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1. Introduction 

Firms are economically linked to each other in various forms, such as customers and suppliers, 

geographic neighbors, and industry peers. A growing body of literature documents that firms’ stock 

prices respond slowly to value-relevant news about economically linked firms (e.g., Cohen and 

Frazzini, 2008; Cohen and Lou, 2012; Parsons, Sabbatucci, and Titman, 2020). This delayed price 

response provides suggestive evidence of market inefficiency. Understanding why stock prices slowly 

adjust to news about economically linked firms can help unveil the underlying mechanisms of this 

market inefficiency. Most existing studies argue that investor inattention could be one of the main 

reasons for this market underreaction.1 We propose a new psychological explanation that anchoring 

on the psychological barrier of 52-week high price (hereafter referred to as the 52-week high effect) 

leads to delayed price responses to news about economically linked firms. 

The intuition is that, without the 52-week high effect, investors can promptly update their beliefs 

about a firm’s fundamentals in response to news about economically linked firms. However, the effect 

of anchoring on the 52-week high distorts the belief-updating process. This distortion, in turn, leads to 

an underreaction to public information about economically linked firms. For example, for stocks with 

prices near the 52-week high, upward price movements are bounded above by the 52-week high in the 

perspectives of anchoring investors. Consequently, when good news about economically linked firms 

arrives, these investors do not fully adjust their beliefs upward, thereby responding slowly to the good 

news. Similarly, for stocks with prices far from the 52-week high, these investors respond slowly to 

bad news about economically linked firms.  

                                                 
1 For example, Cohen and Frazzini (2008) argue that when investors ignore publicly available information from firms’ 

customers (e.g., customer stock returns), lagged customer stock returns can predict suppliers’ future stock returns. 

Following a similar rationale, Cohen and Lou (2012) find that industry-level returns of stand-alone firms can predict future 

returns of conglomerate firms, and Huang (2015) finds that industry-level returns in foreign markets can predict future 

stock returns of multinational firms. 
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Our argument is along the same line as George and Hwang (2004) and Birru (2015), who show 

that the nearness to the 52-week high (the ratio of the current stock price to the 52-week high price, or 

PRC for brevity) predicts future stock returns and earnings surprises. They argue that investors do not 

fully incorporate the firm’s information into their beliefs due to the anchoring effect. In a similar spirit, 

we argue that the 52-week high effect generates a market underreaction to public information about 

economically linked firms. Accordingly, we propose our main hypothesis: When a firm’s economically 

linked firms have good (bad) news, and its stock price is near (far from) the 52-week high, it has an 

underreaction to the good (bad) news about economically linked firms. We test our hypothesis by 

focusing on the empirical setting of customer-supplier links (Cohen and Frazzini, 2008), with other 

settings (e.g., geographic momentum and industry momentum) as extensions.2 

We start our empirical tests with portfolio sorting. In each month, we first independently sort 

supplier firms into quintile-by-quintile (5×5) portfolios by their customer returns (CR) in the previous 

month and their nearness to the 52-week high (PRC) at the previous month-end. The portfolios are 

held for one month. Consistent with Cohen and Frazzini (2008), the portfolio return of suppliers 

increases with the customer returns. More importantly, we find that the nearness to the 52-week high 

plays an important role in the return predictability of customer returns. For example, within the top 

quintile of customer returns (CR5 portfolio), stocks also in the top quintile of nearness to the 52-week 

high (PRC5 portfolio) earn an average Fama-French-Carhart (1997) four-factor alpha (FFC4 alpha) of 

0.71% per month (t-statistic = 4.56). Meanwhile, stocks also in the bottom quintile of nearness to the 

52-week high (PRC1 portfolio) earn an average insignificant FFC4 alpha of −0.08% per month (t-

statistic = −0.35). The return difference is significant as well (t-statistic = 2.85). 

                                                 
2  We focus on the customer-supplier link of Cohen and Frazzini (2008) for two reasons: First, the customer-supplier 

relationship is arguably the most direct economic link among firms since customer firms are stakeholders in supplier firms’ 

business. Second, the customer-supplier link has been broadly studied in the literature. 
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Similarly, within the bottom quintile of customer returns (CR1 portfolio), stocks also in the bottom 

quintile of nearness to the 52-week high (PRC1 portfolio) earn an FFC4 alpha of −0.97% per month 

(t-statistic = −4.63). Meanwhile, stocks also in the top quintile of nearness to the 52-week high (PRC5 

portfolio) earn an FFC4 alpha of 0.02% per month (t-statistic = 0.12). The return difference is 

significant (t-statistic = 3.76). These results are consistent with our hypothesis that investors of supplier 

firms underreact to good (bad) news about customer firms only when the stock prices are near (far 

from) the 52-week high. 

