐷𝐿1

𝑃𝐿0
− 1) −

𝑞𝐵𝐻𝑃𝐻0

𝑞𝐵𝐻𝑃𝐻0+𝑞𝐵𝐿𝑃𝐿0
(

𝐷𝐻1

𝑃𝐻0
− 1) −

𝑞𝐵𝐿𝑃𝐿0

𝑞𝐵𝐻𝑃𝐻0+𝑞𝐵𝐿𝑃𝐿0
(

𝐷𝐿1

𝑃𝐿0
− 1))] 

   = max
𝑞𝐴𝐻,𝑞𝐴𝐿

𝐹 +
𝜂𝐴(𝜇−𝑃𝐻0)𝑞𝐴𝐻+𝜂𝐴(𝜇−𝑃𝐿0)𝑞𝐴𝐿

𝑞𝐴𝐻𝑃𝐻0+𝑞𝐴𝐿𝑃𝐿0
−

𝜂𝐴(𝜇−𝑃𝐻0)𝑞𝐵𝐻−𝜂𝐴(𝜇−𝑃𝐿0)𝑞𝐵𝐿

𝑞𝐵𝐻𝑃𝐻0+𝑞𝐵𝐿𝑃𝐿0
 

 

where 𝐹 = −exp(−𝜃𝐴{𝑞𝐴𝐻 + 𝑞𝐴𝐿}𝜇 + 𝜃𝐴𝑞𝐴𝐻𝑃𝐻0 + 𝜃𝐴𝑞𝐴𝐿𝑃𝐿0 +
1

2
𝜃𝐴

2{𝑞𝐴𝐻
2 𝜎𝐻

2 + 𝑞𝐴𝐿
2 𝜎𝐿

2 +

2𝜌𝑞𝐴𝐻𝑞𝐴𝐿𝜎𝐻𝜎𝐿}) from Equation 5.6. 

 

Then the first order condition of agent A for asset H is given by: 

 

(5.26)  𝐹 ∗ 𝐺 +
𝜂𝐴(𝜇−𝑃𝐻0)(𝑞𝐴𝐻𝑃𝐻0+𝑞𝐴𝐿𝑃𝐿0)−𝑃𝐻0𝜂𝐴(𝜇−𝑃𝐻0)𝑞𝐴𝐻−𝑃𝐻0𝜂𝐴(𝜇−𝑃𝐿0)𝑞𝐴𝐿

(𝑞𝐴𝐻𝑃𝐻0+𝑞𝐴𝐿𝑃𝐿0)2 = 0 

 

where 𝐺 = −𝜃𝐴𝜇 + 𝜃𝐴𝑃𝐻0 + 𝜃𝐴
2𝑞𝐴𝐻𝜎𝐻

2 + 𝜃𝐴
2𝜌𝑞𝐴𝐿𝜎𝐻𝜎𝐿. Solving Equation 5.26 leads to: 

 

(5.27)  𝐹 ∗ 𝐺 +
𝜂𝐴(𝜇−𝑃𝐻0)𝑞𝐴𝐿𝑃𝐿0−𝜂𝐴(𝜇−𝑃𝐿0)𝑞𝐴𝐿𝑃𝐻0

𝑞𝐴𝐻
2 𝑃𝐻0

2 +2𝑞𝐴𝐻𝑃𝐻0𝑞𝐴𝐿𝑃𝐿0+𝑞𝐴𝐿
2 𝑃𝐿0

2 = 0 

 

The full equation is then: 
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(5.16) 

−exp (−𝜃𝐴{𝑞𝐴𝐻 + 𝑞𝐴𝐿}𝜇 + 𝜃𝐴𝑞𝐴𝐻𝑃𝐻0 + 𝜃𝐴𝑞𝐴𝐿𝑃𝐿0

+
1

2
𝜃𝐴

2{𝑞𝐴𝐻
2 𝜎𝐻

2 + 𝑞𝐴𝐿
2 𝜎𝐿

2 + 2𝜌𝑞𝐴𝐻𝑞𝐴𝐿𝜎𝐻𝜎𝐿}) ∗ (−𝜃𝐴𝜇 + 𝜃𝐴𝑃𝐻0 + 𝜃𝐴
2𝑞𝐴𝐻𝜎𝐻

2

+ 𝜃𝐴
2𝜌𝑞𝐴𝐿𝜎𝐻𝜎𝐿)

+
𝜂𝐴(𝜇 − 𝑃𝐻0)(𝑞𝐴𝐻𝑃𝐻0 + 𝑞𝐴𝐿𝑃𝐿0)−𝑃𝐻0𝜂𝐴(𝜇 − 𝑃𝐻0)𝑞𝐴𝐻−𝑃𝐻0𝜂𝐴(𝜇 − 𝑃𝐿0)𝑞𝐴𝐿

(𝑞𝐴𝐻𝑃𝐻0 + 𝑞𝐴𝐿𝑃𝐿0)2

= 0 
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5.B. CAPM-beta 

 

The CAPM-beta is defined as:  

 

(5.20) 𝛽𝐻,𝑀 =
𝑐𝑜𝑣(𝑅𝐻1,𝑅𝑀1)

𝑣𝑎𝑟(𝑅𝑀1)
, where 

 

(5.28) 

𝑐𝑜𝑣(𝑅𝐻1, 𝑅𝑀1) = 𝑐𝑜𝑣(𝑅𝐻1, 𝑤𝐿𝑅𝐿1 + 𝑤𝐻𝑅𝐻1) = 𝑤𝐿𝑐𝑜𝑣(𝑅𝐻1, 𝑅𝐿1) + 𝑤𝐻𝑣𝑎𝑟(𝑅𝐻1)

=  𝑤𝐿𝑐𝑜𝑣 (
𝐷𝐻1

𝑃𝐻0

,
𝐷𝐿1

𝑃𝐿0

) + 𝑤𝐻𝑣𝑎𝑟 (
𝐷𝐻1

𝑃𝐻0

)

= 𝑤𝐿

1

𝑃𝐻0𝑃𝐿0

𝑐𝑜𝑣(𝐷𝐻1, 𝐷𝐿1) + 𝑤𝐻

𝜎𝐻
2

𝑃𝐻0
2 = 𝑤𝐿

𝜌𝜎𝐻𝜎𝐿

𝑃𝐻0𝑃𝐿0

+ 𝑤𝐻

𝜎𝐻
2

𝑃𝐻0
2  

 

and  

(5.29) 

𝑣𝑎𝑟(𝑅𝑀1) = 𝑣𝑎𝑟(𝑤𝐻𝑅𝐻1 + 𝑤𝐿𝑅𝐿1)

= 𝑤𝐻
2 𝑣𝑎𝑟(𝑅𝐻1) + 𝑤𝐿

2𝑣𝑎𝑟(𝑅𝐿1) + 2𝑤𝐿𝑤𝐻𝑐𝑜𝑣(𝑅𝐻1, 𝑅𝐿1)

=  𝑤𝐻
2

𝜎𝐻
2

𝑃𝐻0
2 + 𝑤𝐿

2
𝜎𝐿

2

𝑃𝐿0
2 + 2𝑤𝐿𝑤𝐻

𝜌𝜎𝐻𝜎𝐿

𝑃𝐻0𝑃𝐿0

 

 

If we fill in Equations 5.28 and 5.29 in Equation 5.20, we get: 

 

(5.30)  𝛽𝐻,𝑀 =
𝑐𝑜𝑣(𝑅𝐻1,𝑅𝑀1)

𝑣𝑎𝑟(𝑅𝑀1)
=

𝑤𝐿
𝜌𝜎𝐻𝜎𝐿

𝑃𝐻0𝑃𝐿0
+𝑤𝐻

𝜎𝐻
2

𝑃𝐻
2

𝑤𝐻
2 𝜎𝐻

2

𝑃𝐻0
2 +𝑤𝐿

2 𝜎𝐿
2

𝑃𝐿0
2 +2𝑤𝐿𝑤𝐻

𝜌𝜎𝐻𝜎𝐿
𝑃𝐻0𝑃𝐿0
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Summary 

 

This dissertation discusses possible explanations of anomalies in financial markets: 

empirical patterns in asset returns that cannot be explained by standard asset pricing models. 

