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Abstract 

This paper investigates the use of the representativeness heuristic and herding recommendation by experts in 
Taiwanese investment magazines. We reveal that high-performing experts exhibit less use of representativeness 
heuristics and more use of herding stock recommendations than poor performers do. Representativeness and herding 
recommendations increase when sentiments are pessimistic and during bull markets. In general, more representative 
stocks yield lower abnormal returns and higher return comovement. However, for high-performing experts, 
recommendations with some degree of representativeness have a higher abnormal return than do recommendations 
with no representativeness. In addition, stock return comovement caused by herding recommendations catches more 
market-level news than does stock return comovement that is caused by representativeness. 
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1. Introduction 

Making informed investment decisions is very important specifically in competitive markets (Riasi, 2015) that offer 
tons of different investment opportunities to the potential investors. In this article, we document and explain whether 
experts in investment magazines overweight or underweight information when recommending stocks and how these 
recommending behaviors affect price formation and stocks perform in the Taiwanese stock market. 
Representativeness results in investors labeling an investment as good or bad according to its recent performance 
(Baker & Ricciardi, 2014). Investors buy stocks after prices rise, expecting these increases to continue, and ignore 
stocks when their prices are below their intrinsic values. People who use the representativeness heuristic to make 
investment decisions believe that they can see patterns in what is actually a truly random process. Technical traders’ 
extrapolations based on past data are an example of this type of representativeness. When forming posterior beliefs, 
people using the representativeness heuristic focus on their current information at the expense of their prior 
knowledge. In the finance market, the representativeness bias typically leads to initial overreaction. Therefore, 
representativeness predicts subsequent return reversals. Barberis (2013) argues that the representativeness heuristic is 
largely responsible for the overly optimistic precrisis expectation formation. Luo (2013) reports that 
representativeness heuristic traders can derive more expected profit from misevaluations (created by noise traders) 
than rational traders can. Consequently, traders operating under the representativeness heuristic can endure alongside 
or even drive out rational traders in the long term.  

Herding behavior results when experts (i) receive similar information, leading them to take similar actions, or (ii) 
gain unrelated new information but make the same decisions because their incentive structure encourages imitation 
(Jegadeesh & Kim, 2010). Unlike representativeness heuristic traders, who think that current and recent information 
persists, the herding recommendation occurs when experts emphasize current public news and ignore private news. 
The motivation of representativeness is irrational, whereas the herding recommendation is rational. Both 
information-driven and non-information-driven herding recommendations are aimed at yielding the superior 
performance.  

Taiwan’s stock market is dominated by domestic individual investors (who constituted approximately 60% of 
investors in July 2014) rather than institutional or foreign investors. The abilities of individual investors to gather and 
interpret news are poor. These individual investors consult “financial experts” for advice regarding investment 
decisions. Financial experts play key roles in collecting, processing, and distributing information about firms to 
investors. These experts issue value-relevant information for end users about corporate data, though there is 
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widespread evidence that they fail to fully reflect all the available information in their recommendations (see Ertimur, 
Muslu & Zhang, 2011; Hribar & McInnis, 2012; Fang & Yasuda, 2014). Such experts who provide information 
include employees of investment banks, independent research firms, brokerages, and magazines. Unlike security 
analysts employed by investment banking firms, experts working for magazines do not exhibit incentive to public the 
bias research pandering their employers’ current or potential relationship clients. In addition to offering general 
investment-related information about capital markets, magazine experts (Note 1) often provide direct-buy stock 
recommendations based on self-contained research procedures.  

Investment experts do not have equal stock-selection abilities. Fang & Yasuda (2014) report that trading according to 
All-American analysts’ buy and sell recommendations earns investors higher risk-adjusted returns than does 
following the recommendations of other analysts. The cross-sectional differences in experts’ recommendations result 
from varying human capital endowments. Additionally, many experts specialize in specific firms. One of our 
research questions is whether high-performing experts exhibit fewer adherences to the representativeness heuristic 
when selecting stocks than low-performing experts do. To analyze how expert characteristics are associated with 
adherence to the representativeness heuristic when making recommendations, we construct three rules to distinguish 
the types of experts. The first rule addresses the media appearance frequency; the media exposure of experts adds an 
advertisement effect to their stock recommendations. The second rule estimates experts’ win probabilities, and the 
third rule calculates their Sharpe ratios. Both the second and third rules measure experts’ firm-specific human capital, 
which evaluates the strength of an expert’s ability to produce firm-specific information. In contrast to assessing win 
probability, the Sharpe ratio measures risk-adjusted performance, which is excess return against risk. 