One natural concern in the portfolio double sorting is that two sorting variables are potentially 

highly correlated. Our setting is largely immune from this issue, as the correlation between our two 

sorting variables (CR and PRC) is only 0.05. In addition, while the 52-week high return spreads (return 

spread between PRC5 and PRC1 portfolio) within the top and bottom customer return quintiles are 

large, the return spreads for the middle customer return quintiles are small and insignificant. This 

finding suggests that the 52-week high return spreads within the top/bottom customer return quintiles 

are not driven solely by the nearness to the 52-week high itself. Otherwise, we should also observe an 

equally large 52-week high return spread for the middle customer return quintiles. 

 To better shed light on the economic significance of the nearness to the 52-week high, we follow 

George, Hwang, and Li (2017) and perform Fama-MacBeth cross-sectional regressions to decompose 

returns in the double-sorted portfolios. Specifically, we decompose the portfolio returns into the pure 

effect of customer momentum, the pure effect of 52-week high, and the interaction effect between 

customer momentum and the 52-week high effect (this exercise is called return decomposition). 

Essentially, the interaction effect measures the extent to which customer momentum is induced by the 

52-week high effect. We find that the interaction effect is significantly positive, with an FFC4 alpha of 

1.44% per month (t-statistic = 2.72). Moreover, after including the interaction effect, the pure customer 
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momentum effect becomes insignificant, with an FFC4 alpha of 0.06% per month (t-statistic = 0.21). 

In contrast, without considering the interaction effect, the customer momentum effect alone is 

significant, with an FFC4 alpha of 0.54% (t-statistic = 4.63). This return decomposition result 

demonstrates that the 52-week high effect can largely explain investors’ underreaction to news about 

customer firms.3 

We follow the literature (e.g., George and Huang, 2004; George, Hwang, and Li, 2018; Hou, Xue, 

and Zhang, 2018) and assign stocks into groups based on the monthly quintile breakpoints of PRC. In 

this sense, stocks are assigned to groups near (far from) the 52-week high relative to all other stocks 

within the same month. One potential concern is that there might be times when stocks in the top PRC 

quintile are still not very close to their actual 52-week highs or stocks in the bottom PRC quintile are 

still not very far from their actual 52-week highs. If this were the case, it would be conceptually difficult 

to attribute our main findings to the 52-week high effect. We address this concern by showing that (i) 

the results are qualitatively similar using the absolute distance from the 52-week high/low (e.g., 5% 

distance from the range of the 52-week high/low) or using time-invariant cut-offs of PRC (e.g., the full 

sample 20th/80th percentile values of PRC) to group stocks, (ii) the results are stronger in the months 

when the top (bottom) PRC quintiles have more stocks that are close to (far from) their 52-week high 

prices, and (iii) the underreaction to good (bad) news is stronger in the months following high (low) 

market returns.     

We conduct several additional analyses to corroborate our main findings. First, the interaction 

effect between customer momentum and the 52-week high effect is stronger among supplier stocks 

                                                 
3 One concern is that the nearness to the 52-week high is correlated with the supplier’s past 12-month returns, and our 

findings could be driven by the past 12-month returns. To address this concern, we conduct a placebo return decomposition 

in which we replace PRC with the past 12-month returns, and we find no significant interaction effect between the customer 

returns and the past 12-month returns. Interestingly, the pure customer momentum effect remains significant in this placebo 

test, highlighting the uniqueness of the nearness to the 52-week high in explaining customer momentum. 
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with smaller firm sizes, lower institutional ownership, lower analyst coverage, and higher idiosyncratic 

volatility, consistent with the role of the limits to arbitrage in the market inefficiency. Second, the 

results are robust to using Daniel, Grinblatt, Titman, and Wermers (1997) characteristic-adjusted 

returns, adjusting for the five factors of Fama and French (2015) or the Q factors of Hou, Xue, and 

Zhang (2015), and excluding Januaries.  

To better pin down the underlying economic mechanism, we study how the 52-week high effect 

distorts the belief-updating process in the context of analyst recommendations, in which the decision-

makers’ actions can be directly observed. We find that, while analysts are more likely to upgrade 

(downgrade) the supplier firms with higher (lower) customer returns, such sensitivity is reduced when 

the supplier firms’ stock prices are close to (far from) the 52-week high. These results suggest that 

analysts indeed pay attention to customer stock returns; however, analysts’ belief-updating process is 

distorted by the 52-week high effect.  

We also show that our main results are not driven by the lack of investor attention. That is, we find 

that investor attention increases rather than decreases when stock prices are either near or far from the 

52-week high based on two attention proxies: abnormal trading volume (Huddart, Lang, and Yetman, 

2009) and Bloomberg search (Ben-Rephael, Da, and Israelsen, 2017).   

Last, we extend our study in two dimensions. First, we find that when both suppliers and customers 

have stock prices near (far from) their 52-week high prices, there is a stronger underreaction to good 

(bad) news about customer firms. Second, we find that the 52-week high effect could at least partially 

explain the cross-firm return predictabilities in other settings, including geographic momentum 

(Parsons, Sabbatucci, and Titman, 2020), industry momentum (Moskowitz and Grinblatt, 1999), 

complicated firm (Cohen and Lou, 2012), and foreign industry information (Huang, 2015). 