Examples of well-known anomalies are value, momentum, size, low-risk and short-term 

reversal. Currently, there is no consensus in the academic literature on the underlying causes 

of these anomalies. The explanations that have been given in different studies can be grouped 

into four categories: 1) the anomaly is a result of data mining; 2) the anomaly disappears 

when trading costs are taken into account; 3) the return premium associated with the anomaly 

is a compensation for a particular form of risk or 4) the anomaly has a behavioral 

explanation, meaning that behavior of market participants systematically influences asset 

prices and thereby causes market inefficiencies. The motivation of this thesis is to gain more 

and better insight into possible explanations for well-known asset pricing anomalies. Each 

of the chapters of this thesis focuses on one of the four categories of explanations for asset 

pricing anomalies.  

In the second chapter we analyze whether well-known asset pricing anomalies, such 

as value and momentum effects, are also present in the new emerging equity markets, the 

so-called frontier emerging markets. The focus in this chapter is on the data mining 

explanation, as we investigate whether asset pricing anomalies that have been documented 

in developed countries also exist in these markets, where they have not been analyzed before. 

We document the presence of economically and statistically significant value and 

momentum effects, and a local size effect and can therefore conclude that data mining as an 

explanation for these effects is unlikely. Our results indicate that the value and momentum 

effects still exist when incorporating conservative assumptions of transaction costs. 

Additionally, we show that value, momentum, and local size returns in frontier markets 

cannot be explained by global risk factors. 

The third chapter focuses on trading costs as a possible explanation for the short-

term reversal anomaly. Although trading costs are relevant for every asset pricing anomaly 

when it is being exploited by investors, the short-term reversal effect is the most interesting 

anomaly on which to analyze the effect. Gross returns are very high for this strategy, but so 

are turnover and therefore trading costs. The trade-off between gross returns and trading 

costs for this strategy is therefore extremely delicate. Several studies report that the return 

premium associated with short-term reversal investment strategies diminishes once trading 

costs are taken into account. We show that the impact of trading costs on the strategies’ 

profitability can largely be attributed to excessive trading in small-cap stocks. Limiting the 

stock universe to large-cap stocks significantly reduces trading costs. Applying a more 
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sophisticated portfolio construction algorithm to lower turnover reduces trading costs even 

further. Our finding that reversal strategies generate 30–50 basis points per week net of 

trading costs poses a serious challenge to standard rational asset pricing models.  

 In the fourth chapter we examine risk as an explanation for the value and size 

effects. We revisit the question whether the Fama-French factors are a manifestation of 

distress risk premiums. To this end, we develop new tests specifically aimed at dissecting 

the Fama-French factor returns from a distress risk premium. While we find that value and 

small-cap exposures are typically associated with distress risk, our results also indicate that 

distress risk is not priced and that the small-cap and value premiums are priced beyond 

distress risk. Moreover, the distress risk exposures of common small-cap and value factors 

do not have explanatory power in asset pricing tests. Our results have important implications 

for investors engaging in small-cap and value strategies, as by avoiding distress risk, they 

can capture the value and small-cap premiums with much lower risk. 

 In the fifth and final chapter we examine a behavioral explanation for the low-risk 

anomaly. We investigate the relation between tournament behavior of mutual fund managers 

and the low-risk anomaly. Based on a general equilibrium model we show that tournament 

behavior causes the returns of low-risk (high-risk) assets to be larger (smaller) than expected 

according to the Capital Asset Pricing Model. Using mutual fund data and pricing data of 

individual assets from twelve different asset categories, we find a positive and significant 

relation between tournament behavior and the low-risk premium. The results indicate that 

the low-risk effect is not only more prominent in a period following stronger tournament 

behavior, but this anomaly is also larger in asset categories where more tournament behavior 

is observed. As there is no reason to assume that tournament behavior among mutual fund 

managers is likely to disappear anytime soon, investors can be more confident to capture the 

low-risk premium going forward. 



 

Samenvatting (summary in Dutch) 

 

Dit proefschrift bespreekt mogelijke verklaringen voor anomalieën in de financiële markten: 

empirische patronen in rendementen van beleggingsobjecten die niet verklaard kunnen 

worden door standaard beleggingsmodellen. Voorbeelden van bekende anomalieën zijn 

waarde, momentum, size, laag-risico en kortetermijn-reversal. Momenteel is er geen 

consensus in de academische literatuur over de onderliggende oorzaken van deze 

anomalieën. De verklaringen die gegeven zijn in verschillende studies kunnen gegroepeerd 

worden in vier categorieën: 1) de anomalie is het resultaat van data mining; 2) de anomalie 

verdwijnt wanneer transactiekosten worden meegenomen; 3) de rendementspremie van de 

anomalie is een compensatie voor een bepaalde vorm van risico of 4) de anomalie heeft een 

gedragsverklaring, wat betekent dat het gedrag van marktdeelnemers de prijzen van 

beleggingsobjecten systematisch beïnvloedt en daardoor marktinefficiënties veroorzaakt. De 

motivatie voor dit proefschrift is om meer en beter inzicht te krijgen in de verschillende 

mogelijke verklaringen voor bekende anomalieën. Elke van de hoofdstukken richt zich op 

één van de vier categorieën van verklaringen voor deze anomalieën. 

In het tweede hoofdstuk analyseren we of bekende anomalieën, zoals waarde- en 

momentumeffecten ook aanwezig zijn in de nieuwe opkomende markten, de zogenaamde 

frontier-markten. Dit hoofdstuk richt zich op de data mining-verklaring, aangezien we 

onderzoeken of bekende anomalieën die zijn gedocumenteerd in ontwikkelde markten, ook 

in deze markten bestaan, waar ze nog niet eerder zijn onderzocht. We documenteren de 

aanwezigheid van economisch en statistisch significante waarde- en momentumeffecten, en 

een lokaal size-effect en concluderen daarom dat data mining een onwaarschijnlijke 

verklaring is voor deze effecten. Onze resultaten wijzen erop dat de waarde- en 

momentumeffecten nog steeds bestaan wanneer we conservatieve aannames gebruiken of 

transactiekosten meenemen. Bovendien laten we zien dat waarde-, momentum- en lokale 

size-rendementen in frontier-markten niet kunnen worden verklaard door wereldwijde 

risicofactoren. 

In het derde hoofdstuk staan transactiekosten als een mogelijke verklaring voor de 

kortetermijn-reversal-anomalie centraal. Al zijn transactiekosten relevant voor elke 

financiële anomalie wanneer beleggers deze willen exploiteren, het kortetermijn-reversal-

effect is de meest interessante anomalie om dit effect te analyseren. Brutorendementen zijn 

namelijk erg hoog voor deze strategie, maar ook de omzet en daarmee de transactiekosten. 

