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1 Introduction 

It is generally believed that emerging/developed markets should have more/less return anomalies.  

This is based on the premise that developed markets are more efficient and efficiency should lead to 

less return anomalies (Butler and Malaikah, 1992; Bekaert and Harvey, 2002; Van der Hart, Slagter and 

Van Dijk, 2003; Bris, Goetzmann and Zhu, 2007).  In contrast to this widely held belief, Griffin, Kelly 

and Nardari (2010), among others, document that anomalies appear to be at least as prevalent in 

developed markets as in emerging markets1.  More recently, Jacobs (2016) revisits this topic using 

mispricing scores to test more anomalies and provides further support to the finding of Griffin, Kelly 

and Nardari (2010).  Though Jacobs (2016) tests a variety of conjectures, he can find no clear 

explanation for the cross sectional variation in the presence of anomalies - we refer to this as the global 

anomaly puzzle.   

The purpose of this study is to address the global anomaly puzzle by reconciling the 

relationship between market development and market efficiency with the observed presence of 

anomalies.  Building on Hong and Stein’s (1999) theoretical model, the core of our explanation is that 

market development affects the production and use of ‘price’ relevant information that is a necessary 

condition to start the pricing process based on the information2.    

In general, information efficiency is measured by the speed information is incorporated into 

price (Griffin, Kelly and Nardari, 2010).  In a cross-sectional setting the differences in the amount of 

information made known to the market, the quality of information and the users’ ability to analyse 

and interpret information will all contribute to this speed of information incorporation.  We, therefore, 

use the concept of “newswatcher efficiency” to capture the multiple dimensions of an information 

environment that may ultimately affect this speed of price discovery.  A higher newswatcher efficiency 

suggests more information production, higher quality of information and better analysis skills. It is 

generally believed the higher the newswatcher efficiency, the less will be the return anomalies (see, for 

 
1 Some studies document more challenging evidence that developed markets are more prone to certain anomalies than are 
emerging markets. For example, McLean, Pontiff and Watanabe (2009) show a stronger stock issuance effect in developed 
markets, Watanabe, Xu, Yao and Yu (2013) and Titman, Wei and Xie (2013) show a stronger asset growth anomaly in 
developed markets, and Gao, Parsons and Shen (2018) document that the small-firm distress anomaly is highly 
concentrated in developed markets. 
2 This is directly motivated by the call for “additional research examining the importance of the private and public 
information environment across international markets.” by Griffin, Kelly and Nardari (2010, p.3268). The importance of 
the information diffusion process is also highlighted by Andrei and Cujean (2017). 
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example, Hong and Stein, 1999). What has been less explored in the literature, however, is what 

happens if newswatcher efficiency is extremely low.  Without newswatchers sowing the seeds of price 

discovery and ensuring the long-run convergence of price to its fundamental value with respect to that 

information, the process of initial mispricing and subsequent correction will not occur.  Therefore, 

anomalies will not be observed.  

As a market develops, however, newswatcher efficiency is improved by the introduction of 

more sophisticated investors and more high-quality value relevant information.  Nonetheless, 

information diffusion is still relatively slow among newswatchers in this early stage of market 

development. This leads to an information induced price trend and underreaction and offers an 

opportunity for momentum traders to trade on the price trend and eventually over extrapolate to 

create mispricing. Therefore, we will observe a positive relationship between market development and 

anomalies. We refer to this as Phase I, the “increasing/emerging” phase of the anomaly-market 

development relationship. 

As market development progresses newswatcher efficiency is further improved.  With a high 

level of information quality and investor sophistication, price relevant information is reflected in the 

price more quickly and this discourages momentum traders and, therefore, return anomalies are 

reduced. Therefore, there will be a negative relationship between market development and anomalies 

in this relatively higher efficiency regime. We refer to this as Phase II, the “decreasing/developed” 

phase of the anomaly-market development relationship.  This is the phase more often studied in the 

literature with data from developed markets such as the U.S. and Europe. 

Overall, we expect that while market development and newswatcher efficiency are linearly 

related, newswatchers will have a nonlinear impact on return anomalies.  Therefore, our central 

hypothesis is: market development (via newswatcher efficiency) has an inverted U shape relationship 

with the observed presence of anomalies.  We show that our argument of a nonlinear relationship is 

consistent with the theoretical framework of Hong and Stein (1999) in an extended numerical 

simulation.   

One of the common challenges is to measure the information environment empirically when 

studying information efficiency in the international context (Griffin, Kelly and Nardari, 2010). In 

Hong and Stein’s (1999) theoretical model and Griffin, Kelly and Nardari’s (2010) illustrative example, 

the source of the difference is captured by the speed of information diffusion.  However, the outcome 

of information diffusion is influenced by the general information environment and it is difficult to 
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identify one single measure that can capture the cross-country variation.  Conceptually, we use 

“newswatcher efficiency” to capture the multiple dimensions of the information environment that 

may ultimately affect the speed of information diffusion. Through searching for proxies for the speed 

of information diffusion in different countries we learnt there are broadly three aspects of the 

information environment that matter: the amount of information made known to the market, the 

quality of information and the users’ ability to analyse and interpret information. Empirically, to test 

our hypothesis we capture these aspects through the eight proxies used in the paper.  

Specifically, we use the number of news articles (NEWS) as a measure of the availability and 

coverage of public information (from Griffin, Hirschey and Kelly, 2011). We use the accounting 

standard index (ACCT, La Porta et al., 2000) and the earnings management score (EMS, Leuz, Nanda 

and Wysocki, 2003) to measure cross-country differences in accounting quality. An opacity index 

(OPA) measures the general information opaqueness. As for the ability to interpret information, we 

use a sophistication score (SOPHI, Global Competitiveness Report) and institutional ownership 

(INSTOWN).  Finally, we have two variables which measure both the quality and the ability to 

interpret - analyst dispersion (DISP) and differenced volatility (DV, volatility difference in earnings 

announcement and non-announcement days, Griffin, Hirschey and Kelly, 2011).  These variables 

measure information and earnings quality.   

Empirically we test the relationship between newswatcher efficiency and anomalies in several 

steps. First, we identify 16 anomalies whose mechanism is close to Hong and Stein’s (1999, 2007) 

framework3.   To examine the return of these anomalies in aggregation, we construct a mispricing 

score using these 16 anomalies in 45 countries during the period from 1993 to 20164.  The long-short 

spread (hedge return) of the mispricing portfolio in emerging markets does not outperform that in 

developed markets and this is consistent with Jacobs (2016).  When the variance of the hedge return 

is considered (a Sharpe ratio type measure), there is even evidence that developed markets anomalies 

are greater than those of emerging markets, especially in the equal-weighted and accounting based 

anomaly portfolios.   

 
3 The anomaly list is largely based on the 11 anomalies from Stambaugh, Yu and Yuan (2015). These include those 
relating to investment, price momentum, value premium, price reversal and profitability.  See Table 1 for a full list of 
anomalies.  
4 In an early version of our study we also examined anomalies individually and used the total number of significant 
anomalies as an explanatory variable.  This analysis produced similar conclusions. As the study progressed, we choose to 
follow Stambaugh, Yu and Yuan’s (2015) approach to aggregate anomalies and this makes our analysis comparable to 
Jacobs’ (2016) study and the presentation more succinct.  
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Second, we then show there is a non-linear relation between newswatcher efficiency and the 

anomaly return. Panel regressions show the quadratic terms of these newswatcher proxies are 

significant and negative in relation to the hedge return of the mispricing portfolio.  This confirms our 

central hypothesis of nonlinearity (an inverted U shape).  Our results are robust to control variables 

for limits to arbitrage and investment frictions, the potential time varying newswatcher efficiencies 

and the Fama and French global five-factors.   

Third, further examination of newswatcher efficiency and hedge returns shows emerging 

(developed) markets are around or on the left (right) of the turning point of a nonlinear curve.  Because 

both low and high newswatcher efficiency drives low anomaly returns, there is no significant 

difference between developed and emerging markets.  This provides an explanation of the global 

anomaly puzzle.  

We conduct a series of further tests and robustness checks. In terms of further analysis, we 

test our nonlinear prediction of newswatcher efficiency at both the firm cross-sectional and time series 

levels.  We show that the anomaly return of small firms in developed markets is significantly larger 

than for those in emerging markets, while there is no difference between the two markets for large 

firms.  This finding of the firm size effect interacting with market development provides further 

support to our main argument about the importance of newswatcher efficiency in the production of 

anomalies.  In general, the information environment is better in developed than in emerging markets. 

However, such a difference is greatest between relatively smaller size firms in the two types of market.  

In other words, small firms in emerging markets have relatively low information efficiency. In contrast, 

large companies in emerging countries have equivalent coverage by analysts and investor attention is 

similar to large companies in developed markets (Griffin, Kelly and Nardari, 2010). 

Extending our argument about the existence of newswatchers as a sufficient condition for the 

observations of anomalies, we would expect return anomalies to be even less observable in frontier 

markets.  There are only three frontier markets that meet our original data criteria. This suggests 

anomalies are less likely to be constructed reliably given the lack of publicly available data in most of 

the frontier markets.  Nevertheless, as an “out of sample” test we relax the data selection criteria 

further for frontier markets, which enables us to add another nine frontier countries to the sample.  

As expected, when we compare this group’s anomaly returns, they are, in general lower, and less 

significant when compared to the other two types of market.   When comparing the percentage of 

countries having significant anomalies there is a clear difference between the three types of market.  
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In the time series context, we test the evolution of anomalies with market development in the 

U.S. market where there is a relatively long history of data covering a wide range of market 

development.  While the disappearance of anomalies in recent samples is known to the literature, what 

is relevant to this study is we further show that the time variation of anomalies is also linked to time 

varying newswatcher efficiency in the U.S.5.   In addition, to alleviate the possibility that our finding is 

driven mainly by the inclusion of the U.S. market, we repeat our main analysis excluding the U.S. in 

an online appendix and find the nonlinearity between market development and anomalies remains 

strong.   

Our study extends the literature in the following ways. First, our study reconciles the 

relationship between market development, return anomalies and market efficiency that appears to be 

puzzling in the existing literature (Griffin, Kelly and Nardari, 2010; Jacobs, 2016).  Our study 

emphasizes that given the mix of investors (newswatchers and momentum traders), relative 

newswatcher efficiency (information production and usage) plays the key role in affecting price 

discovery. This finding has a strong implication for the relationship between return anomalies and 

market efficiency.  Market efficiency cannot necessarily be associated with the absence or otherwise 

of anomalies; a market with fewer anomalies could be a reflection of fast information diffusion, low 

information asymmetry, less market frictions and biased investors, or it could simply be there is 

insufficient information and not enough sophisticated investors to obtain and process price-related 

information in the first place.   

The idea of a potential nonlinear relationship between the speed of information incorporation 

and anomalies is not new.  Griffin, Kelly and Nardari (2010) illustrate a similar intuitive idea about the 

nonlinear relationship between the speed of information incorporation and absolute autocorrelations 

in a two-period example. However, their illustration is a reduced form exercise which explicitly 

specifies a return equation and a parameter for the speed of information incorporation. While such a 

simple setting is useful in describing their idea, it is unclear whether and how the return equation can 

be reached in equilibrium, and what type of investors can generate such a pricing process.  In particular, 

it does not consider the interaction between noise traders and informed traders which is an important 

dynamic in the (mis-) pricing process as demonstrated in the early theory of DeLong et al. (1990).  We 

fill in the gap by extending Hong and Stein’s equilibrium model into this context which creates a richer 

 
5 The nonlinear hump-shaped relationship between this newswatcher efficiency proxy and anomaly profitability is 
documented in all of the regressions using three newswatcher efficiency measures (institutional ownership, DISP, DV) in 
the U.S. between 1972 to 2016. 
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description of the anomaly generating process.  One of our key arguments that is subtly different from 

Griffin, Kelly and Nardari (2010) is that building on Hong and Stein (1999) newswatchers not only 

react to information but also produce information (price-trend) that is consumed by other market 

participants.  The resulting observed pricing process is obtained through the interaction of different 

players and their use and production of information. 

On the empirical front, we take up the challenge highlighted by Griffin, Kelly and Nardari 

(2010) to construct multi-dimensional measures of newswatcher efficiency and provide empirical 

evidence of the nonlinear relationship between anomalies and market development measured by 

newswatcher efficiency.  We empirically demonstrate that emerging markets mainly lie on the left-

hand side (Phase I ) of the curve while developed markets lie on the right (Phase II).  And this helps 

to explain the lack of difference in the observed anomalies level.  Our study provides a clear mapping 

of the complex relationship between market inefficiency measures (anomalies) and market 

developments.  The use of newswatcher efficiency bridges the conceptual gap between the 

information environment (production and processing) and the observation of anomalies.  It provides 

a uniform framework to understand pricing anomalies and market developments. 

Second, our study contributes to a wider and ongoing debate about how, when and why 

anomalies exist (Richardson, Tuna and Wysocki, 2010; Subrahmanyam, 2010; Lochstoer and Tetlock, 

2020).  The search for conditions that lead to anomalies has focused on the conditions that affect the 

limits to arbitrage such as liquidity, transaction costs and short selling (Chordia, Subrahmanyam and 

Tong, 2014; Chu, Hirshleifer and Ma, 2019), and on the roles of sophisticated investors such as 

institutional investors or hedge funds (Calluzzo, Moneta and Topaloglu, 2019; Cao, Liang, Lo and 

Petrasek, 2018).   Utilizing a cross-country setting, we add to this line of literature by showing the 

importance of investor mix and newswatcher efficiency as important (nonlinear) determinants of 

anomalies. Limits to arbitrage and the short-sale constraint alone cannot explain why there is no 

difference in the level of anomalies in emerging and developed markets or the nonlinear relationship 

between anomalies and market development.  This is because the existing limits to arbitrage or 

behavioral bias explanations of anomalies would suggest the phenomenon should be stronger in 

emerging markets, as there will be higher limits to arbitrage, less development and use of short-sell 

instruments and more behavioral bias.  