One variable associated with cognitive bias is investor sentiment which reflects optimism or pessimism about stocks 
in general (Baker, Wurgler, & Yu, 2012). The existence of positive or negative sentiment in the market may affect all 
participants, including financial experts. Hribar & McInnis (2012), analyzing the U.S. market, report that when 
sentiment is positive, analyst forecasts are more optimistic regarding hard-to-value stocks. Our second research 
question is how sentiment and market condition affect the representativeness heuristic of experts’ stock 
recommendations. 

Under the behavioral view of return comovement, representativeness can lead to sample size neglect (i.e., many 
investors choose to trade only a subset of all available securities). As these investors’ risk aversion and sentiment 
change, they alter their exposure to the securities they hold, thereby inducing a common factor in the returns of these 
securities. This “habitat” view of comovement predicts that there is a common factor in the returns of the securities 
that are the primary holdings of a specific subset of investors such as representativeness traders. Xu, Chan, Jiang, & 
Yi (2013) confirm the positive association between analyst coverage and stock return synchronicity measured by a 
firm’s R2 in China. They indicate that star analyst coverage reduces stock return synchronicity. Our final research 
question is whether stocks with increased representativeness exhibit more stock return synchronicity than those with 
decreased representativeness do.  

The rest of this paper is organized as follows. Section 2 discusses related literature and our hypothesis development. 
Section 3 details the data and variable construction. Section 4 presents our empirical findings. Section 5 provides 
concluding remarks. 

2. Prior Literature and Hypotheses 

Three strands of literature relate to our study. The first strand covers cognitive errors made by analysts during the 
information production process in developed and emerging markets. Loh & Stulz (2011) examine the paradigm shift 
hypothesis and report that the probability of an influential recommendation is higher for leader and star analysts. The 
analysts who are likely to make influential recommendations are highly ranked and have a history of being ahead of 
the crowd. Rangvid, Schmeling, & Schrimpf (2013) report that young and less experienced forecasters as well as 
forecasters whose pay depends more on performance relative to a benchmark rely on the beliefs of others when 
forming their own forecast. Therefore, our testable hypotheses are: 

H1a. Experts who are more highly skilled at making stock recommendations relied on representativeness less than 
those who are less skilled do.  

H1b. Experts with high media exposure have an advertising effect on their stock recommendations, thus these stocks 
have a stronger presence in the minds of other experts. 

The second strand of literature is a range of heuristics that may be employed by investors in making sentiment-based 
decisions (Shiller, 2005). Akhtar, Faff, Oliver, & Subrahmanyam (2012) find that a negative market effect occurs 
upon the release of unfavorable sentiment news; there is no market reaction for the counterpart favorable news. 
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Notably, this effect seems most likely to occur in salient stocks (Note 2), which is consistent with the availability 
heuristic. Hoffmann, Post, & Pennings (2013) report that investor perceptions fluctuate significantly during the 
financial crisis, with risk tolerance and perceptions being less volatile than return expectations. Corredor, Ferrer, & 
Santamaria (2014) ascertain that the optimism in analyst forecasts stem from both cognitive bias and strategic 
behavior. Thus, we posit the following: 

H2. Experts’ behavior when recommending stocks is affected by sentiment and market status. 

The comovement in prices reflects comovement in both fundamental values and behavioral views. Regarding the 
fundamental view of comovement, Xu et al. (2013) measure the positive association between analyst coverage and 
stock return synchronicity measured by a firm’s R2 in China and confirm that star analyst coverage reduces stock 
return synchronicity. In contrast with the fundamental view, Barberis and Shleifer (2003) propose a behavioral view 
of comovement. They argue that to simplify the portfolio allocation process, many investors first group stocks into 
categories, such as small-cap stocks or automotive industry stocks, and then allocate funds across these various 
categories. Hillert, Jacobs, & Müller (2014) find that firms reported on the media exhibit, ceteris paribus, 
substantially stronger momentum. Media coverage can exacerbate investor biases, leading return predictability to be 
strongest for firms in the public eye. Therefore, we propose the following hypotheses: 

H3a. Stocks with higher representativeness have greater stock return synchronicity than those with lower 
representativeness do.  