Het is daarom belangrijk een zorgvuldige afweging te maken tussen brutorendementen en 

transactiekosten. Verschillende studies rapporteren dat de rendementspremie die 

samenhangt met kortetermijn-reversal-beleggingsstrategieën verdwijnt zodra rekening 
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wordt gehouden met transactiekosten. We tonen aan dat de impact van de transactiekosten 

op de winstgevendheid van de strategieën grotendeels kan worden toegeschreven aan 

overmatige handel in kleine aandelen, d.w.z. aandelen met een lage marktwaarde. Het 

beperken van het aandelenuniversum tot grote aandelen, d.w.z. aandelen met een hoge 

marktwaarde, verlaagt de transactiekosten aanzienlijk. Het toepassen van een meer 

geavanceerd portefeuilleconstructiealgoritme om de omzet te reduceren verlaagt 

transactiekosten nog verder. Onze bevinding dat reversal-strategieën 30 tot 50 basispunten 

per week genereren na aftrek van transactiekosten, vormt een serieuze uitdaging voor veel 

gebruikte beleggingsmodellen.  

In het vierde hoofdstuk analyseren we risico als een verklaring voor het waarde- en 

het size-effect. We heronderzoeken de vraag of de Fama-French-factoren een manifestatie 

zijn van de faillissementspremie. Hiervoor ontwikkelen we nieuwe testen die specifiek 

gericht zijn op de opsplitsing van de Fama-French-factorrendementen van een 

faillissementspremie. Ondanks dat we vinden dat waardeaandelen en aandelen met een lage 

marktwaarde vaak samenhangen met een hoger faillissementsrisico, geven onze resultaten 

ook aan dat faillissementsrisico niet geprijsd is en dat de premies op waardeaandelen en 

kleine aandelen buiten faillissementsrisico zijn geprijsd. Bovendien, het faillissementsrisico 

behorend bij typische size- en waardefactoren heeft geen verklarende kracht in asset pricing-

testen. Onze resultaten hebben belangrijke gevolgen voor beleggers die beleggen volgens 

size- en waardestrategieën, omdat door het vermijden van faillissementsrisico beleggers 

beter in staat zijn om waarde- en small-cap-premies te verdienen met veel lager risico. 

In het vijfde en laatste hoofdstuk onderzoeken we een gedragsverklaring voor de 

laag-risico anomalie. We onderzoeken de relatie tussen toernooigedrag van managers van 

beleggingsfondsen en de laag-risicoanomalie. Op basis van een algemeen evenwichtsmodel 

laten we zien dat toernooigedrag ervoor zorgt dat de rendementen van laag-risico 

(risicovolle) beleggingsobjecten groter (kleiner) zijn dan verwacht volgens het Capital Asset 

Pricing Model. Met behulp van data van beleggingsfondsen en prijsdata van afzonderlijke 

beleggingsobjecten uit twaalf verschillende beleggingscategorieën, vinden we een positieve 

en significante relatie tussen toernooigedrag en de laag-risico premie. De resultaten wijzen 

erop dat het laag-risico-effect niet alleen prominenter aanwezig is in een periode volgend op 

sterker toernooigedrag, maar ook sterker is in beleggingscategorieën waar meer 

toernooigedrag is waargenomen. Omdat er geen reden is om aan te nemen dat 

toernooigedrag tussen managers van fondsen verdwijnt, kunnen beleggers meer vertrouwen 

hebben om in de toekomst de premie op laag-risicoaandelen te verdienen.  



 

About the author 

 

Wilma de Groot (1979) studied Econometrics 

and Operations Research at Tilburg university 

from 1997 to 2001. After receiving her Master 

degree in 2001 she joined Robeco as a 

Quantitative Researcher, focusing on equity 

research. Soon afterwards, Robeco introduced 

its first purely quantitative equity strategy for 

which Wilma developed the portfolio 

construction software. Fifteen years later, this 

business had grown to around 40 billion euros 

assets under management. As a spin-off of her 

research Wilma has published papers in the 

Journal of Banking and Finance, Journal of Empirical Finance, Financial Analysts Journal, 

Journal of Alternative Investments, Pensions and the VBA Journaal. Her studies have been 

presented at several international conferences and she has regularly given lectures at several 

universities. In 2008 she finished the education for Charted Financial Analyst at the CFA 

institute and is a CFA charter holder. Since 2014 Wilma is a Portfolio Manager within the 

Core Quant Equities team of Robeco.  

Wilma’s research interests include factor investing strategies. Besides her 

experience on this topic applied to equities she also has several publications in the field of 

commodity research. In addition, she has a broad interest in pension fund cases, which she 

experiences as board member of the Robeco Pension Fund (since 2013) and member of the 

Investment Committee. 



 



 

Portfolio 

 

INTERNATIONALLY PEER-REVIEWED PUBLICATIONS 

 

Exploiting commodity momentum along the futures curves (joint with Dennis Karstanje and 

Weili Zhou), 2014, Journal of Banking and Finance, 48, 79-93. 

 

Strategic allocation to commodity factor premiums (joint with David Blitz), 2014, Journal 

of Alternative Investments, 17, 103-115. 

 

Another look at trading costs and reversal profits (joint with Joop Huij and Weili Zhou), 

2012, Journal of Banking and Finance, 36, 371-382. 

 

Exploiting option information in the equity market (joint with Guido Baltussen, Bart van der 

Grient, Erik Hennink and Weili Zhou), 2012, Financial Analysts Journal, 68, 56-72. 

 

The cross-section of stock returns in frontier emerging markets (joint with Laurens Swinkels 

and Juan Pang), 2012, Journal of Empirical Finance, 19, 796-818. 

 

Pension fund asset allocation under uncertainty (joint with Laurens Swinkels), 2010, 

Pension Fund Risk Management: Financial and Actuarial Modeling, edited by Gregoriou, 

Masala and Miccoci by Chapman-hall. 

 

Incorporating uncertainty about alternative assets in strategic pension fund asset allocation 

(joint with Laurens Swinkels), 2008, Pensions, 13, 71-77. 

 

WORKING PAPERS  

 

Are the Fama-French factors really compensations for distress risk? (joint with Joop Huij). 

 

The low-risk anomaly and mutual fund tournaments. 

 



 

 



 

The ERIM PhD Series 

 

The ERIM PhD Series contains PhD dissertations in the field of Research in Management 

defended at Erasmus University Rotterdam and supervised by senior researchers affiliated 

to the Erasmus Research Institute of Management (ERIM). All dissertations in the ERIM 

PhD Series are available in full text through the ERIM Electronic Series Portal: 

http://repub.eur.nl/pub. ERIM is the joint research institute of the Rotterdam School of 

Management (RSM) and the Erasmus School of Economics at the Erasmus University 

Rotterdam (EUR). 

 

Dissertations in the last five years 

 

Abbink, E.J., Crew Management in Passenger Rail Transport, Promotors: Prof. 

L.G. Kroon & Prof. A.P.M. Wagelmans, EPS-2014-325-LIS, 

http://repub.eur.nl/pub/76927 

 

Acar, O.A., Crowdsourcing for Innovation: Unpacking Motivational, Knowledge and   

Relational Mechanisms of Innovative Behavior in Crowdsourcing Platforms, Promotor: 

Prof. J.C.M. van den Ende, EPS-2014-321-LIS, http://repub.eur.nl/pub/76076 

 

Akemu, O., Corporate Responses to Social Issues: Essays in Social Entrepreneurship and 

Corporate Social Responsibility, Promotors: Prof. G.M. Whiteman & Dr S.P. Kennedy, 

EPS-2017-392-ORG, https://repub.eur.nl/pub/95768 

 

Akin Ates, M., Purchasing and Supply Management at the Purchase Category Level: 

Strategy, structure and performance, Promotors: Prof. J.Y.F. Wynstra & Dr E.M. 

van Raaij, EPS-2014-300-LIS, http://repub.eur.nl/pub/50283 

 

Akpinar, E., Consumer Information Sharing, Promotor: Prof. A. Smidts,  

EPS-2013-297-MKT, http://repub.eur.nl/pub/50140 

 

Alexander, L., People, Politics, and Innovation: A Process Perspective, Promotors: 

Prof. H.G. Barkema & Prof. D.L. van Knippenberg, EPS-2014-331-S&E,  

http://repub.eur.nl/pub/77209 

 



180 ERIM PhD Series 

Alexiou, A. Management of Emerging Technologies and the Learning Organization: 

Lessons from the Cloud and Serious Games Technology, Promotors: Prof. S.J. Magala, Prof. 