Finally, we provide new insights about the differential impact of market development on 

different sizes of companies in the market.  Particularly, we find the information environment gap is 
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greatest between emerging and developed markets in small size companies.  Large companies in 

emerging markets have an information environment closer to their developed peers.  We further clarify 

the relationship between firm size and anomalies (Hong, Lim and Stein, 2000).  We highlight that the 

smallest firms do not have more anomalies than the next small size group of firms in developed 

markets.  This does not contradict market efficiency as small firms have very low newswatcher 

efficiency that inhibits the existence of anomalies.  Consistent with this, emerging market small firms 

have even lower newswatcher efficiency than developed markets and, therefore, have even less 

anomalies.   

The remainder of the paper is organized as follows. Section 2 develops our main hypothesis 

in the context of Hong and Stein (1999) and introduces the key concept of newswatcher efficiency.  

Section 3 describes the global dataset we have used and provides a summary of the (lack of) difference 

in anomalies between emerging and developed markets.  Section 4 presents our core analyses of the 

relationship between newswatcher efficiency and anomalies. Section 5 reports further tests and 

robustness checks. Section 6 offers conclusions. 

2 Hypothesis Development and Newswatcher Efficiency Measures 

 The Hong and Stein Model Revisited in an International Context 

To study cross-country differences, we need a theory to explain the asset pricing process that leads to 

the observed pricing pattern/‘anomalies’ and then study the differences in the identified drivers across 

countries.  There are two broad categories of behavioral models.  One literature focuses on modeling 

the impact of specific behavioral biases. For example, the models by Barberis, Shleifer and Vishny 

(1998) and Daniel, Hirshleifer and Subrahmanyam (1998) assume prices are driven by a single 

representative agent prone to a small number of cognitive biases (conservatism, representativeness or 

overconfidence). The other literature focuses on the heterogeneity of information.   For example, 

Hong and Stein (1999) propose a general model that focuses on the interaction between 

heterogeneous agents and avoids direct reference to any specific behavioral bias.  In the context of 

making comparison across countries, market development has a close relationship with a country’s 

investor mix.  Therefore, the search for an explanation of the global anomaly puzzle leads us to explore 

potential variations in different countries’ investor mix to elucidate cross-country differences.   
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Hong and Stein’s (1999) model belongs to the family of ‘extrapolating’ models that can explain 

a wide range of anomalies (see Barberis, Greenwood and Shleifer 2018, for a recent survey).  Such a 

general setting of disagreement among investors is one of the key building blocks in developing a 

general unified behavioral model of both under- and over- reaction phenomena (Hong and Stein, 

2007).  For example, in this study we identify 16 anomalies that can be interpreted within Hong and 

Stein’s (1999, 2007) theoretical framework.   

In this framework, a mispricing can be generally described via a four-stage process as depicted 

in Figure 1 Panel A. In the Hong and Stein (1999) model there are two types of boundedly rational 

agents: newswatchers and momentum traders. 1) The specialists, known as newswatchers, ‘dig out’ 

information and reflect such information in their trading.  Each newswatcher observes some private 

information but they fail to extract other newswatchers’ information from prices. The consequent 

underreaction means momentum traders can profit by trend chasing.  2) The price trend created by 

the newswatchers gives the early momentum traders the opportunity to trade based on the price trend.  

3) The extrapolation by later momentum traders will eventually overcorrect the initial underreaction 

and create another type of mispricing (overreaction).  4) In the long-run as new information is released 

(for example, future earnings announcements) the mispricing will be resolved and a price correction 

(reversal) occurs.  In general, momentum type anomalies are described by the stages 1 to 3, while 

reversal type anomalies are described by the stages 3 and 4.   

Figure 1 

In an international context, market development would lead to different levels of newswatcher 

efficiency.   Panel B in Figure 1 shows the difference in the price discovery process as newswatcher 

efficiency varies.  As Hong and Stein (1999) point out, the very existence of underreaction by 

newswatchers sows the seeds for overreaction by making it profitable for momentum traders to enter 

the market. In markets where there is a general lack of newswatchers there is insufficient critical mass 

to create the price trend for momentum traders to follow. This price discovery process is represented 

by the blue-dotted line. As a market develops, however, newswatcher efficiency is improved by the 

introduction of more sophisticated investors and more high-quality value relevant information.  

Nonetheless, information diffusion is still relatively slow among newswatchers in this early stage of 

market development. This leads to an information induced price trend and underreaction and offers 

an opportunity for momentum traders to trade on the price trend and eventually over extrapolate to 

create mispricing. Therefore, we will observe a positive relationship between market development and 
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anomalies. In other words, the price discovery process will move from the blue-dotted line to the grey 

line in Panel B of Figure 1.  We refer to this as Phase I, the “increasing/emerging” phase of the 

anomaly-market development relationship. 

As market development progresses newswatcher efficiency is further improved from medium 

to a much higher level, price relevant information is reflected in the price more quickly and this 

discourages momentum traders and, therefore, return anomalies are reduced. This is demonstrated in 

Panel B of Figure 1 as the process changes from the grey line to the red-dashed line.  Therefore, there 

will be a negative relationship between market development and anomalies in this relatively higher 

efficiency regime. We refer to this as Phase II, the “decreasing/developed” phase of the anomaly-

market development relationship.  This is the phase more often studied in the literature with data from 

developed markets such as the U.S. and Europe. 

The above intuition can be summarized by an extended numerical analysis of the Hong and 

Stein model. In this model the main parameter is z, which captures the inverse of the information 

diffusion speed. z can be interpreted as the number of periods it takes for a piece of information to 

be fully diffused across the newswatchers. The smaller is z the faster is the information diffusion and 

hence a better newswatcher efficiency. There are two further parameters: the standard deviation of 

news shocks e, and the momentum traders’ holding period j. Given a set of parameters for z, e and j, 

the model can be solved numerically for the momentum traders’ prediction coefficient phi, which is 

similar to a positive feedback coefficient. In this framework, we can define an anomaly as an 

observation of a price process that exhibits short-term underreaction and subsequent overreaction. 

The parameter capturing underreaction is z, while the parameter capturing overreaction is phi. 

We extend Hong and Stein’s original numerical analysis by considering a wider range of the 

information diffusion parameter z; especially when z becomes very large (i.e., information diffuses 

very slowly). Figure 2 presents plots of comparative statics with respect to the information diffusion 

parameter z. We use a set of parameters similar to Hong and Stein’s (1999) analysis in their Table A3; 

in particular, when the momentum trader’s holding period is set at j = 12. Panel A shows the plot of 

the momentum intensity (phi) and z, while Panel B shows the plot of the standard deviation of the 

pricing error (Pt − Pt*) and z. 

Figure 2  
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In an ideal (fully efficient) world, z is zero as newswatchers comprehend the news shock 

immediately and trade to fully reveal the new information in the price. There is no trend for 

momentum traders to chase and, therefore, no short-term return continuation and long-term reversal 

in the market (i.e., no anomaly). When z starts to increase from zero, news will be gradually assimilated 

by newswatchers and revealed in price. Momentum traders will start to chase the price trend and cause 

the price to overshoot. As long as j ≥ z − 1 (i.e., the momentum traders’ holding period is longer than 

the period of information diffusion among newswatchers), momentum traders believe they will profit 

from the trend. The higher the z, the more profit opportunities there are for momentum traders to 

chase the trend. Thus, there is a monotonic and positive relationship between z and momentum 

intensity when j ≥ z − 1, as shown in Figure 2 Panel A. 

When j < z − 1, an increase in z will have two competing effects on momentum traders’ trend-

chasing behavior. First, similar to the case when j ≥ z − 1, a larger z brings more profit opportunities 

for momentum traders to chase the trend. Second, some early momentum traders will have unwound 

their positions before information is fully revealed in the price. This will reduce momentum trader 

profit and, therefore, discourage their trend chasing. When z becomes very large relative to j, the 

second effect will become dominant and, therefore, at some point as z increases the momentum 

chasing oscillates and converges to zero, as demonstrated in Figure 2 Panel A. Furthermore, Figure 2 

Panel B confirms the variations in momentum intensity lead to a nonlinear relationship between the 

information diffusion parameter z and the standard deviation of pricing error, which is another way 

to capture anomaly intensity. 

How can this nonlinear relationship help our understanding of anomaly variations across the 

globe? The empirical prediction is that if cross-country information diffusion speed covers the whole 

spectrum from very slow (very inefficient markets) to very fast (very efficient markets) we should 

observe a nonlinear relationship between information diffusion speed and the number of observed 

anomalies cross-sectionally. We are interested in how a market’s newswatcher efficiency, measured as 

the information diffusion speed (i.e., 1/z), affects anomalies. We can thus restate the relationship 

shown in Figure 2, in terms of information diffusion speed (1/z) and return anomalies as shown in 

Figure 3, which presents the relationship in line with market evolution, starting from low newswatcher 

efficiency on the left. 

Figure 3 
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We can summarize this relationship in two distinct phases as markets develop. Figure 3 shows 

when the speed of information diffusion is low (between 0 and 0.01, corresponding to z between 100 

and infinity), the momentum intensity and variation in pricing errors are also low. This demonstrates 

the effect of newswatcher efficiency at the start of Phase I. When information diffusion is very slow, 

no short-term underreaction or subsequent overreaction will be observed. As the speed of diffusion 

increases (up to 0.036, corresponding to z = 28), the improved newswatcher efficiency leads to a 

general increase in momentum intensity and pricing error, though the changes are not monotonic. 

Anomalies are most likely to be observed in this later stage of Phase I, since there is significant short-

term underreaction and significantly high momentum intensity. When the speed of information 

diffusion further increases (for 1/z > 0.036, corresponding to z < 28), the momentum intensity starts 

to decrease as the profit of momentum trading is reduced in this phase – Phase II. 

Where exactly each country lies is an empirical question. However, we expect the majority of 

emerging markets will be concentrated in the earlier part of Phase I, while the majority of developed 

markets will be in the latter part of Phase I and in the early part of Phase II. We expect very few, if 

any, developed markets to be in the later stage of Phase II, where newswatcher efficiency is very high. 

Hence the central prediction is the absence of some anomalies in emerging markets can be attributed 

to the general absence of newswatchers who would have paid attention to that particular type of news. 

 

 Newswatcher Efficiency Measurement 

The key measure affecting the extent of observed anomalies in the Hong and Stein (1999) model is 

the speed of information diffusion.  It is, however, empirically challenging to quantify this concept, 

especially in the international context.  Empirically, we use the concept of “newswatcher efficiency” 

to capture multiple dimensions of an information environment that may ultimately affect this speed 

of information diffusion.  Specifically, there are three aspects of the measurable information 

environment that are relevant in this context: the availability of information, the quality of information 

and the users’ ability to analyze and interpret information.   

First, as an input to decision making, the quantity and quality of information will have a direct 

impact on the speed newswatchers incorporate the relevant information.  The number of news (a 

variable we refer to as NEWS) articles is a proxy of information production and it indicates the scope 
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of the information set (Griffin, Hirschey and Kelly, 2011).  More media coverage would, in general, 

improve the speed of information transmission.  

Second, You and Zhang (2009) find information travels more slowly across the market when 

information readability is lower. They show the underreaction to 10-K reports is stronger when they 

are more complex. In this regard, information diffusion speed can be increased by improvements in 

disclosure practice. Kaniel, Ozoguz and Starks (2012) argue higher accounting quality can also increase 

investor confidence, which may in turn lead to quicker reaction and faster information diffusion. 

Consequently, better information quality should improve information diffusion. To this end we use 

the accounting standard index (ACCT) and earnings management score (EMS) to measure accounting 

information quality.  Furthermore, the opacity index (OPA) is applied to measure information 

opaqueness6. Higher opaqueness tends to induce higher information uncertainty and disagreement 

among investors. Information is less likely to be incorporated into price immediately and completely 

when there is information uncertainty. Zhang (2006a, 2006b) finds information uncertainty 

exacerbates investors’ underreaction to news. As a result, information should travel faster in less 

informationally opaque environments.  

Third, investor sophistication and education will help to measure the cross sectional 

differences in investors’ ability to process information. Chang, Hsieh and Wang (2015) show less 

sophisticated investors tend to misreact to information.  Sophisticated investors are less affected by 

behavioral biases (Bhattacharya, Kuo, Lin and Zhao, 2018; Feng and Seasholes, 2005); they also have 

an advantage in accessing more information (Bonner, Walther and Young, 2003) and better abilities 

to learn from past experience (Bonner and Walker, 1994) and are more capable of processing and 

analysing information (Bonner, Walther and Young, 2003; Collins, Gong and Hribar, 2003; Callen, 

Hope and Segal, 2005). Institutional investors are, generally, more sophisticated investors due to their 

superior ability to access and process information. Therefore, markets with high levels of 

sophistication or higher institutional ownership should have greater information efficiency.  We use a 

sophistication score (SOPHI) and institutional ownership (INST) to measure investor sophistication. 

Finally, there are variables that capture more than one dimension.  Differenced volatility (DV) 

is the difference between abnormal volatility around earnings announcement dates and abnormal 

volatility outside of earnings announcements periods, which is proposed and studied by Griffin, 

 
6 The “opacity index” is compiled by the Kurtzman Group. The index measures the risks associated with unclear legal 
systems, regulations, economic policies, corporate-governance standards and corruption in 48 countries. 
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Hirschey and Kelly (2011).  A greater difference suggests investors are likely to react to earnings 

information and, therefore, there is better newswatcher efficiency.  Similarly, Dispersion (DISP) 

measures the disagreement in the analysts’ forecasts (Hong and Sraer, 2016). The lower the DISP 

suggests a better information environment (Zhang, 2006a, 2006b).  Both of these measures capture 

the quality of information and the ability to interpret the information.    

We note that while the above individual measures are not perfect, they capture different 

aspects of the information environment that affects the speed of information diffusion.  Given the 

multidimensional nature of the information environment we also try to capture the commonality of 

these proxies by creating an aggregate measure of newswatcher efficiency via a principal component 

analysis in our empirical analyses. 

3 Anomalies Across the Globe  

 Anomalies Data and Sample 

While there is still an ongoing debate on the causes of most anomalies, anomalies can be largely 

classified into the two categories of an underreaction or overreaction to information (Barberis, Shleifer 

and Vishny, 1998; Daniel, Hirshleifer and Subrahmanyam, 1998; Hong and Stein, 1999; and Barberis 

and Thaler, 2003).  Since our argument is based on Hong and Stein’s (1999) theoretical framework, 

we start by identifying a broad set of anomalies that can be examined under this framework: anomalies 

that can be interpreted by the process of initial underreaction, subsequent overreaction and eventual 

reversal.    