H3b. Stocks recommended by more experts incorporate more market-wide information (i.e., have greater stock 
return synchronicity) than less-recommended stocks do. 

H3c. Stocks recommended by numerous experts contain more market-level information (i.e., have greater stock 
return synchronicity) than those with high representativeness do. 

3. Research Design 

3.1 Sample Selection 

We collect stock recommendations and expert-related data from two popular weekly magazines (Marbo and Wealth 
Invest Weekly) (Note 3) in Taiwan from January 2011 through July 2015. Stock returns are calculated by total return, 
which includes dividend and price changes. We use the Taiwan Economic Journal (TEJ) database as the primary 
source for stock returns and financial data. To calculate expert performance, we identify experts and note the stocks 
they cover. Following standard practices, we exclude financial firms. Our results contain 26,896 firm-week 
observations covered by 66 experts. We then calculate expert performance of portfolios grouped weekly according to 
the stocks recommended on the Friday of the issue week, resulting in 2,291 portfolio-week observations. 

3.2 Expert Classification 

We use three approaches to categorize experts. The first approach ranks experts according to number of media 
appearances (Note 4). Experts who make frequent media appearances (in the top third of the group) are considered to 
have high exposure, and the others are categorized as having low exposure. The high-exposure group comprises 22 
experts, and the low-exposure group comprises 44 experts. 

The second approach uses the experts’ win probability. First, we calculate the equal-weighted excess return 
(recommended stock’s return minus corresponding market return) of the stocks covered by each expert weekly. For 
example, in the first week, we measure the week return from January 3, 2011 to January 7, 2011 for each expert 
featured in the aforementioned magazines. We then count how many times each expert outperformed the market 
return. The experts are ranked according to the value of the number of times they outperformed the market return 
divided by the number of total recommendations. Experts who rank in the top third are identified as high win 
probability experts, whereas all others are deemed non-high win probability experts. To avoid a small sample bias, 
experts with fewer than 10 recommendations are excluded from the high win probability experts. The high win 
probability expert group contains 10 experts, and the non-high win probability expert group comprises 56 experts. 

The third approach calculates the Sharpe ratio of each expert’s weekly recommended portfolio, and ranks experts by 
their weekly Sharpe ratio median during the study period. We divide the Sharpe ratios into high-, median-, and 
low-Sharpe ratio groups. The literature commonly uses the Sharpe ratio to assess analysts’ performance. We begin 
our analysis by providing evidence regarding whether the various expert groups exhibit, on average, distinct 
representativeness heuristic and herding recommendations.  
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3.3 Representativeness Heuristic Measurement 

Because of the representativeness heuristic, people tend to select “hot” and past winner stocks. We define a hot stock 
as a stock that has better technical analysis or the dominant chip index (i.e., high institutional holding and insider 
holding).  

3.4 Technical Index Analysis 

According to the moving average (MA) rule, we assess whether experts place too much weight on short-term 
information and too little weight on long-term information. Let Pj,t (Qj,t) denote the price (trade volume) of stock j on 
day t. The L-day MA indicators of stock j on day t are defined as follows: 
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Where PAj,t,L (QAj,t,L) is the average prices (trade volume) of the past L days. In this paper, 5-, 20- and 60-day MAs 
are investigated to consider short- and long-term information. We construct two indexes to act as proxies on the 
better technical side. A recommended stock whose 5-day MA of price is greater than its 20- and 60-day MAs has an 
Index 1 of 1; otherwise, its Index 1 is 0. A recommended stock whose 5-day MA of price is greater than its 20-day 
MA but less than its 60-day MA has an Index 1-1 of 1; otherwise its Index 1-1 is 0. In general, trade volume 
pushups the changes of price, meaning that this logic extends to quantities. A recommended stock whose 5-day MA 
of trade volume is greater than its 20- and 60-day MAs has an Index 2 of 1; otherwise, its Index 2 is 0. A 
recommended stock whose 5-day MA of trade volume is greater than its 20-day MA but less than its 60-day MA has 
an Index 2-1 of 1; otherwise, its Index 2-1 is 0. 