M.C. Schippers and Dr I. Oshri, EPS-2016-404-ORG, http://repub.eur.nl/pub/93818 

 

Almeida e Santos Nogueira, R.J. de, Conditional Density Models Integrating Fuzzy and 

Probabilistic Representations of Uncertainty, Promotors: Prof. U. Kaymak & Prof. J.M.C. 

Sousa, EPS-2014-310-LIS, http://repub.eur.nl/pub/51560 

 

Bannouh, K., Measuring and Forecasting Financial Market Volatility using High-frequency 

Data, Promotor: Prof. D.J.C. van Dijk, EPS-2013-273-F&A, http://repub.eur.nl/pub/38240 

 

Ben-Menahem, S.M., Strategic Timing and Proactiveness of Organizations, Promotors: 

Prof. H.W. Volberda & Prof. F.A.J. van den Bosch, EPS-2013-278-S&E, 

http://repub.eur.nl/pub/39128 

 

Benschop, N, Biases in Project Escalation: Names, frames & construal levels, Promotors: 

Prof. K.I.M. Rhode, Prof. H.R. Commandeur, Prof. M. Keil & Dr A.L.P. Nuijten,  

EPS-2015-375-S&E, http://repub.eur.nl/pub/79408 

 

Berg, W.E. van den, Understanding Salesforce Behavior using Genetic Association Studies, 

Promotor: Prof. W.J.M.I. Verbeke, EPS-2014-311-MKT, http://repub.eur.nl/pub/51440 

 

Beusichem, H.C. van, Firms and Financial Markets: Empirical Studies on the Informational 

Value of Dividends, Governance and Financial Reporting, Promotors: Prof. A. de Jong & 

Dr G. Westerhuis, EPS-2016-378-F&A, http://repub.eur.nl/pub/93079 

 

Bliek, R. de, Empirical Studies on the Economic Impact of Trust, Promotor: Prof. 

J. Veenman & Prof. Ph.H.B.F. Franses, EPS-2015-324-ORG, http://repub.eur.nl/pub/78159 

 

Boons, M., Working Together Alone in the Online Crowd: The Effects of Social Motivations 

and Individual Knowledge Backgrounds on the Participation and Performance of Members 

of Online Crowdsourcing Platforms, Promotors: Prof. H.G. Barkema & Dr D.A. Stam, EPS-

2014-306-S&E, http://repub.eur.nl/pub/50711 

 



ERIM PhD Series 181 

 

Bouman, P., Passengers, Crowding and Complexity: Models for Passenger Oriented Public 

Transport, Prof. L.G. Kroon, Prof. A. Schöbel & Prof. P.H.M. Vervest,  

EPS-2017-420-LIS, https://repub.eur.nl/ 

 

Brazys, J., Aggregated Marcoeconomic News and Price Discovery, Promotor:  

Prof. W.F.C. Verschoor, EPS-2015-351-F&A, http://repub.eur.nl/pub/78243 

 

Byington, E., Exploring Coworker Relationships: Antecedents and Dimensions of 

Interpersonal Fit, Coworker Satisfaction, and Relational Models, Promotor: Prof. D.L. van 

Knippenberg, EPS-2013-292-ORG, http://repub.eur.nl/pub/41508 

 

Cancurtaran, P., Essays on Accelerated Product Development, Promotors: Prof. F. 

Langerak & Prof. G.H. van Bruggen, EPS-2014-317-MKT, http://repub.eur.nl/pub/76074 

 

Caron, E.A.M., Explanation of Exceptional Values in Multi-dimensional Business 

Databases, Promotors: Prof. H.A.M. Daniels & Prof. G.W.J. Hendrikse, EPS-2013-296-

LIS, http://repub.eur.nl/pub/50005 

 

Carvalho, L. de, Knowledge Locations in Cities: Emergence and Development Dynamics, 

Promotor: Prof. L. Berg, EPS-2013-274-S&E, http://repub.eur.nl/pub/38449 

 

Chammas, G., Portfolio concentration, Promotor: Prof. J. Spronk, EPS-2017-410-F&E, 

https://repub.eur.nl/pub/94975 

 

Cranenburgh, K.C. van, Money or Ethics: Multinational corporations and religious 

organisations operating in an era of corporate responsibility, Prof. L.C.P.M. Meijs, Prof. 

R.J.M. van Tulder & Dr D. Arenas, EPS-2016-385-ORG, http://repub.eur.nl/pub/93104 

 

Consiglio, I., Others: Essays on Interpersonal and Consumer Behavior,  

Promotor: Prof. S.M.J. van Osselaer, EPS-2016-366-MKT, http://repub.eur.nl/pub/79820 

 

Cox, R.H.G.M., To Own, To Finance, and To Insure - Residential Real Estate Revealed, 

Promotor: Prof. D. Brounen, EPS-2013-290-F&A, http://repub.eur.nl/pub/40964 

 



182 ERIM PhD Series 

Darnihamedani, P. Individual Characteristics, Contextual Factors and Entrepreneurial 

Behavior, Promotors: Prof. A.R. Thurik & S.J.A. Hessels, EPS-2016-360-S&E, 

http://repub.eur.nl/pub/93280 

 

Dennerlein, T. Empowering Leadership and Employees’ Achievement Motivations: the Role 

of Self-Efficacy and Goal Orientations in the Empowering Leadership Process, Promotors: 

Prof. D.L. van Knippenberg & Dr J. Dietz, EPS-2017-414-ORG, 

https://repub.eur.nl/pub/98438 

 

Deng, W., Social Capital and Diversification of Cooperatives, Promotor: Prof. G.W.J. 

Hendrikse, EPS-2015-341-ORG, http://repub.eur.nl/pub/77449 

 

Depecik, B.E., Revitalizing brands and brand: Essays on Brand and Brand Portfolio 

Management Strategies, Promotors: Prof. G.H. van Bruggen, Dr Y.M. van Everdingen and 

Dr M.B. Ataman, EPS-2016-406-MKT, http://repub.eur.nl/pub/93507 

 

Dollevoet, T.A.B., Delay Management and Dispatching in Railways,  

Promotor: Prof. A.P.M. Wagelmans, EPS-2013-272-LIS, http://repub.eur.nl/pub/38241 

 

Duyvesteyn, J.G. Empirical Studies on Sovereign Fixed Income Markets, Promotors:  

Prof. P. Verwijmeren & Prof. M.P.E. Martens, EPS-2015-361-F&A, 

https://repub.eur.nl/pub/79033 

 

Duursema, H., Strategic Leadership: Moving Beyond the Leader-Follower Dyad, Promotor: 

Prof. R.J.M. van Tulder, EPS-2013-279-ORG, http://repub.eur.nl/pub/39129 

 

Elemes, A, Studies on Determinants and Consequences  

of Financial Reporting Quality, Promotor: Prof. E. Peek, EPS-2015-354-F&A, 

https://repub.eur.nl/pub/79037 

 

Ellen, S. ter, Measurement, Dynamics, and Implications of Heterogeneous Beliefs in 

Financial Markets, Promotor: Prof. W.F.C. Verschoor, EPS-2015-343-F&A, 

http://repub.eur.nl/pub/78191 

 



ERIM PhD Series 183 

 

Erlemann, C., Gender and Leadership Aspiration: The Impact of the Organizational 

Environment, Promotor: Prof. D.L. van Knippenberg, EPS-2016-376-ORG, 

http://repub.eur.nl/pub/79409 

 

Eskenazi, P.I., The Accountable Animal, Promotor: Prof. F.G.H. Hartmann, EPS- 

2015-355-F&A, http://repub.eur.nl/pub/78300 

 

Evangelidis, I., Preference Construction under Prominence, Promotor: Prof. S.M.J. 

van Osselaer, EPS-2015-340-MKT, http://repub.eur.nl/pub/78202 

 

Faber, N., Structuring Warehouse Management, Promotors: Prof. M.B.M. de Koster & Prof. 