This general mispricing process, illustrated in Figure 1, helps us to understand anomalies in 

the following way.  In terms of underreaction anomalies, such as momentum and gross profit, they 

can generally be described by the process of stages 1 to 3.  While for reversal anomalies such as asset 

growth, investment, short-term reversal and long-term reversal, they can be interpreted as stocks that 

have experienced stages 1-3 at the point of the portfolio sorting and will be experiencing a price 

reversal in stage 4.  The sorting variables we used in identifying the anomalies are effectively variables 
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that can help us to distinguish cross-sectionally which stocks are more likely to be at stages 1-3 for 

momentum anomalies and at stages 3-4 for reversal anomalies7.   

We built the anomaly list based on the 11 anomalies from Stambaugh, Yu and Yuan (2015). 

We exclude two anomalies, financial distress and return on assets, due to availability of quarterly data 

for international markets. To mitigate anomaly selection bias, we also add some extra anomalies based 

on Hou, Xue and Zhang (2015). The main difference in anomaly coverage in Stambaugh, Yu and 

Yuan (2015) from Hou, Xue and Zhang (2015) is the trading friction anomalies. Therefore, we include 

short-term reversal, long-term reversal, dollar trading volume and maximum daily return. In addition, 

we also add one value-growth anomaly (the book-to-market ratio), and two investment-related 

anomalies (investment growth and working capital accrual). In the end, we have 16 anomalies in our 

cross-country studies covering those relating to investment, value premium, price momentum, reversal 

and profitability. The definitions of these anomalies are given in Table 1 and the detail of their 

construction in Appendix I.  In addition, we also propose an interpretation of each of the 16 anomalies 

under the Hong and Stein (1999) framework in Table 1 and show in Figure 1 how the anomalies are 

related to information diffusion.   

Table 1 

These anomalies can also be classified into accounting and market-based anomalies given the key 

information type used to construct the anomaly portfolios. They can be broadly considered as violating 

semi-strong and weak-form market efficiency.  

For market coverage we include 23 developed and 22 emerging markets and these numbers 

have been dictated mainly by data availability. The classification of market development is based on 

the MSCI classification. For U.S. and Canadian stocks we collect return data from CRSP and 

accounting information from Compustat North America. We retrieve data from Compustat Global 

for all other markets. For U.S. stocks we include common stocks with a share code of 10 and 11 from 

NYSE/NASDAQ/AMEX. For international markets we include common shares (TPCI=0). We have 

 
7 Considering what a sorting variable does when we use a variable to sort stocks, we are trying to identify which stocks 
are mispriced.  For example, for underreaction anomalies, those variables will help us to identify stocks (in the extreme 
deciles) that are most likely to be at the beginning of stage 1 and will subsequently experience momentum in the price.  
In other words, a sorting variable will tell us that stocks in deciles 1 and 10 are more likely to have a momentum effect 
than those stocks in the middle deciles.  Importantly, a variable that can identify a group of stocks that is more likely to 
experience stages 1 to 3 (overreaction) will normally be unable to identify the reversal of these stocks.  This is because 
the reversals are not synchronized.  Therefore, different variables may be better in sorting the stocks that are likely to 
experience reversal.   
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additional sample selection procedures for international markets to obtain a reasonable number of 

observations and to avoid data errors. First, the monthly average of the number of stocks is at least 

50 stocks. Second, there are at least 240 months in that market. Third, stock returns are set to missing 

if they are greater than the 99.9% percentile in that market to avoid errors of extremely large returns. 

These criteria leave 45 international markets in our sample. Our sample period starts from June 1993 

and ends in December 2016 in order to have sufficient stocks at the cross-sectional level. It is 

comparable with other anomaly studies in the international context, for example, Griffin, Kelly and 

Nardari (2010) and Jacobs (2016).  A summary of the sample coverage for each market is given in 

Appendix II. 

We construct accounting anomalies at the end of June in each year using the information from 

the previous year; while we construct market-based anomalies at the end of each month using either 

monthly or daily data. To ensure the results are not driven by extreme errors, following the literature 

we trim anomaly variables at the 0.5% and 99.5% percentiles (Watanabe et al., 2013; Lu, Stambaugh 

and Yuan, 2018). For each anomaly, all the firms are divided into quintiles in each month and we 

require at least 30 stocks in each month.  

Following Stambaugh, Yu and Yuan (2015), we construct a mispricing score to aggregate all 

the anomalies. The mispricing score is the average of ranks across all available anomalies in each 

month. Three types of mispricing score are constructed: the accounting mispricing score using only 

accounting anomalies, the market-based mispricing score using only trading anomalies and the 

mispricing score using all anomalies. We require at least five individual anomalies for the accounting 

and market-based mispricing scores. For the mispricing score using all anomalies we require at least 

five accounting and at least five market-based anomalies to ensure the mispricing score is not 

dominated by a certain type of anomaly. Then all firms are grouped into quintiles based on the 

mispricing score. The long-short spread is the return from a portfolio that longs the low mispricing 

score stocks (undervalued stocks) and shorts the high mispricing score stocks (overvalued stocks). 

Our first formation month is June 1993 and the last formation month is November 20168. 

 Long-short Spreads 

Table 2 reports long-short spreads based on mispricing scores.  Panel A reports the market average 

results. We first compute the time-series average of long-short spreads for each market using stocks 

 
8 Our data end in December 2016. The return of the mispricing score portfolio is required for the next one month return. 
The last formation date is, therefore, November 2016. 
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sorted by their mispricing score in the market. Then we average the spreads for all developed markets 

and all emerging markets. Consistent with Jacobs (2016) we find that while anomalies are significant 

in both emerging and developed markets, there is little difference between the two types of market in 

Panel A.   

Panel B reports a variant of the analysis.  The average return reported in Panel A does not take 

into consideration the statistical significance of the mean return.  Given the concerns over p-hacking 

it is important to compare anomaly returns when their standard deviations have been taken into 

consideration9.  We, therefore, report standardized returns that are the time-series averages of long-

short spreads scaled by their standard deviation in each market.   

Table 2 

Panel B shows that after considering standard deviations, there are signs of significant 

differences between the two markets.  This is especially the case for equal weighted accounting based 

anomalies where developed markets have a significantly larger standardized return than emerging 

markets.  This is also true when all anomalies are considered for the equal weighted portfolio.   

Combining this finding with those in Panel A suggests the mean return obtained from trading in 

developed markets has a lower standard deviation than emerging markets.  

A similar conclusion is reached when we examine the t value of the anomalies in the two 

market types in Panel C.  We report the number of countries whose return clears different hurdle rates. 

We apply two criteria to determine the significance. In the first approach we consider a return to be 

significant if its p-value is less than 10%.  In the second approach the spread is considered as significant 

only if the t-value is greater than 3 (suggested by Harvey, Liu and Zhu, 2016).  Panel C shows that, 

when taking into consideration statistical significance, developed markets consistently have a larger 

number of countries that have significant anomalies - with the exception of market-based anomalies 

within a value-weighted framework.  For example, for the equal weighted portfolio and using the t 

value greater than 3 hurdle, accounting anomalies are evident in 17 out of the 23 developed countries, 

while this number is only 8 out of the 22 for emerging countries.   

Overall, our analysis extends the puzzle documented by Jacobs (2016).  We show anomalies 

are not as likely to be observed in emerging as in developed markets when the standard deviation of 

 
9 See the studies of Harvey, Liu and Zhu (2016) and Hou, Xue and Zhang (2020) that highlight the importance of higher 
hurdle rates to determine the finding of a new pricing factor.  
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the hedge return (or t-value) is taken into consideration.  Furthermore, there is evidence suggesting 

developed markets have more accounting anomalies when the returns are equal weighted.  The rest 

of this paper dissects this puzzle through a cross-country comparison and a time series analysis of 

newswatcher efficiency. 

4 Analyses of Newswatcher Efficiency and Anomalies 

The data on newswatcher proxies are from various sources. The sophistication score (SOPHI) is from 

the Global Competitiveness Report (2006-2014) of the World Economic Forum. Data on institutional 

ownership are from Thomson Reuters 13F and Bloomberg. The accounting standard index (ACCT) 

is from La Porta et al. (2000). The earnings management score (EMS) is from Leuz, Nanda and 

Wysocki (2003). Dispersion (DISP) uses analyst forecast data from I/B/E/S. Opaqueness (OPA) is 

collected from the Opacity Index 2004. The number of news articles (NEWS) is from Griffin, 

Hirschey and Kelly (2011). Differenced volatility is constructed by using CRSP and I/B/E/S. All 

definitions and data sources for the variables are given in Appendix III. 

In order to control for potential alternative explanations we run a multivariate regression 

analysis with additional variables. The average R-squared of a market model (R2) captures the inverse 

proportion of firm-specific information incorporated in the price. Thus, a lower average R-squared 

implies more efficient prices (Morck, Yeung and Yu, 2000; Dang, Moshirian and Zhang, 2015). 

Idiosyncratic volatility, that captures the limits to arbitrage, should be negatively correlated with the 

anomaly spread (Watanabe et al., 2013). In addition, Titman, Wei and Xie (2013) argue different levels 

of corporate governance may give rise to cross-country differences in the asset growth anomaly, and 

Griffin, Hirschey and Kelly (2011) suggest the regulatory environment is a source of cross-country 

differences in news reaction. To control for corporate governance and regulation, we consider anti-

director rights (ANTDIR), the type of legal system (civil or common law – LAW), the ownership of 

the largest 3 private shareholders (C3PRI), and the efficiency of the judicial system (EFFJUD). 

Variable definitions are also given in Appendix III. 

Table 3 shows the regression results with a nonlinear specification of the newswatcher proxies. 

The dependent variable is the monthly long-short spread based on mispricing scores (constructed for 
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all anomalies) for each market. We report the pooled OLS regressions with standard errors double-

clustered by market and month10.  

Table 3 

Table 3 has the following notable results. First, newswatcher efficiency has a nonlinear 

relationship with the return of the anomalies. This is especially the case for the equal-weighted analyses. 

The coefficients of the quadratic term of the newswatcher efficiency measures are negative and 

significant in seven out of the eight equations. This suggests that as newswatcher efficiency increases, 

the returns of anomalies increase and then decrease, forming an inverted U-shape as predicted.  

In order to demonstrate the nonlinear relationship between market development and 

anomalies, we illustrate the effect of newswatcher efficiency on the predicted return of anomalies 

using the estimated parameters in Table 3. We calculate the predicted value of the dependent variable 

(the hedge return of anomalies) by varying the newswatcher efficiency variable (NwE) from its sample 

minimum to maximum while holding other variables in the equation at their sample mean level. These 

graphs are reported in Figure 4. They demonstrate the nonlinear impact of newswatcher efficiency on 

the hedge return11. Furthermore, the emerging markets are mainly situated on the left side of the curves, 

while the developed markets are mainly on the right.   

A general marginal effect of a variable can be examined by studying the change of the predicted 

value when the dependent variable changes its value by one standard deviation away from its median.  

In our research context, the nonlinear marginal effect that is embedded in the quadratic function can 

be further demonstrated by examining the deviation from the medians of emerging and developed 

markets, respectively.  For example, a standard deviation of the variable SOPHI is 0.60 in our sample 

of countries.  The medians of the variable SOPHI among emerging and developed markets are 3.74 

and 4.7, respectively. In emerging countries if the SOPHI score is improved by one standard deviation 

from the median to 4.34 (3.74+0.60), the predicted anomaly return increases by 0.2% from 1.3% to 

1.5% on a monthly basis. In contrast, for the same change for developed countries from the median 

to 5.30, the predicted return decreases by 0.4% from 1.45% to 1.05%.  This supports our hypothesis 

 
10 Fama-MacBeth regressions produce similar quality results and are available on request from the authors. 
11 The exceptions are the graphs for INSTOWN and OPA in the value weighted return in panel B of Table 3.  This is 
because their coefficients are insignificant.  Therefore, their graphs in Figure 1 should not be counted on as there is no 
significant relationship between the variables.  We only report them here for completeness.  
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that emerging markets are mainly in phase I (the increasing phase), while developed markets are more 

likely to be in phase II (the decreasing phase)12.   

Figure 4 

Second, regarding the control variables, Table 3 shows that countries with a higher R-squared, 

a common law environment and better efficiency in the judicial system, in general, have lower levels 

of observed anomalies.   This is, in general, consistent with the existing literature (La Porta et al., 2000; 

Djankov, McLiesh and Shleifer, 2007).  Importantly, these results suggest the newswatcher efficiency 

explanation is robust to the inclusion of these alternative explanations. 

Comparing the value-weighted analyses with the equal weighted, the explanatory power of 

newswatcher efficiency is weaker in general.  This suggests the cross-sectional explanatory power of 

newswatcher efficiency is weaker when the effect of small firms is downplayed.  Overall, Table 3 

confirms there is a nonlinear relationship between the newswatcher efficiency proxies and the returns 

of anomalies, and this is especially the case for equal-weighted returns. This finding shows 

newswatcher efficiency helps to explain the observed differences between emerging and developed 

markets. 

5 Further Tests 

In this section we extend the tests of our central prediction across five dimensions by considering: 

firm size, frontier markets, time varying newswatcher efficiency, risk models and an aggregate 

newswatcher efficiency proxy.  We start by examining the role of firm size in affecting the cross-

country difference. We then study the frontier markets as an out of sample test.  We further extend 

our analyses to examine the implication of time varying newswatcher efficiency in the global markets 

and in the U.S. market where longer time series are available. We follow this by studying the robustness 

of our finding after taking into consideration a multi-factor pricing model and by using an aggregate 

proxy for newswatcher efficiency. 

 Factor Alpha 

 
12 When a similar exercise is undertaken for other variables, consistent with our hypothesis, the marginal effect of 
increases in newswatcher efficiency increases the returns of anomalies more in the emerging than in the developed 
markets.  
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Asset return anomalies are normally established by passing a series of tests with a traditional asset 

pricing model, such as CAPM, acting as the control. The search for the drivers of anomalies has led 

to the incremental development of multi-factor models. For example, in the development of Fama 

and French (2015) and Hou, Xue and Zhang (2015), profitability and investment have been introduced 

as new pricing factors.  In this section we study the abnormal return from the global versions of the 

Fama-French 3 and 5 factor models.  To estimate alpha, following Jacobs (2016) we run regressions 

of long-short spreads (the long-short spread is based on mispricing scores constructed for all 

anomalies) on Fama-French 3- and 5-factor models (global version) for each market13.  