3.5 Chip Index Analysis 

We construct Indexes 3, 4, and 5 to identify the dominant chip side. If a stock’s net buying and selling by institutional 
investors (including foreign institutions, securities investment trust companies, and dealers) and margin trading 
investors during the final week before the magazine’s issue date is larger than 0, then its Index 3 is 1; otherwise, its 
Index 3 is 0. If only the margin trading inventors’ net buying and selling of the stock is larger than 0, then the stock’s 
Index 3-1 is 1; otherwise, its Index 3-1 is 0. A stock whose percentage of institutional trading is greater than the 
percentage of margin trading has an Index 4 of 1; otherwise, its Index 4 is 0. A stock whose proportion of 
transactions made by foreigner institutional trading is greater than the proportion of transactions made by domestic 
institutional investors (including securities investment trust companies and dealers) has an Index 4-1 of 1; otherwise, 
its Index 4-1 is 0. A stock whose proportion of transactions made by dealers is greater than the proportion of 
transactions made by securities investment trust companies has an Index 4-2 of 1; otherwise, its Index 4-2 is 0. 
Margin trading inventors’ net buying and selling is a proxy for the behavior of individual investors. If both the ratio 
of margin purchase and short sales of a stock are less than 40%, the stock’s Index 5 is 1; otherwise, its Index 5 is 0. 
If either the ratio of margin purchase or short sales is greater than 40%, Index 5-1 is 1; otherwise, its Index 5-1 is 0. 

3.6 Past Winner Stocks 

We construct an index to indicate whether the past excess return of a recommended stock is larger than 0. The past 
excess return is defined as the last week (month) return of the recommended stock minus the corresponding market 
return Rj,wt – Rm,wt (Rj,mt–Rm,mt) before the magazine’s issue date. A stock whose Rj,wt – Rm,wt and Rj,mt – Rm,mt are greater 
than 0 has an Index 6 of 1; otherwise, its Index 6 is 0. If Rj,wt – Rm,wt is greater than 0 and Rj,mt – Rm,mt is less than 0, 
then Index 6-1 is 1; otherwise, Index 6-1 is 0. 

3.7 Herding Recommendation Measurement 

We calculate the number of a stock recommended by various expert groups on this week. 

3.8 Investor Sentiment Measurement 

Previous studies have used various indicators for the measurement of the sentiment variable. Please see Corredor et 
al. (2014) for a detail survey of these indicators. In this paper, we use the Taiwan e-individual investor sentiment 
index provided by Shih Hsin University. This index uses a weekly Web survey and focuses on individual investors 
who trade by using the Internet. According to statistics provided by the Taiwan Stock Exchange, Internet trading 
comprised more than 45% of total trading volume in Noverber 2014. 
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3.9 Market Status 

Gleason, Mathur, & Peterson (2004) report that investor behaviors differ according to market conditions. We further 
identify bull, consolidation, and bear market periods, and investigate whether and how the effect of the 
representativeness heuristic varies among the three market conditions. Similar to Chen, Kuo, Huang, & Chen (2014), 
we use the moving average convergence divergence (MACD) on the daily close price of the Taiwan Stock Exchange 
Capitalization Weighted Stock Index (TAIEX) to identify trends. To determine the MACD line, the 26-day 
Exponential Moving Average (EMA) is subtracted from the 12-day EMA. A 9-day EMA of the MACD line is plotted 
with the indicator to act as a signal line and identify turns. The MACD histogram represents the difference between 
the MACD and its 9-day EMA (i.e., the signal line). If the MACD histograms of previous two weeks (not including 
the current week) are positive, then the current issue week represents a bull period. A bear pertiod is considered to 
have occurred when the MACD histograms of previous two weeks are negative. All other situations are considered a 
consolidation phase. In total, 51, 122, and 55 weeks are considered bull, consolidation, and bear market periods, 
respectively. 

3.10 Abnormal Return Calculated 

To examine if there exists abnormal return of stocks due to the interaction between experts’ sharp ratio and 
representativeness heuristic, we further classify stocks into five portfolios of representativeness heuristic weekly 
according to each stock's representativeness scores. 