A. Smidts, EPS-2015-336-LIS, http://repub.eur.nl/pub/78603 

 

Feng, Y., The Effectiveness of Corporate Governance Mechanisms and Leadership 

Structure: Impacts on strategic change and firm performance, Promotors: Prof. F.A.J. van 

den Bosch, Prof. H.W. Volberda & Dr J.S. Sidhu, EPS-2017-389-S&E, 

https://repub.eur.nl/pub/98470 

 

Fernald, K., The Waves of Biotechnological Innovation in Medicine: Interfirm Cooperation 

Effects and a Venture Capital Perspective, Promotors: Prof. E. Claassen, Prof. H.P.G. 

Pennings & Prof. H.R. Commandeur, EPS-2015-371-S&E,  

http://hdl.handle.net/1765/79120 

 

Fisch, C.O., Patents and trademarks: Motivations, antecedents, and value in industrialized 

and emerging markets, Promotors: Prof. J.H. Block, Prof. H.P.G.  Pennings & Prof. A.R. 

Thurik, EPS-2016-397-S&E, http://repub.eur.nl/pub/94036 

 

Fliers, P.T., Essays on Financing and Performance: The role of firms, banks and board, 

Promotor: Prof. A. de Jong & Prof. P.G.J. Roosenboom, EPS-2016-388-F&A, 

http://repub.eur.nl/pub/93019 

 

Fourne, S.P., Managing Organizational Tensions: A Multi-Level Perspective on 

Exploration, Exploitation and Ambidexterity, Promotors: Prof. J.J.P. Jansen & Prof. 

S.J. Magala, EPS-2014-318-S&E, http://repub.eur.nl/pub/76075 

 



184 ERIM PhD Series 

Gaast, J.P. van der, Stochastic Models for Order Picking Systems, Promotors: Prof. M.B.M 

de Koster & Prof. I.J.B.F. Adan, EPS-2016-398-LIS, http://repub.eur.nl/pub/93222 

 

Giurge, L., A Test of Time; A temporal and dynamic approach to power and ethics, 

Promotors: Prof. M.H. van Dijke & Prof. D. De Cremer, EPS-2017-412-ORG, 

https://repub.eur.nl/ 

 

Glorie, K.M., Clearing Barter Exchange Markets: Kidney Exchange and Beyond, 

Promotors: Prof. A.P.M. Wagelmans & Prof. J.J. van de Klundert, EPS-2014-329-LIS, 

http://repub.eur.nl/pub/77183 

 

Hekimoglu, M., Spare Parts Management of Aging Capital Products, Promotor: Prof. R. 

Dekker, EPS-2015-368-LIS, http://repub.eur.nl/pub/79092 

 

Heyde Fernandes, D. von der, The Functions and Dysfunctions of Reminders, Promotor: 

Prof. S.M.J. van Osselaer, EPS-2013-295-MKT, http://repub.eur.nl/pub/41514 

  

Hogenboom, A.C., Sentiment Analysis of Text Guided by Semantics and Structure, 

Promotors: Prof. U. Kaymak & Prof. F.M.G. de Jong, EPS-2015-369-LIS,  

http://repub.eur.nl/pub/79034 

 

Hogenboom, F.P., Automated Detection of Financial Events in News Text, Promotors: 

Prof. U. Kaymak & Prof. F.M.G. de Jong, EPS-2014-326-LIS, http://repub.eur.nl/pub/77237 

 

Hollen, R.M.A., Exploratory Studies into Strategies to Enhance Innovation-Driven 

International Competitiveness in a Port Context: Toward Ambidextrous Ports, Promotors: 

Prof. F.A.J. Van Den Bosch & Prof. H.W.Volberda, EPS-2015-372-S&E, 

http://repub.eur.nl/pub/78881 

 

Hout, D.H. van, Measuring Meaningful Differences: Sensory Testing Based Decision 

Making in an Industrial Context; Applications of Signal Detection Theory and Thurstonian 

Modelling, Promotors: Prof. P.J.F. Groenen & Prof. G.B. Dijksterhuis, EPS- 

2014-304-MKT, http://repub.eur.nl/pub/50387 

 

Houwelingen, G.G. van, Something To Rely On, Promotors: Prof. D. de Cremer & 

Prof. M.H. van Dijke, EPS-2014-335-ORG, http://repub.eur.nl/pub/77320 



ERIM PhD Series 185 

 

Hurk, E. van der, Passengers, Information, and Disruptions, Promotors: Prof. L.G. 

Kroon & Prof. P.H.M. Vervest, EPS-2015-345-LIS, http://repub.eur.nl/pub/78275 

 

Iseger, P. den, Fourier and Laplace Transform Inversion with Applications in Finance, 

Promotor: Prof. R. Dekker, EPS-2014-322-LIS, http://repub.eur.nl/pub/76954 

 

Jaarsveld, W.L. van, Maintenance Centered Service Parts Inventory Control, Promotor: 

Prof. R. Dekker, EPS-2013-288-LIS, http://repub.eur.nl/pub/39933 

 

Khanagha, S., Dynamic Capabilities for Managing Emerging Technologies, Promotor: 

Prof. H.W. Volberda, EPS-2014-339-S&E, http://repub.eur.nl/pub/77319 

 

Khattab, J., Make Minorities Great Again: a contribution to workplace equity by identifying 

and addressing constraints and privileges, Prof. D.L. van Knippenberg & Dr A. Nederveen 

Pieterse, EPS-2017-421-ORG, https://repub.eur.nl/pub/99311 

 

Kil, J., Acquisitions Through a Behavioral and Real Options Lens, Promotor: Prof. 

H.T.J. Smit, EPS-2013-298-F&A, http://repub.eur.nl/pub/50142 

 

Klooster, E. van’t, Travel to Learn: the Influence of Cultural Distance on Competence 

Development in Educational Travel, Promotors: Prof. F.M. Go & Prof. P.J. van 

Baalen, EPS-2014-312-MKT, http://repub.eur.nl/pub/51462 

 

Koendjbiharie, S.R., The Information-Based View on Business Network Performance: 

Revealing the Performance of Interorganizational Networks, Promotors: Prof. 