Table 4 reports the summary statistics of alpha from the two risk models.  The alphas in Table 

8 are smaller in magnitude than the hedge returns in Table 2 in general.  The key noticeable difference 

is that accounting anomalies in emerging markets are insignificant after taking into consideration risk 

factors when equal weighted portfolios are considered.  This is consistent with our conjecture 

regarding the role of newswatchers.  For accounting anomalies, that are a violation of semi-strong 

form market efficiency, the need for newswatchers to ‘dig out’ and process the information to create 

the initial trend is greater than market-based anomalies.  The lack of newswatchers in emerging 

markets, especially in smaller size firms, leads to overall insignificance for the accounting anomalies in 

the 3-factor model.  Nevertheless, when accounting based or all anomalies are used to construct the 

mispricing score, the anomalies exist in both emerging and developed markets and there is not a 

statistically significant difference between the two markets.  This is consistent with the result in Table 

2.  

We then run a regression analysis that is similar to our main analysis in Table 314.  As the results 

are similar for the two factor models, we report only the results of the 5-factor alpha in Table 5.  The 

results confirm that newswatcher efficiency measures have a nonlinear relationship with the abnormal 

returns generated from the anomalies across the countries, especially for equal weighted portfolios. 

Noticeably, the limits to arbitrage (IVOL) and legal environment (LAW) variables significantly explain 

the cross-country difference in the 5-factor alpha.  Our results remain in four out of the eight 

 
13 We choose these models given the availability of their global versions which are essential to our study context.   
14 Due to the challenge of obtaining reliable time-series data for all newswatcher variables, in Table 3 the country-
specific variables are time-invariant.   Therefore, we choose to use pooled OLS to capture the average effect.  In Table 5, 
we study the effect controlling for the potential time variant of these newswatcher variables where they can be reliably 
estimated.  Given our theoretical prediction is about cross-sectional differences for a given time, the use of Fama-
MacBeth regressions capture the cross-sectional effect while controlling for potential time-series correlations. 
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specifications - suggesting that our newswatcher explanation is different from the risk factor and the 

limits to arbitrage explanation of anomalies.    

Tables 4 and 5 

 Small Size Effects 

Our empirical analysis in Section 3 reveals a new dimension of the puzzle. It shows the 

difference between developed and emerging markets is especially pronounced when the anomaly 

returns are equally weighted as compared to value-weighted. This suggests the well-documented small-

size effect on anomalies, where anomalies are found to be concentrated in small stocks15, is more 

pronounced in developed than in emerging markets.  This is a further puzzle since existing limits to 

arbitrage or behavioral bias explanations of this effect would seem to suggest the small size effect 

should be stronger in emerging markets, as there will be higher limits to arbitrage and more behavioral 

bias16. 

In addition, we show in Table 3 that the return spread from the equal-weighted return 

portfolios demonstrates a stronger nonlinear relationship with newswatcher efficiency than do those 

from the value-weighted return portfolios.  This suggests the role of newswatchers might help to 

explain the reason behind this.   

In order to understand the connection between firm size and anomalies, we start by examining 

the relationship between size and newswatcher efficiency. Firm size can be a proxy for newswatcher 

efficiency that affects the speed of information diffusion. Hong, Lim and Stein (2000) argue when 

investors face fixed costs of information acquisition, they devote more effort to learning about those 

stocks in which they can take large positions. This suggests information about small firms is 

transmitted more slowly. If size is used as a proxy measure for newswatcher efficiency, we predict 

there will be a nonlinear relationship between size and the number of observed anomalies. This 

prediction has been supported by Hong, Lim and Stein’s (2000) empirical study that the very smallest 

 
15 Gao, Parsons and Shen (2018) find the distress risk-return relation is stronger in small firms and U.S. small firms present 
higher spreads than non-U.S. small firms. Lipson, Mortal and Schill (2011) show small firms exhibit a stronger asset growth 
anomaly. 
16 It is noted the size effect we are discussing is a relative effect within a country’s stock market.  Companies with the same 
absolute size in two different countries may not have the same information environment.  
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firms have fewer momentum anomalies than merely small firms; that is, their inverted U-shaped 

relationship between size and anomalies reflects our two-phase prediction17. 

Building on the above we propose the difference between emerging and developed markets is 

stronger in equal- than in value- weighted returns because market development has an asymmetrical 

impact on newswatcher efficiency in small versus large cap firms in emerging markets.   The lack of 

market development leads to a lot weaker newswatcher efficiency for small caps in emerging markets 

than their counterparts in developed markets, while the difference for large caps in the two markets is 

much smaller.   The very low newswatcher efficiency in emerging market small firms inhibits the 

existence of anomalies and, therefore, makes the difference of small firms between emerging and 

developed markets very apparent, while such a difference in larger cap stocks is less obvious as 

newswatcher efficiency is similar in the two markets.   

To test this prediction we conduct the analyses of size and all anomalies for emerging and 

developed markets separately - this provides extended evidence to the size and momentum studies in 

the U.S. by Hong, Lim and Stein (2000). Figure 5 reports the plot of anomaly hedged returns by size 

decile for developed and emerging markets. 

Figure 5 

Figure 5 shows a nonlinear relationship between size and anomaly returns in both markets. 

When comparing the two types of market, the anomaly returns in developed markets are generally 

higher, especially at the smaller size deciles part of the plot.  The t-tests suggest developed markets 

have significantly larger anomaly returns than emerging markets in the first two small size groups and 

this is especially the case for the accounting anomalies.  This confirms the puzzle documented earlier 

and supports our conjecture that market development has a stronger negative impact on smaller size 

firms.  Furthermore, the inverted U-shape is more profound in accounting than in market based 

anomalies.  This further confirms the role of newswatchers is more important in processing 

accounting than market based information.  Interestingly, for accounting anomalies, emerging markets 

show higher anomaly returns than developed markets in the largest size group.  This is consistent with 

our explanation that when the information environment is similar for the largest companies in 

 
17 A clear inverted U-shaped relationship between size and the hedged return of the momentum anomaly is presented in 
Figure 1 of Hong, Lim and Stein (2000).  
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developed and emerging markets, the difference in the limits to arbitrage will dominate and produce 

higher anomaly returns in the emerging markets with the higher limits to arbitrage. 

Our finding further complements the limits to arbitrage explanation of the size effect.  There 

are two steps of anomaly formation: mispricing and limits to arbitrage.  Limits to arbitrage are linearly 

linked to size with larger firms having a lower limit to arbitrage (Lam and Wei, 2011). However, this 

explanation of anomalies cannot alone explain why the smallest size group has fewer anomalies than 

the next size group in the accounting anomalies.  Our explanation of newswatcher efficiency fills this 

gap.  Importantly, the combination of these two further explains why the difference in small size firms 

is much greater than in large size firms.   

 

 “Out of Sample Test”- Frontier Markets 

Our empirical study is motivated and advanced by the general observation of the difference 

between emerging and developed markets that has been documented by various existing studies 

(Griffin, Kelly and Nardari, 2010;  Jacobs, 2016).  Our main predictions of cross-country variations 

of anomalies and newswatcher efficiency can be further extended to frontier markets as an “out-of-

sample” test, since these markets have been substantially less studied in the asset pricing literature18.  

A simple prediction is the observed anomalies would be even weaker instead of stronger in these least 

efficient markets.  We extend our sample to include another nine frontier markets19.  We report the 

comparison of the anomalies among the three types of the market in Table 6. 

Table 6 

Table 6 provides support to our main results in two ways.  First, the anomaly return in frontier 

markets is generally lower than those of the emerging and developed markets.  Consistent with the 

main finding, this relationship is stronger in the equal weighted return.  Especially, the difference 

between developed and frontier markets is highly significant and much higher than the difference 

between developed and emerging markets in our main results.  Second, examining the number of 

significant anomalies, there is strong evidence the strength of anomalies is positively correlated with 

market development, with the developed markets having the highest percentage of countries with 

 
18 We thank the referee for this suggestion.   
19 With our original sampling criteria (the monthly average of the number of stocks is at least 50 stocks and there are at 
least 240 months in that market), three of the MSCI frontier markets have been included in our samples and are part of 
the emerging subgroup.  In order to include more frontier markets in our sample, we have had to relax our sample 
criteria; particularly, the minimum number of months is reduced from 240 to 180 months (15 years). 



24 

 

significant return anomalies and the frontier markets having the lowest. Indeed, with a higher hurdle 

rate of 3 for the t-value, none of the frontier markets has a significant anomaly return.  Overall, these 

findings provide further support to our conjecture that too weak an information environment inhibits 

the existence of return anomalies.  

 
 Time Varying Newwatcher Efficiency 

While the main focus of the paper is to study the cross-country variations of return anomalies, the 

theoretical foundation can also be applied to the time series evolution of return anomalies.  In this 

section and the next, we explore the time series dimension.  We recognize that newswatcher efficiency 

in each given market will change over time.  Ideally, we would like to capture the effect of this time 

dimension as well as the cross-sectional difference on return anomalies.  Unfortunately, there is limited 

data availability in time series country-level measures.  Most of the proxies are observed infrequently 

or only exist in the last decade and they are not easy to update or backdate with the limited, available 

data.  Among the eight proxies, we are able to construct a reasonable time series of observations for 

two of them: analysts’ dispersion (DISP) and differenced volatility (DV).  

Figure 6 plots the evolution of these two newswatcher efficiency measures.  There are two 

observations to take from this figure. First, these newswatcher efficiency measures are consistent with 

market development, with developed markets having, in general, a higher efficiency (note we plot the 

the inverse of dispersion).  Second, there is a general increasing trend in these measures suggesting 

that, on average, both emerging and developed markets are improving their information environments.  

For analysts’ dispersion, the gap between emerging and developed markets is narrowing.  The 

difference in DV between the two types of markets is relatively constant, except for the period around 

the dotcom bubble, where the developed markets’ earnings become less informative about prices and 

emerging markets’ earnings become more important during this period20.    

Figure 6 

We then examine our main findings with these finer measures.  Table 7 reports the summary 

of the Fama-Macbeth regressions with the available time variant control variables (IVOL and R2).  

Our main finding of a nonlinear effect is confirmed in Table 7.  Three out of the four coefficients for 

 
20 In the online appendix we also show that although the newswatcher measure is time varying, the relative ranking of 
countries by these newswatcher measures is quite persistent between periods. This partly provides some support to the 
use of other static cross-country measures when time varying data are absent.     
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the squared terms are negative and significant.  Also consistent with the main result, the findings are 

stronger in the equal weighted returns.  

Table 7  

 Evolution of Anomalies – U.S. Evidence 

Though the prediction of the theory is drawn from a cross-sectional perspective, the impact 

of newswatcher efficiency on anomalies has a general implication in a time series context.  If a 

country’s information environment evolves overtime and investor sophistication improves, an 

inverted-U shape pattern of anomaly intensity should be observed over time. In order to observe a 

meaningful evolution over time a long period is required and we, therefore, turn to the U.S. market 

with two tests.   

First, we study all the anomalies in a 60-year period starting from 1957 to 2016. Table 8 reports 

the long-short spread for six 10 year sub-periods and Figure 7 demonstrates these changes of the 

spread over time in column charts. Four main results emerge: 1) Figure 7 shows that both the return 

and t-value from the mispricing strategy exhibits an inverted U shape over time - in general, confirming 

our conjecture.  The pattern is especially clear for both accounting and market based anomalies in 

equal weighted portfolios and for accounting anomalies in value weighted portfolios, which is 

consistent with our previous finding in a time series context.  2) the turning points for the two types 

of anomalies are different.  As expected, the weak-form efficiency anomaly returns (market-based) 

first peak in the 1970s and then start to gradually decline over time; while the semi-strong form 

efficiency anomalies (accounting) only start to weaken in very recent years21.   3) for value weighted 

portfolios, the t-values for the market-based anomalies decrease monotonically over time, while the 

inverted U-shape is maintained in the accounting anomalies.  These patterns echo those identified in 

Figure 5 when we study the effect of size. It further strengthens our argument that the nonlinear effect 

of newswatchers on anomalies is more profound in accounting anomalies as newswatchers play a 

more important role in sowing the seeds for momentum in these anomalies than in the market-based 

anomalies.   

Our finding is consistent with the publication effect but cannot be fully explained by it.  

McLean and Pontiff (2015) study 97 return predictive variables in the U.S. stock market and find that 

 
21 There is an exception in the period between 1987-1997 for value weighted accounting anomalies. This is not due to 
calculation error. We confirm a similar exception in the BM factor return during the same period in Professor French’s 
online data.  
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long/short returns shrink significantly post-publication.  This is consistent with our argument 

concerning newswatcher efficiency.  With an awareness of anomalies, investors should react to such 

information even faster and, therefore, improve the information diffusion and this leads to weaker 

anomalies.  However, the publication effect alone cannot explain the increasing pattern observed 

above in the times series context.  Importantly, in the international anomalies context, Jacobs and 

Müller (2020) show that the U.S. is the only market where the ‘publication effect’ is present and, 

therefore, our overall results should not be driven by such an effect22.   Green, Hand, and Zheng (2017) 

observe that anomalies in the U.S. seem to decline significantly after 2003, which is consistent with 

our subperiod analysis in Table 8 and Figure 7 where the most recent period’s return is lower in general.  

Importantly, our study offers an explanation for their observations.  We find that the time-varying 

newswatcher variables are indeed increasing overtime in the U.S.; when the means before and after 

2003 are compared they are found to be significantly different23.   

Table 8 and Figure 7 

In order to connect the observed time series pattern with the time variant of the newswatcher 

efficiency, we run time series regressions between the anomaly returns in the U.S. and three of the 

newswatcher efficiency measures where we have sufficient data for the analyses.  Table 9 reports those 

regression results.  The results provide support to the nonlinear relationship between the time 

variation of newswatcher efficiency and anomaly returns in the U.S..    