We employ the complex index RepreID to measure the extent of the representativeness heuristic by summing up 
those short-run indexes (1-1, 2-1, 3-1, 4-1, 4-2, 5-1, and 6-1). As a result, RepreID ranges from 0 (no representation) 
to 6 (high representation). We define portfolios Rep1, Rep2, Rep3 and, Rep4 as the sets of stocks with RepreIDs of 0, 
1, 2, and 3, respectively. Stocks with RepreIDs of 4, 5, or 6 are part of portfolio Rep5. Finally, we calculate equal- 
and value-weighted portfolio returns for each portfolio.  

We compute the weekly abnormal return of the portfolios as the intercept, αp. Excess weekly portfolio returns are 
regressed on the excess market return for the capital asset pricing model (CAPM); on the excess market, size, and 
book-to-market factors for the Fama–French model; and on the excess market, size, book-to-market, and momentum 
factors for the Carhart (1997) four-factor model. The portfolios comprise various expert recommendations. The 
models are as follows: 

Rp,t - Rf,t = αp+βRMRF(Rm,t - Rf,t )+ εi,t           (3) 

Rp,t - Rf,t = αp+βRMRF(Rm,t - Rf,t )+ βSMBSMBt +βHMLHMLt+εi,t         (4) 

Rp,t - Rf,t = αp+βRMRF(Rm,t - Rf,t )+ βSMBSMBt +βHMLHMLt+βMOMMOMt +εi,t    (5) 

where intercept αp measures risk-adjusted weekly abnormal portfolio returns; Rp,t denotes weekly returns on portfolio 
p relative to the risk-free rate Rf,t which is captured by the current account rate at the Bank of Taiwan; and Rm,t 
denotes the return on the market portfolio which is approximated by the TAIEX. SMBt, HMLt, and MOMt correspond 
to the weekly returns on size, value premium, and momentum portfolios, respectively. 

3.11 Measuring R-square and Its Determinates for the Recommended Representativeness 

To examine if the comovement of stocks is affected by the representativeness heuristic, we follow Jin & Myers (2006, 
hereafter JM) to filter our sample. We first exclude stocks that are not traded in their home markets and stocks that 
are traded for less than 30 weeks during a particular year (Note 5). For each representativeness heuristic group, we 
estimate the following linear regression monthly to measure how representativeness affects stock return 
synchronicity: 

Rj,k,t = αj,k,t+βkRm,t+εj,k,t            (7) 

where Rj,k,t is the representativeness heuristic group k including stock j’s weekly return at time t, and Rm,t denotes the 
TAIEX return. We measure the firm-specific return by using the residual return from Equation (7). We measure 
representativeness heuristic group synchronicity by its average R2 for each month. We use equally weighted averages 
and also averages weighted by each group’s total return variance. To circumvent the bounded nature of R2 within 
[0,1], we follow Morck, Yeung, and Yu (2000) in using a logistic transformation of 2

kR : 
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where SYNCHk is the empirical measure of monthly synchronicity for five representativeness groups. A high SYNCH 
indicates that the representativeness heuristic groups are highly correlated with the market. 2

kR  is the coefficient of 
determination from the estimation of Equation (7) for representativeness heuristic group k. 

We use the Fama–MacBeth (1973) method and follow Pontiff’s (1996) method to correct serial correlation of the 
month-by-month regression coefficients. The dependent variable is a logistic transformation of equal-weighted (EW) 
or variance-weighted (VW) R2. We hypothesize that stock return synchronicity is affected by the behavioral view 
(RepID) and fundamental view factors (i.e., the number of recommendations and experts’ performance, respectively). 
Similar to Morck et al. (2000), we adopt the log of the number of stocks recommended in each representativeness 
group monthly and the average size of stocks (Note 6) as control variables. In addition, we follow JM by using the 
kurtosis of the residual return as an additional control variable. Representativeness portfolios with high kurtosis (long 
tails in residual return distributions) have low R2 because long tails indicate more extreme firm-level news exhibit 
stock recommendation. Higher amounts of firm-level news appear when representativeness is lower. The explanatory 
variables are the average skewness of residual returns, average sharp ratio of experts, number of recommendations, 
RepID, and stock recommended volatility. All the variables are calculated monthly and averaged quarterly.  