H.W.G.M. van Heck & Prof. P.H.M. Vervest, EPS-2014-315-LIS, 

http://repub.eur.nl/pub/51751 

 

Koning, M., The Financial Reporting Environment: The Role of the Media, Regulators 

and Auditors, Promotors: Prof. G.M.H. Mertens & Prof. P.G.J. Roosenboom, 

EPS-2014-330-F&A, http://repub.eur.nl/pub/77154 

 

Konter, D.J., Crossing Borders with HRM: An Inquiry of the Influence of Contextual 

Differences in the Adoption and Effectiveness of HRM, Promotors: Prof. J. Paauwe 

& Dr L.H. Hoeksema, EPS-2014-305-ORG, http://repub.eur.nl/pub/50388 

 



186 ERIM PhD Series 

Korkmaz, E., Bridging Models and Business: Understanding Heterogeneity in Hidden 

Drivers of Customer Purchase Behavior, Promotors: Prof. S.L. van de Velde & 

Prof. D. Fok, EPS-2014-316-LIS, http://repub.eur.nl/pub/76008 

 

Krämer, R., A license to mine? Community organizing against multinational corporations, 

Promotors: Prof. R.J.M. van Tulder & Prof. G.M. Whiteman, EPS-2016-383-ORG, 

http://repub.eur.nl/pub/94072 

 

Kroezen, J.J., The Renewal of Mature Industries: An Examination of the Revival of the 

Dutch Beer Brewing Industry, Promotor: Prof. P.P.M.A.R. Heugens, EPS-2014- 

333-S&E, http://repub.eur.nl/pub/77042 

 

Kysucky, V., Access to Finance in a Cros-Country Context, Promotor:  

Prof. L. Norden, EPS-2015-350-F&A, http://repub.eur.nl/pub/78225 

 

Lee, C.I.S.G, Big Data in Management Research: Exploring New Avenues, Promotors: Prof. 

S.J. Magala & Dr W.A. Felps, EPS-2016-365-ORG, http://repub.eur.nl/pub/79818 

 

Legault-Tremblay, P.O., Corporate Governance During Market Transition: Heterogeneous 

responses to Institution Tensions in China, Promotor: Prof. B. Krug, EPS-2015-362-ORG, 

http://repub.eur.nl/pub/78649 

 

Lenoir, A.S. Are You Talking to Me? Addressing Consumers in a Globalised World, 

Promotors: Prof. S. Puntoni & Prof. S.M.J. van Osselaer, EPS-2015-363-MKT, 

http://repub.eur.nl/pub/79036 

 

Leunissen, J.M., All Apologies: On the Willingness of Perpetrators to Apologize, Promotors: 

Prof. D. de Cremer & Dr M. van Dijke, EPS-2014-301-ORG, http://repub.eur.nl/pub/50318 

 

Li, D., Supply Chain Contracting for After-sales Service and Product Support, Promotor: 

Prof. M.B.M. de Koster, EPS-2015-347-LIS, http://repub.eur.nl/pub/78526 

 

Li, Z., Irrationality: What, Why and How, Promotors: Prof. H. Bleichrodt,  

Prof. P.P. Wakker, & Prof. K.I.M. Rohde, EPS-2014-338-MKT, 

http://repub.eur.nl/pub/77205 

 



ERIM PhD Series 187 

 

Liu, N., Behavioral Biases in Interpersonal Contexts, Supervisors: Prof. A. Baillon &  

Prof. H. Bleichrodt, EPS-2017-408-MKT, https://repub.eur.nl/pub/95487 

 

Liang, Q.X., Governance, CEO Identity, and Quality Provision of Farmer Cooperatives, 

Promotor: Prof. G.W.J. Hendrikse, EPS-2013-281-ORG, http://repub.eur.nl/pub/39253 

 

Liket, K., Why ’Doing Good’ is not Good Enough: Essays on Social Impact Measurement, 

Promotors: Prof. H.R. Commandeur & Dr K.E.H. Maas, EPS-2014-307-STR, 

http://repub.eur.nl/pub/51130 

 

Loos, M.J.H.M. van der, Molecular Genetics and Hormones: New Frontiers in 

Entrepreneurship Research, Promotors: Prof. A.R. Thurik, Prof. P.J.F. Groenen, 

& Prof. A. Hofman, EPS-2013-287-S&E, http://repub.eur.nl/pub/40081 

 

Lu, Y., Data-Driven Decision Making in Auction Markets, Promotors: Prof. 

H.W.G.M. van Heck & Prof. W. Ketter, EPS-2014-314-LIS, http://repub.eur.nl/pub/51543 

 

Ma, Y., The Use of Advanced Transportation Monitoring Data for Official Statistics, 

Promotors: Prof. L.G. Kroon and Dr J. van Dalen, EPS-2016-391-LIS, 

http://repub.eur.nl/pub/80174 

 

Manders, B., Implementation and Impact of ISO 9001, Promotor: Prof. K. Blind, 

EPS-2014-337-LIS, http://repub.eur.nl/pub/77412 

 

Mell, J.N., Connecting Minds: On The Role of Metaknowledge in Knowledge Coordination, 

Promotor: Prof. D.L. van Knippenberg, EPS-2015-359-ORG,  

http://hdl.handle.net/1765/78951 

 

Meulen,van der, D., The Distance Dilemma: the effect of flexible working practices on 

performance in the digital workplace, Promotors: Prof. H.W.G.M. van Heck & Prof. P.J. 

van Baalen, EPS-2016-403-LIS, http://repub.eur.nl/pub/94033  

 

Micheli, M.R., Business Model Innovation: A Journey across Managers’ Attention and 

Inter-Organizational Networks, Promotor: Prof. J.J.P. Jansen, EPS-2015-344-S&E, 

http://repub.eur.nl/pub/78241 

 



188 ERIM PhD Series 

Milea, V., News Analytics for Financial Decision Support, Promotor: Prof. U. 

Kaymak, EPS-2013-275-LIS, http://repub.eur.nl/pub/38673 

 

Moniz, A, Textual Analysis of Intangible Information, Promotors: Prof. C.B.M. van Riel, 

Prof. F.M.G de Jong & Dr G.A.J.M. Berens, EPS-2016-393-ORG, 

http://repub.eur.nl/pub/93001 

 

Mulder, J. Network design and robust scheduling in liner shipping, Promotors: Prof. R. 

Dekker & Dr W.L. van Jaarsveld, EPS-2016-384-LIS, http://repub.eur.nl/pub/80258 

 

Naumovska, I., Socially Situated Financial Markets: A Neo-Behavioral Perspective on 

Firms, Investors and Practices, Promotors: Prof. P.P.M.A.R. Heugens & Prof. A. 

de Jong, EPS-2014-319-S&E, http://repub.eur.nl/pub/76084 

 

Neerijnen, P., The Adaptive Organization: the socio-cognitive antecedents of ambidexterity 

and individual exploration, Promotors: Prof. J.J.P. Jansen, P.P.M.A.R. Heugens & Dr T.J.M. 

Mom, EPS-2016-358-S&E, http://repub.eur.nl/pub/93274 

 

Okbay, A., Essays on Genetics and the Social Sciences, Promotors: Prof. A.R. Thurik, Prof. 