 

Table 9 

 

 An Aggregate Newswatcher Efficiency Proxy 

We use eight proxies for capturing newswatcher efficiency.  Each of them is imperfect and potentially 

captures other effects.  To confirm our results are not driven by other effects we construct aggregate 

measures of newswatcher efficiency through factor analysis.  Table 10 reports the results of this 

analysis.  Panel A reports the final loading pattern of the two factors identified using six out of the 

 
22 To further demonstrate the evolution of anomalies overtime, we also study one of the long-standing anomalies - the 
momentum anomaly from 1926 in our online appendix.  We show an overall pattern that is consistent with an inverted 
U-shape; showing that momentum profits peak in 1956 and steadily decline thereafter. 
23 Results can be found in the online appendix.  
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eight proxies24. The first factor is dominated by the loading of sophistication (SOPHI), while the 

accounting standard (ACCT) and differenced volatility (DV) variables also have a modest level of 

correlation with this factor.  All of the loadings are negative and for the ease of interpretation we 

multiply this factor by -1 in the regression analysis.  The second factor is dominated by a positive 

correlation with differenced volatility (DV) (an information measure used by Griffin, Kelly and 

Nardari, 2010) and it is also highly correlated with institutional ownership (INSTOWN).  Panel B 

reports the main regression analysis with the aggregated newswatcher proxy.  It shows that the 

quadratic terms are highly significant and negative, providing further support to our main findings.   

 

Table 10 

6 Conclusions 

This paper contributes to the evolution of asset pricing theory by studying asset return anomalies in a 

global context with the specific aim of exploring the differences between emerging and developed 

markets.  We confirm the puzzle, via a wide array of anomalies in 45 countries, that return anomalies 

are equally likely (if not more so) to be observed in developed as in emerging markets. Given the still 

unresolved nature of the puzzle, we turn to behavioral theories for potential explanations. We also 

find that a straightforward extension to emerging markets of behavioral explanations that originated 

within developed markets fails to provide an answer to the puzzle. For example, the literature suggests 

that investor behavior bias, in combination with limits to arbitrage, induces mispricing in the market. 

However, if this was the case, then emerging markets should have more anomalies than developed 

markets, as both the above characteristics are more acute in the former. 

When digging deeper into behavioral theories, we find that Hong and Stein’s (1999) theoretical 

framework provides a good starting point for examining international variation. Their model focuses 

on investor heterogeneity that avoids making assumptions concerning specific behavioral biases by a 

single representative agent. Building on Hong and Stein (1999) we show that newswatcher efficiency 

in a market has a nonlinear impact on the observations of return anomalies. Newswatchers gradually 

reveal private fundamental price information to sow the seeds of momentum. Thus, the presence of 

 
24  Inclusion of the two analyst related variables when combining all of the data together reduces the sample size 
significantly.  We, therefore, keep only the six proxies that produce sufficient non-missing country observations. 
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newswatchers is a necessary condition for observing short-term momentum and long-term reversal in 

markets. The absence of some anomalies in emerging markets can be attributed to the absence of 

newswatchers who pay attention to that particular type of news. This is consistent with Bhattacharya 

et al. (2000) who argue that for information-driven (fundamental) anomalies, investors have to be able 

to monitor and process the relevant data. 

Griffin, Kelly and Nardari (2010) highlight that “… caution must be exercised when 

comparing efficiency in settings where large informational differences and widely varying speeds of 

information incorporation exist, such as when making comparisons across markets internationally, as 

these differences make efficiency comparisons rather complex.” p 3266.  Our study provides an initial 

mapping of the complex relationship between a market inefficiency measure (anomalies) and market 

development.  The use of newswatcher efficiency bridges the conceptual gap between the information 

environment (production and processing) and the observation of anomalies.  It provides a uniform 

framework to understand return anomalies and market development. 

Our prediction also sheds new light on the role of firm size in return anomalies. We show that 

the smallest firms often have fewer return anomalies than other small firms, as newswatcher efficiency 

is at its lowest in these small firms. The very low newswatcher efficiency for small firms in emerging 

markets helps to explain why there are fewer anomalies in these firms than in small firms in developed 

markets.   

Overall, our study introduces the concept of newswatcher efficiency and demonstrates its 

importance in understanding cross-country asset return anomalies in the context of market 

development.  We provide theoretical and empirical explanations to the global anomaly puzzle that is 

documented by Griffin, Kelly and Nardari (2010) and Jacobs (2016).  We bridge the gaps between 

market development and the measurement of market efficiency by anomalies.   We show that observed 

anomalies are not sufficient to measure a market’s efficiency as extreme inefficiency inhibits the 

observation of return anomalies.   
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Table 1. Summary and Interpretation of Anomalies under the Hong and Stein Model 
This table reports a summary of the anomalies including the key papers, a short description and our potential interpretation of an anomaly under the Hong and Stein 
(1999) model. 

Type Anomaly Abbreviation Key papers Short description 
Potential Interpretation under the Hong and 
Stein (1999) Model 

Accounting Asset growth AG Cooper, Gulen and Schill 
(2008)  

Negative relation between the asset 
growth rate and subsequent one-year 
returns 

Overreaction: Cooper, Gullen and Schill (2008) show 
there is a running up of price during asset growth.  
This can be a reflection of newswatchers assessing the 
value of asset growth that creates momentum in the 
price and leads to mispricing (overreaction) and we 
observe a reversal subsequently.  

Accounting Investment-to-
assets 

IA Li and Zhang (2010) Firms with a lower investment-to-asset 
ratio have higher returns 

Overreaction: All of these anomalies can be 
interpreted in a similar way to the asset growth 
anomaly (they are components of asset growth: either 
the investment or financing side – Cooper, Gullen 
and Schill 2008).  These sorting variables help in 
identifying stocks that have experienced overreaction 
and are more likely to be at the end of their stage 3 of 
the process and, therefore, reversal is more likely.  

Accounting Investment 
growth 

IG Xing (2008)  Negative relation between investment 
growth and future returns 

Accounting Accruals ACC Richardson, Sloan, 
Soliman and Tuna (2005)  

Negative association of accruals and 
stock returns 

Accounting Working capital 
accruals 

WACC Sloan (1996)  Negative correlation of stock returns 
and operating accruals 

Accounting Net operating 
assets 

NOA Hirshleifer, Hou, Teoh 
and 

Negative relation between net 
operating assets and stock returns 

Zhang (2004) 

Accounting Net stock issue NSI Daniel and Titman (2006) Net stock issue is negatively correlated 
with stock returns 

Accounting Composite 
equity issue 

CEI Daniel and Titman (2006) Firms with high composite equity issue 
have lower stock returns 

Accounting Book-to-market B/M Rosenberg, Reid and 
Lanstein (1985), DeBondt 
and Thaler (1985)  

High book-to-market ratio stocks earn 
higher returns 

Overreaction: Newswatcher and momentum traders 
have interacted to private information of the stock 
and push the price too low (high) for stocks with low 
(high) growth opportunity which results in a high 
(low) BM for those stocks and we observe a reversal 
in price afterwards.  

Accounting Gross profits GP Novy-Marx (2013) Higher stock returns for profitable than 
unprofitable firms 

Underreaction: The interpretation of a high gross 
profit is slowly reflected in the price induced 
momentum tracing.  Therefore, we observe higher 
gross profit and higher subsequent return. 

Accounting Distress risk 
(O-score) 

OS Ohlson (1980) and Dichev 
(1998) 

Firms with high probability of 
bankruptcy have lower stock returns 

Underreaction: In the process of evaluating distress 
risk, newswatchers slowly interpret the meaning of the 
risk and this creates momentum.  Therefore, we 
observe higher distress risk and lower returns. 
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Table 1. Continued 

Type Anomaly Abbreviation Key papers Short description 
Potential Interpretation under the Hong and Stein 
(1999) Model  

Market based Momentum MOM Jegadeesh and Titman 
(1993) 

Firms with higher returns in past 6 
months continue to have higher returns 
in following 6 months 

Underreaction: This is a classic example used by HS in 
their 1999 study.  The momentum effect is a combined 
result of slow information diffusion among 
newswatchers and momentum traders. Stages 1-3. 

Market based Short-term 
reversal 

SR  Jegadeesh (1990)  Firms with higher returns in past 
month have lower stock returns in 
following month 

Overreaction: The extreme return observed in the 
market is driven by a process of slow (private and 
public) information diffusion and momentum trading 
as described by stages 1 to 3.  The extreme prices are a 
result of market overreaction to certain news.  The 
most extreme returns are most likely to be at the end of 
the momentum trading process and is more likely to 
reverse.  Therefore, we are more likely to observe a 
correction in these extreme returns.  Hence, higher 
returns lead to lower subsequent returns.  

Market based Long-term 
reversal 

LR De Bondt and Thaler 
(1985)  

Stock return reversal, i.e., winner stocks 
in past 5 years become loser stocks 

Market based Maximum 
daily return 

MDR Bali, Cakici and Whitelaw 
(2011) 

Negative relation between firm’s 
extreme daily return in past month and 
stock returns in next month 

Market based Trading 
volume 

DVOL Brennan, Chordia and 
Subrahmanyam (1998) 

Negative relation between dollar 
trading volume and returns 

Diffusion of private information will induce 
newswatchers to trade and create momentum trading.  
Overall, this process will generate a relatively larger 
volume than otherwise.  Particularly, when combining 
the disagreement of investors with a short-sell 
constraint, “A central prediction of these dynamic 
models is that a positive correlation exists between 
trading volume and the degree of overpricing.” (HS 
2007 p124). Therefore, stocks that experience large 
volumes are likely to be those at the end of the 
momentum trading stage (stage 3) and hence a reversal 
is more likely.  
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Table 2. Long-short Spreads and Mispricing Scores 
This table reports long-short spreads based on mispricing scores (following Stambaugh, Yu and Yuan, 2015). Mispricing 
scores are based on accounting anomalies only, market-based anomalies only and all anomalies. See the data and sample 
section for mispricing score construction in detail. In each month, we rank stocks into quintiles based on mispricing score 
rank for each market. Panel A reports market average return results. We first compute the time-series average of long-
short spreads for each market. Then we average the spreads for all developed markets and all emerging markets. Panel B 
reports standardized returns. For each market we compute the time-series average of long-short spreads scaled by their 
standard deviations. In Panels A and B we report equal- and value-weighted returns. The t-statistics are from two sample 
t-tests. ***, ** and * indicate significance at the 1%, 5% and 10% levels. Panel C reports the number of markets with 
significant long-short raw returns. We apply two criteria to determine the significance. We first consider a return as 
significant if its p-value is less than 10%. Second, a spread is considered as significant only if its t-value is greater than 3 
(suggested by Harvey, Liu and Zhu, 2016). 
 
Panel A: Market Average Return 

  equal-weighted   value-weighted 

  Developed Emerging diff (D-E)   Developed Emerging diff (D-E) 

accounting 0.0105*** 0.0041 0.0064  0.0067*** 0.0076*** -0.0009 
 14.02 0.88 1.37  6.72 4.88 -0.49 

market-based 0.0119*** 0.0121*** -0.0002  0.0040*** 0.0048*** -0.0008 
 6.19 6.84 -0.08  4.57 3.41 -0.47 

all 0.0136*** 0.0124*** 0.0011  0.0076*** 0.0079*** -0.0002 

  13.35 8.23 0.63   8.03 5.96 -0.14 

 
Panel B: Market Standardized Return (return/std) 

  equal-weighted   value-weighted 

  Developed Emerging diff (D-E)   Developed Emerging diff (D-E) 

accounting 0.2660*** 0.1570*** 0.1090***  0.1153*** 0.0982*** 0.0171 
 9.74 5.27 2.70  8.08 5.72 0.77 

market-based 0.2617*** 0.2075*** 0.0542  0.0684*** 0.0562*** 0.0122 
 5.74 6.26 0.96  4.88 3.48 0.57 

all 0.2991*** 0.2060*** 0.0932**  0.1251*** 0.1011*** 0.024 

  11.61 6.85 2.35   7.9 5.97 1.04 

 
Panel C: Number of Markets with Significant Spreads 

  equal-weighted 
 num sig. anomaly  num sig. anomaly 

Campbell Harvey's hurdle, t>=3   Developed Emerging diff (D-E)   Developed Emerging diff (D-E) 

accounting 22 13 9  17 8 9 

market-based 19 15 4  12 9 3 

all 22 17 5   19 9 10 

 

  value-weighted 
 num sig. anomaly  num sig. anomaly 

Campbell Harvey's hurdle, t>=3   Developed Emerging diff (D-E)   Developed Emerging diff (D-E) 

accounting 11 10 1  4 1 3 

market-based 7 7 0  1 1 0 

all 14 10 4   5 3 2 
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Table 3. Regression: Long-short Spreads and Newswatcher Efficiency 
This table reports regression results. The dependent variable is monthly long-short spreads based on the mispricing scores (constructed for all anomalies) for each market. 
The independent variables include the quadratic term of newswatcher efficiency and other control variables. Eight proxies of newswatcher are used: investor 
sophistication (SOPHI), institutional ownership (INSTOWN), accounting standard index (ACCT), earnings management score (EMS), analyst dispersion (DISP), 
information opacity (OPA), number of news article (NEWS) and differenced volatility (DV). The control variables include a market development dummy (DEV), 
idiosyncratic volatility (IVOL), R squared (R2), a common law dummy (LAW), efficiency of the judgement system (EFFJUD), anti-director (ANTDIR) and the ownership 
of the three largest private shareholders (C3PRI). We report pooled OLS regressions and standard errors are double-clustered by market and month. ***, ** and * indicate 
significance at the 1%, 5% and 10% levels. 
Panel A: equal-weighted 
 

 SOPHI INSTOWN ACCT EMS DISP OPA NEWS DV 
Intercept -0.0723*** 0.0271*** -0.2262** 0.0220*** -0.0030 0.0221*** 0.0191*** 0.0236*** 

 (3.67) (3.57) (-2.22) (2.70) (-0.09) (2.96) (3.32) (2.75) 
Newswatcher2 -0.0051*** -0.0665** -0.0143** -0.1225*** -0.0044 -3.8422** -0.3948* -0.0180*** 

 (-5.14) (-2.34) (-1.98) (-5.02) (-1.52) (-2.03) (-1.78) (-3.14) 
Newswatcher 0.0443*** 0.0443** 0.1189** 0.0674*** 0.0239 0.2956 0.0635 0.0163** 

 (5.23) (1.96) (2.19) (4.01) (1.22) (1.39) (1.18) (2.31) 
DEV -0.0014 -0.0019 -0.0004 -0.0024 -0.0005 0.0003 0.0024 -0.0008 