Similar to JM, we use the skewness of the residual return from Equation (7) to measure the likelihood of extreme 
firm-level news. Both favorable and unfavorable news relating to firm-specific information is considered, meaning 
that the occurrence of such news in a particular period reduces R2 in that period. Because high-performing experts 
issue stock recommendations for individual companies, it is reasonable to expect that these high performers acquire 
more firm-specific information than low performers do. Therefore, R2 should decline for experts with high Sharpe 
ratios. Many studies also suggest a positive association between analyst coverage and stock return synchronicity. 
Therefore, an individual stock with increased recommendations is associated with a higher consensus expectation.  

Representativeness is accompanied by low-performing experts’ recommendations. We hypothesize that a positive 
relationship exists between representativeness and stock return synchronicity. We then add the portfolio’s return 
volatility into the regressions as an additional independent variable. To ensure that the variables of interest in the 
regressions are not proxies for differences in portfolio risk, the portfolio’s return volatility is measured in terms of the 
variance of each representativeness group’s return. 

4. Results 

Table 1 provides descriptive statistics for the recommended stocks. In Panel A, the stocks recommended by the 
high-exposure experts have greater capitalization, increased following compared with the week after the experts’ 
recommendation, more herding recommended behavior in the issue week, and higher domestic institutional and 
individual investor holdings than those recommended by the low-exposure experts. In Panel B, the stocks 
recommended by the high win probability experts have higher returns on the issue date and week. These stocks also 
have lower volatility and beta, more following (herding) recommended behavior in the week after (week of) the 
recommendation, and fewer dealers, but higher individual and insider investor holdings than those recommended by 
the non-high win probability experts group. In Panel C, the stocks recommended by the high Sharpe ratio experts 
have higher returns on the issue date and week, with lower beta, more herding recommended behavior, and lower 
domestic institutional holdings. Notably, the stocks recommended by the high win probability experts are more likely 
to be recommended in the next period by the high Sharpe ratio experts. As seen in Panel D, the stocks recommended 
in the bull phase have higher returns on the issue date and week, greater size, higher volatility and beta, more 
following recommended behavior in the week after the recommendation, more herding in the week of the 
recommendation, and higher domestic institutional holdings than the stocks in other two phases.  

4.1 Representativeness Heuristic Association with Stocks Recommendation 

Table 2 describes the indicators used to measure the representativeness heuristic regarding the selection preferences 
of the experts. Table 3 depicts the impact of the representativeness heuristic on stock recommendations. We use a t 
test on the equality of means for indicators among the three expert classifications (Note 7). The experts with a high 
Sharpe ratio prefer Indexes 1 and 6, whereas experts with a low Sharpe ratio prefer Indexes 1-1 and 6-1. This 
implies that high-performing experts focus more on long-term indicators and use the representativeness heuristic less 
than low performers do. The indicators of quantity are nonsignificant. According to Index 4s, the experts with a low 
Sharpe ratio prefer to follow international chips, then dealers’ chips and investment trusts’ chips, in contrast to the 
other two groups. For Index 5, the experts with a high Sharpe ratio (high win probability) prefer Index 5, whereas 
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the experts with a low Sharpe ratio (non-high win probability) prefer Index 5-1. This implies that high-performing 
experts focus more on whether an individual chip is overheating.  

4.2 Effect of Sentiment and Market Status on Stock Recommendations and Representativeness 

Because sentiment and market status directly affect how experts collect, process, and interpret information, in this 
section we use a t test to detect the impact of sentiment and market status on the herding recommendation and 
representativeness bias among the three types of expert classification. Table 4 presents the results. In Panel A, all the 
expert groups except the non-high win probability and low Sharpe ratio groups, have increased herding 
recommendations when sentiment is pessimistic. All the expert groups tend toward increased herding 
recommendations during a bull market. No matter the sentiment and market status, all the high-exposure experts, the 
high win probability, and the high Sharpe ratio experts have significantly more herding recommendations than the 
other groups do. In Panel B, all the expert groups except the low-exposure and median Sharpe ratio groups display 
significantly higher representativeness bias when the sentiment is negative. In addition, the high win probability 
experts (high Sharpe ratio experts) exhibit less representativeness bias than the non-high win probability (low Sharpe 
ratio) experts do. Regarding market conditions, the representativeness bias of the high win probability and high 
Sharpe ratio experts exhibit indifference under a bull–bear market.  