Ph.D. Koellinger & Prof. P.J.F. Groenen, EPS-2017-413-S&E, 

https://repub.eur.nl/pub/95489 

 

Oord, J.A. van, Essays on Momentum Strategies in Finance, Promotor: Prof. H.K. van Dijk, 

EPS-2016-380-F&A, http://repub.eur.nl/pub/80036 

 

Peng, X., Innovation, Member Sorting, and Evaluation of Agricultural Cooperatives, 

Promotor: Prof. G.W.J. Hendriks, EPS-2017-409-ORG, https://repub.eur.nl/pub/94976 

 

Pennings, C.L.P., Advancements in Demand Forecasting: Methods and Behavior, 

Promotors: Prof. L.G. Kroon, Prof. H.W.G.M. van Heck & Dr J. van Dalen, EPS-2016-400-

LIS, http://repub.eur.nl/pub/94039 

 

Peters, M., Machine Learning Algorithms for Smart Electricity Markets, Promotor: 

Prof. W. Ketter, EPS-2014-332-LIS, http://repub.eur.nl/pub/77413 

 



ERIM PhD Series 189 

 

Pocock, M., Status Inequalities in Business Exchange Relations in Luxury Markets, 

Promotors: Prof. C.B.M. van Riel & Dr G.A.J.M. Berens, EPS-2017-346-ORG, 

https://repub.eur.nl/pub/98647 

 

Porck, J., No Team is an Island: An Integrative View of Strategic Consensus between 

Groups, Promotors: Prof. P.J.F. Groenen & Prof. D.L. van Knippenberg, EPS- 

2013-299-ORG, http://repub.eur.nl/pub/50141 

 

Pozharliev, R., Social Neuromarketing: The role of social context in measuring advertising 

effectiveness, Promotors: Prof. W.J.M.I. Verbeke & Prof. J.W. van Strien, 

 EPS-2017-402-MKT, https://repub.eur.nl/pub/95528 

 

Pronker, E.S., Innovation Paradox in Vaccine Target Selection, Promotors: 

 Prof. H.J.H.M. Claassen & Prof. H.R. Commandeur, EPS-2013-282-S&E, 

http://repub.eur.nl/pub/39654 

 

Protzner, S. Mind the gap between demand and supply: A behavioral perspective on demand 

forecasting, Promotors: Prof. S.L. van de Velde & Dr L. Rook, EPS-2015-364-LIS, 

http://repub.eur.nl/pub/79355 

 

Pruijssers, J.K., An Organizational Perspective on Auditor Conduct, Promotors: 

Prof. J. van Oosterhout & Prof. P.P.M.A.R. Heugens, EPS-2015-342-S&E, 

http://repub.eur.nl/pub/78192 

 

Retel Helmrich, M.J., Green Lot-Sizing, Promotor: Prof. A.P.M. Wagelmans, EPS- 

2013-291-LIS, http://repub.eur.nl/pub/41330 

 

Rietdijk, W.J.R. The Use of Cognitive Factors for Explaining Entrepreneurship, Promotors: 

Prof. A.R. Thurik & Prof. I.H.A. Franken, EPS-2015-356-S&E, 

http://repub.eur.nl/pub/79817 

 

Rietveld, N., Essays on the Intersection of Economics and Biology, Promotors: Prof. 

A.R. Thurik, Prof. Ph.D. Koellinger, Prof. P.J.F. Groenen, & Prof. A. Hofman, 

EPS-2014-320-S&E, http://repub.eur.nl/pub/76907 

 



190 ERIM PhD Series 

Rösch, D. Market Efficiency and Liquidity, Promotor: Prof. M.A. van Dijk,  

EPS-2015-353-F&A, http://repub.eur.nl/pub/79121 

 

Roza, L., Employee Engagement in Corporate Social Responsibility: A collection of essays, 

Promotor: L.C.P.M. Meijs, EPS-2016-396-ORG, http://repub.eur.nl/pub/93254 

 

Rubbaniy, G., Investment Behaviour of Institutional Investors, Promotor: Prof. 

W.F.C. Verschoor, EPS-2013-284-F&A, http://repub.eur.nl/pub/40068 

 

Schoonees, P. Methods for Modelling Response Styles, Promotor: Prof.dr P.J.F. Groenen,  

EPS-2015-348-MKT, http://repub.eur.nl/pub/79327 

 

Schouten, M.E., The Ups and Downs of Hierarchy: the causes and consequences of 

hierarchy struggles and positional loss, Promotors; Prof. D.L. van Knippenberg & Dr L.L. 

Greer, EPS-2016-386-ORG, http://repub.eur.nl/pub/80059 

 

Shahzad, K., Credit Rating Agencies, Financial Regulations and the Capital Markets, 

Promotor: Prof. G.M.H. Mertens, EPS-2013-283-F&A, http://repub.eur.nl/pub/39655 

 

Smit, J. Unlocking Business Model Innovation: A look through the keyhole at the inner 

workings of Business Model Innovation, Promotor: H.G. Barkema, EPS-2016-399-S&E, 

http://repub.eur.nl/pub/93211 

 

Sousa, M.J.C. de, Servant Leadership to the Test: New Perspectives and Insights, Promotors: 

Prof. D.L. van Knippenberg & Dr D. van Dierendonck, EPS-2014-313-ORG, 

http://repub.eur.nl/pub/51537 

 

Spliet, R., Vehicle Routing with Uncertain Demand, Promotor: Prof. R. Dekker, 

EPS-2013-293-LIS, http://repub.eur.nl/pub/41513 

 

Staadt, J.L., Leading Public Housing Organisation in a Problematic Situation: A Critical 

Soft Systems Methodology Approach, Promotor: Prof. S.J. Magala, EPS-2014-308- 

ORG, http://repub.eur.nl/pub/50712 

 



ERIM PhD Series 191 

 

Stallen, M., Social Context Effects on Decision-Making: A Neurobiological Approach, 

Promotor: Prof. A. Smidts, EPS-2013-285-MKT, http://repub.eur.nl/pub/39931 

 

Szatmari, B., We are (all) the champions: The effect of status in the implementation of 

innovations, Promotors: Prof J.C.M & Dr D. Deichmann, EPS-2016-401-LIS, 

http://repub.eur.nl/pub/94633 

 

Tarakci, M., Behavioral Strategy: Strategic Consensus, Power and Networks, Promotors: 

Prof. D.L. van Knippenberg & Prof. P.J.F. Groenen, EPS-2013-280-ORG, 

http://repub.eur.nl/pub/39130 

 

Tuijl, E. van, Upgrading across Organisational and Geographical Configurations, 

Promotor: Prof. L. van den Berg, EPS-2015-349-S&E, http://repub.eur.nl/pub/78224 

 

Tuncdogan, A., Decision Making and Behavioral Strategy: The Role of Regulatory Focus 

in Corporate Innovation Processes, Promotors: Prof. F.A.J. van den Bosch, 

Prof. H.W. Volberda, & Prof. T.J.M. Mom, EPS-2014-334-S&E, 

http://repub.eur.nl/pub/76978 

 

Uijl, S. den, The Emergence of De-facto Standards, Promotor: Prof. K. Blind, 

EPS-2014-328-LIS, http://repub.eur.nl/pub/77382 

 

Vagias, D., Liquidity, Investors and International Capital Markets, Promotor: Prof. 

M.A. van Dijk, EPS-2013-294-F&A, http://repub.eur.nl/pub/41511 

 

Valogianni, K. Sustainable Electric Vehicle Management using Coordinated Machine 

Learning, Promotors: Prof. H.W.G.M. van Heck & Prof. W. Ketter, EPS-2016-387-LIS,  

http://repub.eur.nl/pub/93018 

 

Vandic, D., Intelligent Information Systems for Web Product Search, Promotors: Prof. U. 