 (-0.69) (-0.64) (-0.21) (-1.16) (-0.22) (0.13) (1.54) (-0.40) 
IVOL 0.0608 0.0606 0.0926 0.0265 0.042 0.0265 0.0448 0.0626 

 (0.95) (0.97) (1.64) (0.42) (0.71) (0.42) (0.73) (0.99) 
R2 -0.0105 -0.0134 -0.0117 -0.0186* -0.0204* -0.0147 -0.0146 -0.0127 
 (-1.26) (-1.59) (-1.22) (-1.75) (-1.66) (-1.61) (-1.61) (-1.52) 

LAW -0.0045*** -0.0071*** -0.0043** -0.0048*** -0.0074*** -0.0058*** -0.0050*** -0.0051*** 
 (-2.76) (-5.50) (-2.37) (-2.93) (-3.59) (-3.50) (-3.05) (-2.99) 

EFFJUD 0.0004 -0.0007 -0.0004 0.0007 0.0010 -0.0013 -0.0028 -0.0015 
 (0.30) (-0.34) (-0.17) (0.45) (0.70) (-0.43) (-1.49) (-0.95) 

ANTDIR -0.0003 -0.0008 -0.0000 -0.0011** -0.0007 -0.0003 0.0006 -0.0001 
 (-0.56) (-1.34) (-0.08) (-2.21) (-1.27) (-0.50) (1.08) (-0.18) 

C3PRI -0.0099 -0.0180** -0.0066 -0.0038 -0.0134 -0.0086 0.0001 -0.0099 
 (-1.37) (-2.09) (-0.80) (-0.51) (-1.53) (-1.04) (0.02) (-0.91) 
         

Obs 10714 10714 9731 8407 7621 9967 10112 10714 
R square 0.005 0.004 0.006 0.005 0.006 0.005 0.005 0.004 
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Panel B: value-weighted 

  SOPHI INSTOWN ACCT EMS DISP OPA NEWS DV 

Intercept -0.0582 0.0095 -0.2977*** 0.0024 0.0420 0.0152 0.0011 0.0043 
 (-1.52) (1.02) (-2.85) (0.26) (1.20) (1.65) (0.14) (0.50) 

Newswatcher2 -0.0039* 0.0121 -0.0192*** -0.0540 0.0019 2.7281 -0.6780*** -0.0256*** 
 (-1.78) (0.41) (-2.78) (-1.38) (0.54) (0.97) (-2.65) (-3.61) 

Newswatcher 0.0320* -0.0157 0.1521*** 0.0282 -0.0181 -0.3357 0.1205* 0.0301*** 
 (1.79) (-0.68) (2.87) (1.11) (-0.79) (-1.01) (1.91) (4.54) 

DEV -0.0009 0.0011 -0.0009 -0.0010 -0.0023 0.0012 0.0023 -0.0027 
 (-0.39) (0.38) (-0.35) (-0.36) (-0.88) (0.50) (0.89) (-1.16) 

IVOL 0.0191 0.0199 0.0653 -0.0042 -0.0017 -0.0154 -0.0004 0.0125 
 (0.28) (0.29) (1.26) (-0.06) (-0.03) (-0.20) (-0.01) (0.18) 

R2 -0.0052 -0.0074 -0.0023 -0.0100 -0.0105 -0.0073 -0.0059 -0.0060 
 (-0.54) (-0.75) (-0.22) (-0.77) (-0.80) (-0.70) (-0.57) (-0.62) 

LAW -0.0002 -0.0004 -0.0006 0.0002 -0.0008 -0.0025 -0.0002 0.0005 
 (-0.12) (-0.24) (-0.28) (0.13) (-0.44) (-1.44) (-0.10) (0.35) 

EFFJUD 0.0016 -0.0005 0.0018 0.0016 0.0031 0.0019 -0.0031 -0.0018 
 (0.58) (-0.16) (0.50) (0.63) (1.29) (0.53) (-1.27) (-0.71) 

ANTDIR 0.0007 0.0012 0.0009 0.0010 0.0010** 0.0005 0.0021*** 0.0011 
 (0.96) (1.50) (1.34) (1.23) (2.42) (0.77) (3.06) (1.60) 

C3PRI -0.0075 -0.0024 -0.0043 0.0011 -0.0038 -0.0047 0.0062 -0.0002 
 (-0.88) (-0.26) (-0.54) (0.14) (-0.47) (-0.58) (0.90) (-0.02) 
         

Obs 10714 10714 9731 8407 7621 9967 10112 10714 

R square 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 
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Table 4. Alpha of Developed and Emerging Markets 
This table presents the alpha of the Fama-French 3- and 5-factor models. We run regressions of long-short 
spreads (the long-short spread is based on a mispricing score constructed from all anomalies) on Fama-
French 3- and 5-factor models (global version) for each market. And then compute the average of alpha for 
developed and emerging markets, respectively. Panel A reports Fama-French 3-factor alpha and Panel B 
reports Fama-French 5-factor alpha; and both equal-weighted and value-weighted returns are applied. 
 
Panel A: Fama-French 3-factor 

  equal-weighted   value-weighted 

  Developed Emerging diff (D-E)   Developed Emerging diff (D-E) 

accounting 0.0103*** 0.0049 0.0055  0.0067*** 0.0080*** -0.0013 

 13.71 1.08 1.2  6.58 5.23 -0.69 

market-based 0.0118*** 0.0125*** -0.0007  0.0036*** 0.0049*** -0.0013 

 6.12 7.2 -0.26  3.36 3.19 -0.69 

all 0.0133*** 0.0128*** 0.0006  0.0074*** 0.0078*** -0.0004 

  13.19 7.94 0.29   7.29 5.66 -0.23 

 
Panel B: Fama-French 5-factor 

  equal-weighted   value-weighted 

  Developed Emerging diff (D-E)   Developed Emerging diff (D-E) 

accounting 0.0093*** 0.0059** 0.0034  0.0058*** 0.0070*** -0.0012 

 13.71 2.23 1.24  5.66 5.95 -0.8 

market-based 0.0109*** 0.0114*** -0.0005  0.0030*** 0.0040*** -0.001 

 5.67 5.89 -0.19  2.76 2.66 -0.55 

all 0.0123*** 0.0113*** 0.001  0.0069*** 0.0063*** 0.0006 

  13.01 7.1 0.54   7.23 4.16 0.33 
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Table 5. Regression: Alpha and Newswatcher Efficiency 
This table reports regression results with alpha as the dependent variable. To estimate alpha we run regressions of long-short spreads (the long-short spread is based on 
a mispricing score constructed from all anomalies) on 5-factor models (global version) for each market. Independent variables include the quadratic term of 
newswatcher efficiency, and other control variables. See Appendix III for the definition of newswatcher efficiency proxies and control variables. The t-statistics are 
based on the heteroskedasticity-consistent standard errors of White (1980). ***, ** and * indicate significance at the 1%, 5% and 10% levels. 

 
Panel A: equal-weighted 

  SOPHI INSTOWN ACCT EMS DISP OPA NEWS DV 
Intercept -0.0957*** 0.0210** -0.3197*** 0.0209* 0.0122 0.0184** 0.0108 0.0198** 

 (-3.95) (2.49) (-3.67) (1.84) (0.30) (2.33) (1.46) (2.12) 
NewsWatcher2 -0.0059*** -0.0442 -0.0206*** -0.0976*** -0.0033 -4.8473** -0.4228 -0.0055 

 (-4.38) (-1.22) (-3.29) (-3.40) (-1.08) (-2.14) (-1.59) (-1.04) 
NewsWatcher 0.0508*** 0.027 0.1673*** 0.0466** 0.0157 0.4138* 0.0719 0.0007 

 (4.55) (0.96) (3.58) (2.17) (0.78) (1.74) (1.14) (0.08) 
DEV -0.0019 -0.0020 -0.0009 -0.0029 -0.0032 -0.0018 0.0019 -0.0002 

 (-0.91) (-0.57) (-0.42) (-1.03) (-1.08) (-0.92) (1.18) (-0.10) 
IVOL 0.3633*** 0.3306*** 0.3360*** 0.2144*** 0.1961 0.2699*** 0.3202*** 0.3759*** 

 (4.49) (3.33) (3.63) (2.80) (1.36) (3.03) (3.07) (3.46) 
R2 -0.0155 -0.0343** -0.0354** -0.0378 -0.0575** -0.0507*** -0.0299* -0.0339** 
 (-1.23) (-2.37) (-2.07) (-1.59) (-1.96) (-3.58) (-1.90) (-2.33) 

LAW -0.0029*** -0.0048*** -0.0024 -0.0038*** -0.0053*** -0.0029** -0.0031** -0.0042*** 
 (-2.62) (-3.47) (-1.61) (-2.85) (-3.78) (-2.29) (-2.04) (-3.00) 

EFFJUD 0.0011 -0.0006 -0.0021 0.0005 0.0019 -0.0018 -0.0029 0.0001 
 (0.53) (-0.27) (-0.80) (0.26) (1.20) (-0.65) (-1.22) (0.06) 

ANTDIR -0.0003 -0.0004 0.0002 -0.0008** -0.0006 0.0001 0.0010* -0.0000 
 (-0.51) (-0.45) (0.37) (-2.16) (-1.08) (0.24) (1.72) (-0.08) 

C3PRI -0.0080 -0.0105 -0.0025 -0.0016 -0.0073 -0.0023 0.0050 -0.0100 
 (-1.00) (-1.20) (-0.29) (-0.21) (-0.90) (-0.29) (0.87) (-0.85) 
         

Obs 41 41 37 31 28 38 38 41 
Adj. R squared 0.594 0.368 0.578 0.473 0.495 0.408 0.448 0.375 
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Panel B: value-weighted 

  SOPHI INSTOWN ACCT EMS DISP OPA NEWS DV 

Intercept -0.1416** 0.0065 -0.6679*** -0.0016 0.0694* 0.0146 -0.0219** 0.0087 
 (-2.12) (0.49) (-5.79) (-0.11) (1.72) (0.84) (-2.51) (0.63) 

NewsWatcher2 -0.0083** 0.0683 -0.0430*** -0.0222 0.0050 -0.938 -1.0050** -0.0134* 
 (-2.40) (1.29) (-5.14) (-0.40) (1.39) (-0.19) (-2.50) (-1.80) 

NewsWatcher 0.0690** -0.0625 0.3404*** 0.0022 -0.0385 -0.0373 0.2102** 0.0113 
 (2.37) (-1.53) (5.43) (0.06) (-1.64) (-0.07) (2.22) (0.92) 

DEV -0.0001 0.0045 0.0005 0.0003 -0.0028 0.0011 0.0056* 0.0003 
 (-0.04) (0.89) (0.13) (0.07) (-1.00) (0.30) (1.92) (0.06) 

IVOL 0.1528 0.1495 0.1401 0.1772 0.1498 0.0376 0.2809** 0.1307 
 (0.94) (1.00) (1.02) (1.45) (1.22) (0.23) (2.13) (0.78) 

R2 0.0033 -0.0200 -0.0127 -0.0228 -0.0310 -0.0350 0.0292 -0.0197 
 (0.11) (-0.88) (-0.42) (-0.59) (-1.28) (-1.04) (1.43) (-0.77) 

LAW 0.0005 0.0017 -0.0003 0.0014 0.0010 -0.001 -0.0005 -0.0008 
 (0.21) (0.69) (-0.13) (0.72) (0.59) (-0.50) (-0.25) (-0.35) 

EFFJUD 0.0037 -0.0008 0.0010 0.0021 0.0053** 0.0013 -0.0039 -0.0001 
 (1.03) (-0.19) (0.21) (0.69) (2.21) (0.23) (-1.07) (-0.02) 

ANTDIR 0.0005 0.0020* 0.0010 0.0012 0.0009** 0.0008 0.0026*** 0.0010 
 (0.55) (1.88) (1.28) (1.51) (1.98) (0.85) (3.12) (1.16) 

C3PRI -0.0146 0.0050 -0.0049 0.0011 -0.0003 -0.004 0.0044 -0.0098 
 (-1.36) (0.45) (-0.50) (0.14) (-0.04) (-0.47) (0.68) (-0.73) 
         

Obs 41 41 37 31 28 38 38 41 

Adj. R squared 0.21 0.028 0.351 -0.050 0.142 -0.076 0.171 -0.055 
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Table 6. Frontier Markets 
This table reports long-short spreads for frontier markets based on mispricing scores and a comparison to developed and 
emerging markets. To be included in frontier markets, we require: 1. the average number of stocks in each month is no 
less than 50; 2. the market should have 180 months (15 years). Therefore, 9 frontier markets are included after applying 
the criteria.  Mispricing scores are based on accounting anomalies only, market-based anomalies only and all anomalies. 
See the data and sample section for mispricing score construction in detail. In each month, we rank stocks into quintiles 
based on mispricing score rank for each market.  It reports market average return results. We first compute the time-series 
average of long-short spreads for each market. Then we average the spreads for all developed markets, all emerging markets 
and all frontier markets. Standardized returns are computed as follows. For each market we compute the time-series 
average of long-short spreads scaled by their standard deviations. The t-statistics (in brackets) are from two sample t-tests.  
It also reports the percentage of markets with significant long-short raw returns. We apply two criteria to determine the 
significance. We first consider a return as significant if its p-value is less than 10%. Second, a spread is considered as 
significant only if its t-value is greater than 3. The t-stats for the difference are based on the Fisher Exact test.  Panels A 
and B report equal- and value-weighted results, respectively.   ***, ** and * indicate significance at the 1%, 5% and 10% 
levels. 
 