4.3 Representativeness Heuristic and Abnormal Return 

In this subsection, we examine the percentage of the weekly mean abnormal return of five representativeness 
heuristic portfolios (REP1, REP2, REP3, REP4, and REP5) according to Sharpe ratio. Table 5 presents the results of 
Equations (3)–(5). Panels A, B, and C report the representativeness heuristic for different performance experts. The 
portfolios with higher representativeness have significantly negative abnormal returns for all expert types. The REP2 
portfolios for the high Sharpe ratio experts have the greatest weekly abnormal returns: 0.416% from CAPM, 0.425% 
from Fama–French, and 0.388% from the Carhart model. These percentages imply that when excellent experts 
recommend stocks, they can use a heuristic strategically. However, regarding experts from the other two groups, the 
REP5 portfolios exhibit the greatest negative and significant abnormal return, demonstrating that the most favorable 
strategy is less representativeness in stock recommendations. 
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Table 1. Descriptive statistics of stocks recommended. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 2. List of the indicators to measure selecting preference by experts 
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Table 3. Test of equality in mean selection indicators in stock recommendation 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 4. Test of equality in herding recommendation and representativeness bias under different sentiment and 
market status 
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Table 5. Alphas and betas of representativeness heuristic portfolios 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.4 Explaining Differences in the Representativeness Heuristic: Average  across Experts and Over Time 

We examine the comovement of the representativeness heuristic on stock recommendations. Table 6 reports the mean, 
median, and standard deviation of each representativeness group’s EW and VW R2, the skewness and kurtosis of the 
residual return, the recommendation times, the number of stocks included, the Sharpe ratio of recommending experts, 
and the portfolio’s volatility. We observe that REP1 has the smallest R2, strongest right skew (indicating good 
firm-level news) and most recommendation by experts. Table 7 presents the results regarding the relationship 
between stock return synchronicity and its determinants. The various specifications distinguish the behavioral and 
fundamental views of comovement, and we run regressions with both EW and VW R2 as dependent variables for 
each specification.  

The results in the first four columns of Table 7 are consistent with our hypotheses H3a, H3b, and H3c. The former 
two columns demonstrate the comovement caused by representativeness, and the latter two columns reveal the 
comovement of the herding recommendation, controlling for kurtosis and the size variables. Stocks with high 
representativeness that gain nothing about firm-level news have high R2s. Stocks with more expert recommendations 
appear in more market-level news and thus have higher R2s. The herding recommendation emphasizes public 
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information, whereas representativeness privileges recent information. The comovement by the herding 
recommendation that catches more market-level news has a more marginal effect than the comovement by high 
representativeness. We use the Sharpe ratio to proxy experts’ performance; as predicted, the coefficients of the 
Sharpe ratio are negative and significant. The experts with lower Sharpe ratios fail to capture the firm-specific 
variances and have high R2s. Skewness measures extreme firm-level news likelihood. The coefficient is negative and 
significant in the EW regressions but nonsignificant with VW regressions. A higher skewness indicates relatively 
more positive outliers in the distribution of residual returns. Positive skew is associated with lower R2s. The 
coefficients of kurtosis are negative which are significant in the regressions without the variable of 
representativeness. The stocks with high kurtosis (long tails in residual return distributions) have low R2s. Our 
findings demonstrate that the fundamental factor (the number of recommendations) has a more substantial impact 
than the behavior factor (representativeness) on the impact of stock synchronicity, according to both the t statistics of 
its coefficients and R2. Moreover, these specifications of the EW regressions have more explanatory power than the 
VW regressions do.  

Columns 5 through 8 of Table 7 present the results after the addition as an additional independent variable of 
portfolio return volatility, which is a measurement of the variance of the five groups’ returns in each period. Portfolio 
volatility is positively related to R2. Stocks within a high portfolio’s return variability have high R2s, which is in 
accordance with our predictions. A higher portfolio’s return variability means those stocks in the portfolio are more 
opaque, hard-to-value and difficult-to-arbitrage. The addition of portfolio volatility increases the t statistics for 
skewness, but reduces the t statistics for the Sharpe ratio. Kurtosis and the number of stocks play the same role as 
before. The final two columns of Table 7 report both the behavioral and fundamental views of comovement. All of 
these factors explain 52.3%–52.8% of stocks return synchronicity. 