Kaymak & Dr Frasincar, EPS-2017-405-LIS, https://repub.eur.nl/pub/95490 

 

Veelenturf, L.P., Disruption Management in Passenger Railways: Models for Timetable, 

Rolling Stock and Crew Rescheduling, Promotor: Prof. L.G. Kroon,  

EPS-2014-327-LIS, http://repub.eur.nl/pub/77155 

 



192 ERIM PhD Series 

Venus, M., Demystifying Visionary Leadership: In search of the essence of effective 

vision communication, Promotor: Prof. D.L. van Knippenberg, EPS-2013-289- 

ORG, http://repub.eur.nl/pub/40079 

 

Vermeer, W., Propagation in Networks:The impact of information processing at the actor 

level on system-wide propagation dynamics, Promotor: Prof. P.H.M.Vervest, EPS-2015-

373-LIS, http://repub.eur.nl/pub/79325 

 

Versluis, I., Prevention of the Portion Size Effect, Promotors: Prof. Ph.H.B.F. Franses & Dr 

E.K. Papies, EPS-2016-382-MKT, http://repub.eur.nl/pub/79880 

 

Vishwanathan, P., Governing for Stakeholders: How Organizations May Create or Destroy 

Value for their Stakeholders, Promotors: Prof. J. van Oosterhout &  

Prof. L.C.P.M. Meijs, EPS-2016-377-ORG, http://repub.eur.nl/pub/93016 

 

Visser, V.A., Leader Affect and Leadership Effectiveness: How leader affective displays 

influence follower outcomes, Promotor: Prof. D.L. van Knippenberg,  

EPS-2013-286-ORG, http://repub.eur.nl/pub/40076 

 

Vlaming, R. de., Linear Mixed Models in Statistical Genetics, Prof. A.R. Thurik, 

Prof. P.J.F. Groenen & Prof. Ph.D. Koellinger, EPS-2017-416-S&E, 

https://repub.eur.nl/pub/100428 

 

Vries, J. de, Behavioral Operations in Logistics, Promotors: Prof. M.B.M de Koster & Prof. 

D.A. Stam, EPS-2015-374-LIS, http://repub.eur.nl/pub/79705 

 

Wagenaar, J.C., Practice Oriented Algorithmic Disruption Management in Passenger 

Railways, Prof. L.G. Kroon & Prof. A.P.M. Wagelmans, EPS-2016-390-LIS, 

http://repub.eur.nl/pub/93177 

 

Wang, P., Innovations, status, and networks, Promotors: Prof. J.J.P. Jansen & Dr V.J.A. van 

de Vrande, EPS-2016-381-S&E, http://repub.eur.nl/pub/93176 

 

Wang, R. Corporate Environmentalism in China, Promotors: Prof. P.P.M.A.R Heugens & 

Dr F.Wijen, EPS-2017-417-S&E, https://repub.eur.nl/pub/99987 

 



ERIM PhD Series 193 

 

Wang, T., Essays in Banking and Corporate Finance, Promotors: Prof. L. Norden 

& Prof. P.G.J. Roosenboom, EPS-2015-352-F&A, http://repub.eur.nl/pub/78301 

 

Wang, Y., Corporate Reputation Management: Reaching Out to Financial Stakeholders, 

Promotor: Prof. C.B.M. van Riel, EPS-2013-271-ORG, http://repub.eur.nl/pub/38675 

 

Weenen, T.C., On the Origin and Development of the Medical Nutrition Industry, 

Promotors: Prof. H.R. Commandeur & Prof. H.J.H.M. Claassen, EPS-2014-309-S&E, 

http://repub.eur.nl/pub/51134 

 

Wessels, C., Flexible Working Practices: How Employees Can Reap the Benefits for 

Engagement and Performance, Promotors: Prof. H.W.G.M. van Heck,  

Prof. P.J. van Baalen & Prof. M.C. Schippers, EPS-2017-418-LIS, https://repub.eur.nl/ 

 

Wolfswinkel, M., Corporate Governance, Firm Risk and Shareholder Value, Promotor: 

Prof. A. de Jong, EPS-2013-277-F&A, http://repub.eur.nl/pub/39127 

 

Yang, S., Information Aggregation Efficiency of Prediction Markets, Promotor: 

Prof. H.W.G.M. van Heck, EPS-2014-323-LIS, http://repub.eur.nl/pub/77184 

 

Ypsilantis, P., The Design, Planning and Execution of Sustainable Intermodal Port-

hinterland Transport Networks, Promotors: Prof. R.A. Zuidwijk & Prof. L.G. Kroon,  

EPS-2016-395-LIS, http://repub.eur.nl/pub/94375 

 

Yuferova, D. Price Discovery, Liquidity Provision, and Low-Latency Trading, Promotors: 

Prof. M.A. van Dijk & Dr D.G.J. Bongaerts, EPS-2016-379-F&A, 

http://repub.eur.nl/pub/93017 

 

Zaerpour, N., Efficient Management of Compact Storage Systems, Promotor: 

Prof. M.B.M. de Koster, EPS-2013-276-LIS, http://repub.eur.nl/pub/38766 

 

Zuber, F.B., Looking at the Others: Studies on (un)ethical behavior and social relationships 

in organizations, Promotor: Prof. S.P. Kaptein, EPS-2016-394-ORG, 

http://repub.eur.nl/pub/94388 

 







Erasmus University Rotterdam (EUR)
Erasmus Research Institute of Management
Mandeville (T) Building

Burgemeester Oudlaan 50

3062 PA Rotterdam, The Netherlands

P.O. Box 1738

3000 DR Rotterdam, The Netherlands

T	 +31 10 408 1182

E	 info@erim.eur.nl

W	 www.erim.eur.nl

One of the most important challenges in the field of asset pricing is to understand anomalies: empirical 
patterns in asset returns that cannot be explained by standard asset pricing models. Currently, there is 
no consensus in the academic literature on the underlying causes of well-known anomalies, such as 
the value and momentum anomalies. Anomalies could be the result of data mining, disappear when 
trading costs are taken into account, be a compensation for a particular form of risk, or have a behavioral 
explanation. The motivation of this research project is to gain more and better insight into possible 
explanations for well-known asset pricing anomalies. Understanding asset pricing anomalies is of the 
utmost importance for investors. It allows them to make better informed investment decisions, and 
thereby achieve higher return premiums. 

The first study in this dissertation shows that the value, momentum and size anomalies are also present 
in the new emerging equity markets, the so-called frontier emerging markets, which makes data 
mining as an explanation for these anomalies unlikely. The second study focuses on trading costs as a 
possible explanation for the short-term reversal anomaly. Focusing on large-cap stocks and applying a 
more sophisticated portfolio construction algorithm lower trading costs significantly, such that reversal 
strategies generate profitable results net of trading costs. The third study examines risk as an explanation 
for the value and size anomalies. Although value and small-cap exposures are typically associated with 
distress risk, the results indicate that distress risk is not priced and that the small-cap and value premiums 
are priced beyond distress risk. The fourth and last study examines a behavioral explanation for the 
low-risk anomaly. Based on a general equilibrium model, tournament behavior causes the returns of 
low-risk (high-risk) assets to be larger (smaller) than expected according to the Capital Asset Pricing 
Model. In addition, empirical analyses confirm a positive and significant relation between tournament 
behavior and the low-risk premium. 

The Erasmus Research Institute of Management (ERIM) is the Research School (Onderzoekschool) in  
the field of management of the Erasmus University Rotterdam. The founding participants of ERIM are 
Rotterdam School of Management (RSM), and the Erasmus School of Economics (ESE). ERIM was founded 
in 1999 and is officially accredited by the Royal Netherlands Academy of Arts and Sciences (KNAW). The 
research undertaken by ERIM is focused on the management of the firm in its environment, its intra- and 
interfirm relations, and its business processes in their interdependent connections.

The objective of ERIM is to carry out first rate research in management, and to offer an advanced doctoral 
programme in Research in Management. Within ERIM, over three hundred senior researchers and PhD 
candidates are active in the different research programmes. From a variety of academic backgrounds and 
expertises, the ERIM community is united in striving for excellence and working at the forefront of creating 
new business knowledge.
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