  Panel A. equal-weighted 

  Developed Emerging Frontier diff (D-E) diff (D-F) diff (E-F) 

Market average returns 0.0136*** 0.0124***  0.0090*** 0.0011 0.0046*** 0.0034 

  (13.35) (8.23) (7.90) (0.63) (2.90) (1.61) 

Standardized returns 0.2991*** 0.2060***  0.1393*** 0.0932** 0.1598*** 0.0667 

  (11.61) (6.85) (5.53) (2.35) (4.33) (1.61) 

num sig. @ 10% anomaly  0.957 0.773 0.444 18.4%* 51.2%*** 32.8%* 

Campbell Harvey's hurdle, t>=3 0.826 0.409 0 41.7%*** 82.6%*** 40.9%*** 

 
      

 
Panel B. value-weighted 

 
Developed Emerging Frontier diff (D-E) diff (D-F) diff (E-F) 

Market average returns 0.0076*** 0.0079***  0.0092*** -0.0002 -0.0016 -0.0013 

  (8.03) (5.96) (6.77) (-0.14) (-0.93) (-0.82) 

Standardized returns 0.1251*** 0.1011***  0.1203*** 0.024 0.0048 -0.0192 

  (7.90) (5.97) (6.36) (1.04) (0.15) (-0.95) 

num sig. @ 10% anomaly  0.609 0.455 0.444 0.154 0.164 0.01 

Campbell Harvey's hurdle, t>=3 0.217 0.136 0 0.081 0.217 0.136 
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Table 7. Time Varying Newswatcher Efficiency: Fama-MacBeth Regression 
This table reports the Fama-MacBeth regression of monthly anomaly returns on squared newswatcher efficiency and 
newswatcher efficiency with the controls of idiosyncratic volatility and R squared. Two newswatcher efficiency proxies are 
constructed, analyst dispersion and differenced volatility. For analyst dispersion (DISP), we compute the standard 
deviation of the one-year earnings forecast divided by the absolute value of the mean forecast, and then scaled by the 
square root of the number of analysts. We use 1 divided by the dispersion so that the larger the value the greater the 
newswatcher efficiency. We then compute the average for each market in each year. For differenced volatility (DV), it is 
the difference between average abnormal earnings announcement event volatility and the average abnormal volatility 
during 55 days before and 55 days after the event. The abnormal volatility is the absolute value of excess return of stock 
return and value-weighted market return. For idiosyncratic volatility, it is the standard deviation of residuals from 
regressions of daily stock returns on market returns in each month and we require at least 15 days in that month. We then 
calculate the average for each market in each year. R squared is from the regression of weekly stock returns on weekly 
market returns with two lead and two lagged market returns – thus correcting for nonsynchronous trading. We then 
compute the average in each year for each market. The time period is from 1994 to 2016 and from 1997 to 2016 for DISP 
and DV, respectively. ***, ** and * indicate significance at the 1%, 5% and 10% levels. 
 

  lnDISP(EW) DV(EW) lnDISP(VW) DV(VW) 

Intercept -0.0802** 0.0127*** -0.0996** 0.0055 
 (-2.47) (2.90) (-2.15) (1.05) 

Newswatcher2 -0.0084*** -91.0502** -0.0102** -66.1679 
 (-2.91) (-2.01) (-2.40) (-1.38) 

Newswatcher 0.0548*** 1.0523** 0.0635** 0.5829 
 (2.88) (2.58) (2.30) (0.96) 

IVOL 0.3619*** 0.2741*** 0.2815** 0.2040 
 (3.78) (3.19) (2.50) (1.63) 

R2 -0.0142 -0.0272** 0.0076 -0.014 
 (-1.52) (-2.49) (0.67) (-1.18) 
     

Adj. R squared 0.030 0.035 0.018 0.001 

Avg. markets 33.2 28.1 33.2 28.1 

Obs 9125 5938 9125 5938 
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Table 8. Long-short Spreads in the U.S. Market (1957-2016) 
This table presents long-short spreads based on mispricing scores in the U.S. market from July 1957 to December 2016. 
We rank stocks into quintiles based on mispricing scores and compute the average of the long-short spread in each month 
(the same procedure as in Table 3). Then we report the time-series average of spreads in each 10-year time period. Both 
equal-weighted and value-weighted spreads are reported in Panels A and B, respectively. ***, ** and * indicate significance 
at the 1%, 5% and 10% levels. 
 
Panel A: equal-weighted 

  Long-short Spread   t 

  Accounting Market based All   Accounting Market based All 

195707-196706 0.0068*** 0.0139*** 0.0112***  4.42 6.74 5.84 

196707-197706 0.0130*** 0.0232*** 0.0204***  5.80 9.38 7.28 

197707-198706 0.0107*** 0.0193*** 0.0159***  4.73 10.2 6.85 

198707-199706 0.0146*** 0.0183*** 0.0194***  7.11 7.03 8.07 

199707-200706 0.0163*** 0.0148*** 0.0195***  4.08 2.81 3.96 

200707-201612 0.0087*** 0.0060** 0.0092***   3.67 1.96 3.05 

  
Panel B: value-weighted 

  Long-short Spread   t 

  Accounting Market based All   Accounting Market based All 

195707-196706 0.0054** 0.0092*** 0.0105***  2.52 4.58 4.55 

196707-197706 0.0073*** 0.0112*** 0.0095***  3.04 3.74 3.20 

197707-198706 0.0091*** 0.0113*** 0.0111***  3.32 3.81 3.77 

198707-199706 0.0042 0.0088*** 0.0073**  1.42 3.23 2.36 

199707-200706 0.0084** 0.0061 0.0108***  2.36 1.19 2.70 

200707-201612 0.0052* 0.0014 0.0034   1.87 0.40 0.91 
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Table 9. U.S. Time-series Regression 
This table reports the time-series regression of anomaly returns on squared newswatcher efficiency and newswatcher 
efficiency with controls of idiosyncratic volatility and R squared. Three newswatcher efficiency proxies are constructed, 
institutional ownership, analyst dispersion and differenced volatility. For institutional ownership (INSTOWN), we 
compute the average ownership every quarter given that the number is reported quarterly. And the regression is using 
quarterly data from 1980 to 2016. For analyst dispersion (DISP), we compute, in each month, the standard deviation of 
the one-year earnings forecast divided by the absolute value of the mean forecast, and then scaled by the square root of 
the number of analysts. We use 1 divided the dispersion so that the larger the value the greater the newswatcher efficiency. 
We then compute the average in each month. And, therefore, we use monthly data from 1981 to 2016. For differenced 
volatility (DV), it is the difference between average abnormal earnings announcement event volatility and the average 
abnormal volatility during the 55 days before and the 55 days after the event. The abnormal volatility is the absolute value 
of excess return of stock return and value-weighted market return. We then compute the average in each year. Therefore, 
we use yearly data from 1972 to 2016. For idiosyncratic volatility, it is the standard deviation of residuals from regressions 
of daily stock returns on market returns in each month and we require at least 15 days in that month. We then calculate 
the average depending on the newswatcher efficiency frequency. R squared is from the regression of weekly stock returns 
on weekly market returns with two lead and two lagged market returns for correcting nonsynchronous trading. ***, ** and 
* indicate significance at the 1%, 5% and 10% levels. 
 
Panel A: equal-weighted returns 

  INSTOWN   DISP   DV 

Intercept -0.1024  -0.5993  -0.0025 
 (-1.33)  (-1.64)  (-0.20) 

Newswatcher2 -2.7268*  -0.0392*  -430.9474** 
 (-1.82)  (-1.67)  (-2.04) 

newswatcher 1.3326*  0.3146*  5.5684* 
 (1.83)  (1.69)  (1.76) 

IVOL -1.0513  -0.0578  0.2853 
 (-1.53)  (-0.19)  (1.09) 

R2 -0.0152  -0.0612**  -0.0174 
 (-0.26)  (-2.09)  (-0.60) 

Adj. R squared 0.021  0.01  0.201 

Obs 147   429   45 

 
Panel B: value-weighted returns 

  INSTOWN   DISP   DV 

Intercept -0.1101  -1.0319**  0.0039 
 (-1.49)  (-2.15)  (0.33) 

Newswatcher2 -2.6211*  -0.0670**  -385.5840* 
 (-1.73)  (-2.20)  (-1.68) 

newswatcher 1.3037*  0.5340**  5.2099 
 (1.77)  (2.19)  (1.54) 

IVOL -0.9232  -0.1766  0.0353 
 (-1.25)  (-0.62)  (0.11) 

R2 -0.0439  -0.0801**  -0.0583* 
 (-0.60)  (-2.31)  (-1.81) 

Adj. R squared 0.021  0.033  0.13 

Obs 147   429   45 
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Table 10. Aggregated Newswatcher Measures 
 
This table reports the factor analysis on six newswatcher proxies and the factors’ explanatory power of the anomalies 
around the globe.  Panel A reports the factor loading patterns. Panel B reports the regression results using long short 
spread as dependent variables.  All the independent variables are defined as in Table 3, except the newswatcher measures 
are factors from the factor analysis. We report pooled OLS regressions and standard errors double-clustered by market 
and month. ***, ** and * indicate significance at the 1%, 5% and 10% levels. 

   
Panel A Factor pattern 

 Factor1 Factor2 

DV 0.9198 0.2378 

OPA 0.8660 0.4580 

SOPHI 0.8288 0.5230 

INSTOWN 0.8269 0.4049 

ACCT 0.8137 0.5330 

NEWS 0.3524 0.9242 

 
Panel B. Regression using the long-short spread as the dependent variable 
 

  Equal-weighted   Value-weighted 
  Factor1 Factor2   Factor1 Factor2 

Intercept 0.0208*** 0.0178***  0.0002 -0.0026 
 (3.00) (3.22)  (0.02) (-0.32) 

NewsWatcher2 -0.0031*** -0.0020**  -0.0031*** -0.0022*** 
 (-4.61) (-2.39)  (-3.74) (-2.65) 

NewsWatcher 0.0032** 0.0057*  0.0035*** 0.0063* 
 (2.11) (1.82)  (2.90) (1.95) 

DEV 0.0042** 0.0034  0.0039 0.0034 
 (1.96) (1.58)  (1.34) (1.23) 

IVOL 0.0297 0.0311  -0.0035 -0.0034 
 (0.60) (0.62)  (-0.07) (-0.07) 

R2 -0.0148 -0.0138  -0.0037 -0.0027 
 (-1.47) (-1.38)  (-0.34) (-0.25) 

LAW -0.0066*** -0.0072***  -0.0010 -0.0017 
 (-3.25) (-3.30)  (-0.69) (-1.04) 

EFFJUD -0.0017 -0.0017  -0.0002 -0.0003 
 (-0.73) (-0.65)  (-0.08) (-0.12) 

ANTDIR 0.0009 0.0011*  0.0019** 0.0022*** 
 (1.56) (1.67)  (2.55) (2.79) 

C3PRI -0.0048 -0.0024  0.0016 0.0037 
 (-0.57) (-0.34)  (0.16) (0.44) 
      

Obs 8754 8754  8754 8754 
R square 0.0063 0.0065   0.0012 0.0014 
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Figure 1. Information Diffusion and Anomalies  
This figure illustrates the key building blocks in the Hong and Stein (1999) model and overlays a hypothetical price movement for a piece of good news that is value 
relevant.  Panel A describes the four different stages of the price discovery process with the presence of newswatchers, early and late momentum traders that leads to a 
pattern of mispricing covering two types of anomaly: underreaction and overreaction. Panel B demonstrates the nonlinear relationship between three levels of 
newswatcher efficiency/information diffusion speed and the observed anomalies.     
 
Panel A. Price discovery process with newswatcher and momentum traders 
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Panel B. Price discovery process with different levels of newswatcher efficiency 
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Figure 2. Comparative Statics with Respect to the Information Diffusion Parameter 
This figure plots the relationship between the information diffusion parameter (z) and momentum intensity (phi), and 

between z and the standard deviation of pricing error (Pt − Pt*), in Panels A and B, respectively. The solution to 
momentum intensity is based on Equation (7) from Hong and Stein (1999). The predetermined parameters are as 
follows: the momentum traders’ horizon is 12, the volatility of news shocks is 0.5, and the momentum traders’ risk 
tolerance is 1/3. 

 
Panel A. Momentum Intensity 

 
Panel B. Standard Deviation of Pricing Error 
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Figure 3. Information Diffusion Speed and Momentum Intensity 
This figure plots the relationship between information diffusion speed and momentum intensity. The solution to 
momentum intensity is based on Equation (7) from Hong and Stein (1999). The predetermined parameters are as 
follows: the momentum traders’ horizon is 12, the volatility of news shocks is 0.5, and the momentum traders’ risk 
tolerance is 1/3. 
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Figure 4. Predicted Effect of Newswatcher Efficiency  
 
This figure reports the effect of newswatcher efficiency on the predicted anomaly returns, using the coefficients reported 
in Table 3. The dependent variable is monthly long-short spreads based on the mispricing scores (constructed for all 
anomalies) for each market. The predicted values of the long-short spreads are calculated by varying the newswatcher 
efficiency variables (NwE) from their sample minimum to maximum while holding other variables in the equation at 
their sample mean level. These predictions are plotted against the value of the NwE variables. We also indicate the 
predicted ranges that cover the variations in NwE for emerging and developed markets separately. 
Panel A: equal-weighted  

  

  

  

  
  



52 

 

Figure 4. Continued 
Panel B: value-weighted 
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Figure 5. Long-short Returns across Size Groups 
This figure plots long-short spreads for developed markets and emerging markets across 5 size groups. Following Hong, 
Lim and Stein (2000), we apply an independent sort to rank firms into 5 mispricing score groups based on the mispricing 
score and 5 size groups based on market value. In each market, we compute average long-short spreads between low and 
high mispricing score portfolios for each size group every month. Then we calculate the average of long-short spreads for 
each size group across developed markets and emerging markets, respectively. ***, ** and * near the size group indicates 
the difference between developed and emerging markets is significant at the 1%, 5% and 10% levels Panels A and B are 
equal-weighted and value-weighted spreads, respectively. 
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Panel B: value-weighted 
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Figure 6. Time-series Newswatcher Efficiency 
The figure plots analysts’ dispersion and differenced volatility over time. For analysts’ dispersion (DISP), we compute the 
standard deviation of the one-year earnings forecast divided by the absolute value of the mean forecast, and then scaled 
by the square root of the number of analysts. We use 1 divided by the dispersion so that the larger the value the greater 
the newswatcher efficiency. We then compute the average for each market in each year and calculate the average across 
developed and emerging markets respectively in each year. For differenced volatility (DV), it is the difference between 
average abnormal earnings announcement event volatility and the average abnormal volatility during 55 days before and 
55 days after the event. We calculate the average across developed and emerging markets respectively in each year. The 
abnormal volatility is the absolute value of excess return of stock return and value-weighted market return. D and E 
indicate developed and emerging markets, respectively. 