Table 6. Summary statistics for representativeness heuristic portfolios 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

This table summarizes statistics for five representativeness heuristic portfolios, including equal-weighted and variance-weighted 
R2, the mean of the skewness and kurtosis of the residual return, the average of the recommendation times, the number of stocks 
including, the sharp ratio of recommending experts, and portfolio’s return variability. 
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Table 7. Explaining differences in representativeness heuristic groups-average R s across experts and over time 
 

 

 

 

 

 

 

 

 

 

 

 

 

The dependent variables are logistic transformations of equal-weighted (EW) or variance-weighted (VW) R2s. The explanatory 
variables are the expert’s sharp ratio, the log of the mean of stocks size, the log of the number of stocks covered in each expert 
monthly, the monthly value of skewness and kurtosis from residual returns, and portfolio volatility. Coefficients are estimated by 
Fama-MacBeth (1973) method and further adjusted for serial correlation of coefficient estimates following Pontiff (1996). The 
t-statistics are reported in parentheses and based on Newey and West (1994) method for heteroskedasticity-consistent standard 
errors. Three, two and one asterisks (*) denote the significance of the correlation coefficient at the 0.01, 0.05, and 0.10 levels, 
respectively. 

5. Conclusion 

In this paper, we examine whether experts in investment magazines exhibit cognitive bias in stock recommendations 
and how their recommended stocks performed in the Taiwanese stock market. Our paper has implications for 
academics and investors. We add to the academic literature on the behavior of the best performance financial experts. 
Thus, investors can refer the way of stocks selection by the superior experts. The empirical results show that 
high-performing experts demonstrate less representativeness than low-performing experts do. Because of limited 
attention and processing power, stocks recommended by high media exposure and high win probability experts are 
viewed as new useful information by other experts when they make recommendations the following week.  

We next analyze experts’ behavior and stock recommendations under various sentiments and market statuses. Experts 
exhibit more herding recommendations and representativeness under pessimistic sentiment and during bull market 
periods. According to abnormal return analysis, more representative stocks have lower abnormal returns. However, 
for high-performing experts, including a small amount of representativeness bias in recommendations yields a 
greater abnormal return than completely avoiding representativeness does. Therefore, high-performing experts 
should strategically make a few representativeness recommendations.  

Regarding the contribution of market-level news, consistent with our hypotheses, both the representativeness and 
herding recommendations lead to higher stock price comovement. Representativeness comovement is due to 
increased noise and decreased firm-level news, whereas herding recommendations is caused by more market-level 
information. The situation is consistent with Keynes’ beauty contest, in which recommenders incorporate the 
expected recommendations of others into their own recommendations. This is because the common recommendation 
across experts is a key determinant of asset price. When the common recommendation determines asset prices, 
individual experts rely on the expected consensus recommendation when making their own recommendations; 
individual experts will overweight public signals and underweight private signals (Allen et al., 2006). Because the 
herding recommendation is the summary of individual recommendations and individual recommendations are biased 
because of public information overweighting, the consensus will be a biased predictor as well. Hence, investors 
should not expect higher-herding recommendation to contain useful information regarding firm-level news. Overall, 
our study suggests that investors should refer more on stock recommendations by high-performing experts and buy 
the stocks recommended by more experts. Furthermore, both experts and investors should not be involved into 
representativeness when making investment decisions.  
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Notes 

Note 1. Unlike the sell-side analyst or buy-side analyst, magazine expert is the independent analyst. 

Note 2. Salient firms are firms whose securities are prominent or even “iconic” in the market. Market prominence 
can be linked to firms with a greater presence in the minds of investors because they have, for example, high analyst 
coverage or high media exposure. 

Note 3. According to the ranking of financial and business magazines provided by Kingstone bookstore, Marbo and 
Wealth Invest Weekly are within the top two positions. 

Note 4. Bonner, Hugon, and Walther (2007) use the quantity of media coverage analysts receive as our empirical 
proxy for celebrity. 

Note 5. These foreign firms are affected by their home country, and the IPO’s stocks have abnormal returns. 

Note 6. Because the log of the number of stocks recommended and the size of the stocks have a high correlation 
(0.66), and the former variable has more explanatory power for stock synchronicity. We leave the log of the number 
of stocks recommended to the latter analysis. 

Note 7. The result is unchanged if a nonparametric test is used. We present the results of parametric approaches 
latter. 

 

 

 

 

 

 

 

 

 

 

 