 
Panel A: analyst dispersion 

 
Panel B: differenced volatility 
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Figure 7. Long-short Spreads in the U.S. Market (1957-2016)  
This figure reports the long-short spreads and t values based on mispricing scores in the U.S. market from July 1957 to 
December 2016 that are reported in Table 6.  Both equal-weighted and value-weighted spreads are reported in Panels A 
and B, respectively. 

 
Panel A: equal-weighted 

 
 
Panel B: value-weighted 

 
  

0

2

4

6

8

10

12

0

0.005

0.01

0.015

0.02

0.025

Long-short Spread - equal-weighted

Accounting Market based All

Accounting - t Market based - t All - t

0
0.5
1
1.5
2
2.5
3
3.5
4
4.5
5

0

0.002

0.004

0.006

0.008

0.01

0.012

Long-short Spread - value-weighted

Accounting Market based All

Accounting - t Market based - t All - t



57 

 

 

Appendix I. Anomaly Variable Definitions and Construction 

Accounting-based Anomalies 

For the accounting-based anomalies, all firms for each market type are divided into quintiles based on 

the anomaly variable at the end of June in each year t. The average return for each quintile is computed 

monthly from July in year t to June in year t + 1. The definitions of the eight accounting-based 

anomalies are given below. 

Accruals (Acs). Following Sloan (1996), accruals are computed via the following formula: 

𝐴𝑐𝑐𝑟𝑢𝑎𝑙𝑠 = (∆𝐶𝐴 −  ∆𝐶𝑎𝑠ℎ) − (∆𝐶𝐿 −  ∆𝑆𝑇𝐷 − ∆𝑇𝑃) – 𝐷𝑒𝑝, 

where ΔCA is the change in current assets; ΔCash is the change in cash and short-term 

investments; ΔCL is the change in current liabilities; ΔSTD is the change in debt included in 

current liabilities; ΔTP is the change in income tax payable; and Dep is the depreciation and 

amortization expense. Accruals are then scaled by average total assets in the previous two 

years. 

Asset growth (AG). Asset growth is defined as the yearly percentage change between previous and 

current fiscal years. 

Investment-to-assets (IA). Investment-to-assets is the ratio of the change in gross property, plant, and 

equipment plus the change in inventories scaled by total assets in previous year. 

Net operating assets (NOA). Net operating assets is net operating assets divided by total assets in the 

previous year. Net operating assets is the difference between operating assets and operating 

liabilities. 

Net stock issue (NSI). Net stock issue is the natural log of the ratio of adjusted shares outstanding scaled 

by that in previous year. 

Book-to-market (B/M). Following Fama and French (1993), the book-to-market ratio is the book value 

of equity in the previous fiscal year over the market value of equity at the end of the previous 

year. Book value is total assets minus liabilities, plus balance sheet deferred taxes and 

investment tax credits, minus preferred stock liquidation or carrying value if available. 

Gross profits (GP). In accordance with Novy-Marx (2013), we construct gross profits as firm gross 

profits scaled by firm total assets. Firm gross profits are the difference between total revenue 

and the cost of goods. 
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Investment growth (IG). Investment growth is the percentage change in capital expenditure in the 

previous fiscal year. 

Distress risk (OS). Distress risk or O-score is formed by following Ohlson (1980). O-score is calculated 

as follows: 

−1.32 − 0.407∗log(TA) + 6.03∗TLTA − 1.43∗WCTA + 0.076∗CLCA − 1.72∗OENEG  

− 2.37∗NITA − 1.83∗FUTL + 0.285∗INTWO − 0.521∗CHIN, 

where TA is a firm’s total assets; TLTA is total liabilities divided by total assets; WCTA is 

working capital divided by total assets; CLCA is current liabilities divided by current assets; 

OENEG is a dummy variable of 1 if total liabilities are greater than total assets and 0 

otherwise; NITA is net income divided by total assets; FUTL is funds provided by operations 

plus depreciation and then divided by total liabilities; INTWO is a dummy variable that equals 

1 if net income is negative in the last two years and 0 otherwise; CHIN is a ratio where the 

numerator is net income change and the denominator is the sum of the absolute value of net 

income in year t and the absolute value of net income in year t − 1. 

Working capital accruals (WAcs). Working capital accruals are defined as the sum of accruals (see Acs) 

and depreciation divided by the average total assets of the previous two years. 

Composite equity issue (CEI). Composite equity issue is the natural log of market value in month t divided 

by market value in month t-11 and then minus the cumulative log return in the past 12 

months. 

 

Market-based Anomalies 

For the market-based anomalies, portfolios are formed and updated monthly. The definitions of the 

eight market-based anomalies are given below. 

Beta (Beta). Beta is estimated via the following formula: 

𝛽𝑖 = 𝜌
𝜎𝑖

𝜎𝑚
 , 

where 𝜌 is the correlation between the stock return and the market return. Correlation is 

calculated in each month by using the past five years’ daily return, with at least 750 daily 

returns required. 𝜎𝑖 and 𝜎𝑚 are the standard deviations of the stock returns and the market 

returns respectively. The standard deviation is estimated in each month by using the past two 

years’ daily return, with at least 120 daily returns required. All firms are then divided into 
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quintiles based on beta in the last month. The current month return is computed for each 

quintile. 

Trading volume (DVol). We separate firms into quintiles according to the average daily value of dollar 

trading volume in the past six months, and compute the decile returns in the current month. 

Idiosyncratic volatility (IVol). Idiosyncratic volatility is the standard deviation of residuals from regressions 

of daily stock returns on market returns in each month. Quintiles are constructed at the end 

of each month based on previous idiosyncratic volatility. The current month return is 

computed for each quintile. 

Illiquidity (Illiq). Illiquidity is the average of daily returns divided by daily trading volume over the past 

six months. Daily trading volume is the price multiplied by the number of shares traded. All 

the firms are ranked into quintiles in each month t based on illiquidity in month t − 1. The 

current month return is computed for each quintile. 

Long-term reversal (LRev). Firms are ranked into quintiles based on returns from t − 60 to t − 13 in each 

month and we compute the average quintile returns on the current month. 

Maximum daily return (MDR). Following Hou, Xue and Zhang (2015), we rank firms into quintiles 

according to the maximum daily return in the past month, and calculate returns on the 

current month. 

Momentum (Mom). Momentum is about price continuation – that is, stocks with higher returns in the 

past 6 to 12 months performing better in the next 6 to 12 months (Jegadeesh and Titman, 

1993). We form momentum portfolios based on the previous six months’ returns. All firms 

are divided into quintiles based on the buy-and-hold return over the past six months in each 

month. The subsequent six months’ return is then computed for each quintile in each month. 

Short-term reversal (SRev). Firms are divided into quintiles based on past month returns and we compute 

the average decile returns on the current month. 

Total volatility (TVOL). Total volatility is the standard deviation of daily return in a month. 
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Appendix II. Country Summary 

This table shows a descriptive summary for each market in our sample. The detailed market screening is in the 
data and sample section. The minimum, average and maximum of stocks per month along with total number 
of stocks and total number of months are presented for each market. Further, the table reports the total number 
of stocks with a valid mispricing score and the proportion with respect to the total number of stocks. In addition, 
the MSCI classification is used to indicate a developed or emerging market. 

 

Market 

Min. 
num 

stocks 
per 

month 

Average num 
of stocks per 

month 

Max. 
num of  
stocks 

per 
month 

Total  
num of 
stocks 

Num  
month 

Total num of 
stocks with  

valid mispricing 
score 

Pct of stocks 
with 

valid mispricing 
score 

MSCI 
classification 

ARG 40 65.6 89 163 282 75 46.0% Emerging 

AUS 371 1187.5 1824 3027 282 2273 75.1% Developed 

AUT 69 87.1 105 188 282 118 62.8% Developed 

BEL 56 136.0 164 305 282 165 54.1% Developed 

BRA 30 117.6 196 271 220 187 69.0% Emerging 

CAN 1081 2406.7 3079 5429 282 2460 45.3% Developed 

CHE 99 231.8 289 492 282 267 54.3% Developed 

CHL 40 132.3 188 265 282 172 64.9% Emerging 

CHN 30 1343.3 3149 3250 276 2823 86.9% Emerging 

DEU 305 713.6 949 1476 282 1002 67.9% Developed 

DNK 33 162.0 218 354 282 193 54.5% Developed 

EGY 30 132.2 200 254 219 141 55.5% Emerging 

ESP 109 149.5 190 366 282 206 56.3% Developed 

FIN 46 113.5 143 234 280 170 72.6% Developed 

FRA 302 681.9 819 1729 282 1061 61.4% Developed 

GBR 1220 1793.9 2159 4803 282 2773 57.7% Developed 

GRC 31 218.9 331 406 269 255 62.8% Emerging 

HKG 117 205.3 266 339 282 172 50.7% Developed 

IDN 134 307.9 516 632 282 412 65.2% Emerging 

IND 130 1435.1 3725 4286 282 3179 74.2% Emerging 

IRL 34 58.4 74 167 282 106 63.5% Developed 

ISR 68 287.7 512 736 263 407 55.3% Developed 

ITA 186 250.9 307 627 282 387 61.7% Developed 

JOR 33 128.5 227 256 260 123 48.0% Emerging 

JPN 1719 3410.8 3971 5324 282 3963 74.4% Developed 

KOR 161 1221.8 1926 2762 282 1574 57.0% Emerging 

LKA 37 176.7 282 337 282 205 60.8% Emerging 

MEX 39 87.9 123 248 282 122 49.2% Emerging 

MYS 214 773.0 1003 1308 282 1072 82.0% Emerging 

NGA 37 123.5 187 231 191 100 43.3% Emerging 

NLD 142 181.3 243 410 282 268 65.4% Developed 

NOR 60 163.5 239 499 282 340 68.1% Developed 

NZL 43 115.6 153 300 282 191 63.7% Developed 

PAK 34 253.8 446 552 280 330 59.8% Emerging 

PHL 42 182.2 243 315 282 199 63.2% Emerging 

POL 31 323.6 811 1007 257 599 59.5% Emerging 

PRT 41 56.2 80 135 282 79 58.5% Developed 

RUS 30 107.6 248 475 254 254 53.5% Emerging 

SGP 175 456.2 642 934 282 762 81.6% Developed 

SWE 83 315.9 630 1038 282 705 67.9% Developed 

THA 315 458.1 676 945 282 580 61.4% Emerging 

TUR 48 260.6 410 502 282 322 64.1% Emerging 
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TWN 197 996.1 1799 2224 282 1879 84.5% Emerging 

USA 3664 5253.6 7525 14884 282 12732 85.5% Developed 

ZAF 268 349.8 528 977 282 377 38.6% Emerging 
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Appendix III. Information Environment, Investor Sophistication and Control Variables  

Sophistication (SOPHI) 

Sophistication is the average of the sophistication score from 2006 to 2014 for each market. The sophistication 

score is from the World Economic Forum and it ranges from 1 to 7 (7 is the best). 

Institutional ownership (INSTOWN) 

Institutional ownership is the average of institutional ownership across all firms in each market from 2010 to 

2013. Firm-level institutional ownership is from Thomson Reuters 13F for the U.S. and Bloomberg for other 

markets. Thomson Reuters 13F contains significant data error after 2013 and Bloomberg provides institutional 

ownership data from 2010. 

Accounting standard index (ACCT) 

The accounting standard index is from La Porta et al. (2000). A higher value means better accounting standards. 

Earnings management score (EMS) 

The earning management score is from Leuz, Nanda and Wysocki (2003) and a higher value means poorer 

earnings quality. We use the reciprocal of EMS as the newswatcher efficiency proxy as it is easier to interpret 

(the higher value means better efficiency). 

Analyst dispersion (DISP) 

Following Jin and Myers (2006), analyst dispersion is the standard deviation of the one-year earnings forecast 

divided by the absolute value of the mean forecast, and then scaled by the square root of the number of analysts. 

We use 1 divided the dispersion as it is easier to interpret. We then compute the average across all available 

firms in each month for each market. Earnings forecast data are between 1993 to 2016 from the I/B/E/S 

summary file.  

Opacity index (OPA) 

 The opacity index is from Kurtzman, Yago and Phumiwasana (2004). A higher value means less information 

and more opacity. To make it easier to interpret, we use the reciprocal of the index as a proxy for newwatcher 

efficiency. Therefore, higher values mean greater efficiency. 

Number of news article (NEWS) 

It is the number of news articles scaled by number of firms for each market. Both the number of news articles 

and the number of firms are from Griffin, Hirschey and Kelly (2011) Table 1. 

Differenced volatility (DV) 

Following Griffin, Hirschey and Kelly (2011), differenced volatility is measured as the difference between 

average abnormal event volatility and the average abnormal volatility during 55 days before and 55 days after 

the event. Data ranges between 1993 to 2016. The abnormal volatility is the absolute value of excess return of 

stock return and value-weighted market return. 

Development dummy (DEV) 
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This is a dummy variable with 1 for developed markets and 0 for emerging markets. The market development 

classification is from MSCI. 

Idiosyncratic volatility (IVOL) 

Idiosyncratic volatility is the standard deviation of residuals from regressions of daily stock returns on market 

returns in each month and we require at least 15 days in that month. We then calculate the average of 

idiosyncratic volatility across all stocks in each month for each market from 1993 to 2016. 

R square (R2) 

Following Watanabe et al. (2013), in each year, R squared is from the regression of weekly stock returns on 

weekly market returns with two lead and two lagged market returns for correcting nonsynchronous trading. We 

then compute the average of R squared across all stocks in each year for each market from 1993 to 2016. 

Common law (LAW) 

This is a dummy variable with 1 for common law and 0 for non-common law. Data are from La Porta et al. 

(2000). 

Efficiency of judicial system (EFFJUD) 

Data are from La Porta et al. (2000). It measures investors' assessments of conditions of the judicial system and 

it ranges from 0 to 10. Higher values mean higher efficiency levels. 

Anti-director score (ANTDIR) 

Data are from La Porta et al. (2000). The values range from 0 to 6 and higher values means stronger shareholder 

protection.  

Ownership of the 3 largest private shareholders (C3PRI) 

This is the average percentage of common shares owned by the three largest shareholders in the 10 largest 

nonfinancial, privately owned domestic firms in a market. Data are from La Porta et al. (2000). Higher values 

mean poorer investor protection. 

 