Our major contribution to the literature is that we provide a new psychological explanation for the 
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market underreaction to news about economically linked firms.4 The existing studies (e.g., Cohen and 

Frazzini, 2008; Parsons, Sabbatucci, and Titman, 2020; Cohen and Lou, 2012; Huang, 2015) mainly 

argue that investor inattention is the economic mechanism for the market underreaction. We add to 

these studies by providing evidence that the 52-week high effect high induces both investor and analyst 

underreactions to news about economically linked firms.  

Our paper also complements Ali and Hirshleifer (2020), who argue that analysts tend to cover 

economically linked firms; therefore, the shared analyst coverage captures the economic linkage 

among firms better than the existing research does (e.g., customer-supplier links). Our paper differs 

from theirs in that they identify a unified measure of economic linkages, whereas we provide a unified 

and novel psychological explanation for the market underreaction to news about economically linked 

firms. 

We add to the literature on the 52-week high as well by showing that the 52-week high effect is a 

psychological barrier when investors and analysts update their beliefs based on news about 

economically linked firms.5 The more closely related papers are Birru (2015) and George, Hwang, 

and Li (2017) who both find that the 52-week high effect generates a market underreaction to firms’ 

earnings announcements. Our paper differs from theirs in that they mainly examine the investor 

underreaction to firms’ own earnings news, whereas we focus on the underreaction to the news about 

economically linked firms. 

 

                                                 
4 Also, Menzly and Ozbas (2010) show that firms in economically linked upstream and downstream industries can cross-

predict each other’s returns; Hou (2007) finds that the returns of large firms in an industry can predict the future returns of 

small firms in the same industry; Cao, Chordia, and Lin (2016) show return predictability across alliance partners; and Lee, 

Sun, Wang, and Zhang (2019) find that returns of technology-linked firms have strong predictive power for focal firm 

returns. 
5 The literature has shown that anchoring on the 52-week high has effects on option exercises (Heath, Huddart, and Lang, 

1999; Poteshman and Serbin, 2003), stock returns (George and Hwang, 2004; George, Hwang, and Li, 2018), market 

returns (Li and Yu, 2012), trading decisions (Grinblatt and Keloharju, 2001; Huddart, Lang, and Yetman, 2009), option 

implied volatility (Driessen, Lin, and Van Hemert, 2013), mergers and acquisitions (M&As) (Baker, Pan, and Wurgler, 

2012; Ma, Whidbee, and Zhang, 2019), and CEO behavioral consistency in SEOs and M&As (Li, Lin, and Lin, 2020).    
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2. Data 

In the customer momentum setting, our sample consists of supplier firms traded on NYSE, Amex, 

and Nasdaq from January 1981 to December 2018. To construct customer-supplier links, we follow 

Cohen and Frazzini (2008) and extract the firms’ principal customers from the Compustat customer 

segment files and then identify the publicly traded customer firms.6 In addition, we impose a six-

month gap between the starting date of a customer-supplier link and stock returns to ensure that the 

information regarding each firm’s customers is publicly available. We also exclude stocks with a share 

price below $5 at the portfolio formation date to mitigate the liquidity issues of penny stocks. Stock 

returns and prices are from the Center for Research in Security Prices (CRSP) database, and financial 

data are from Compustat. 

To measure the extent of the 52-week high effect, we compute nearness to the 52-week high at 

each month-end as the ratio of the month-end close price to the maximum daily close price over the 

12-month period ending in the month. Prices are adjusted for splits and stock dividends. Our measure 

of nearness to the 52-week high follows previous studies such as George and Hwang (2004), George, 

Hwang, and Li (2018), and Hou, Xue, and Zhang (2020). To measure news about customer firms, for 

each supplier firm in each month, we compute its customer returns as the equal-weighted returns of its 

customer firms in that month. 

We obtain analyst recommendation data from the Institutional Brokers Estimate System (I/B/E/S) 

detailed recommendation file from November 1993 to December 2018. We compute recommendation 

revisions as the current recommendation level minus the most recent active recommendation issued by 

                                                 
6 Regulation SFAS No. 14 (before 1997) and SFAS No. 131 (after 1997) require firms to report their major customer firms 

representing more than 10% of their total sales. We extract the identify of firms’ principal customers from the Compustat 

segment files in the period of 1980 to 2018 and manually match with public firms in CRSP database. Our customer-supplier 

link data cover 997 supplier firms in an average year, and the sample size is comparable with the samples of Cohen and 

Frazzini (2008) (918 firms per year), Cen, Maydew, Zhang, and Zuo (2017) (931 firms per year), and Madsen (2017) (831 

firms per year). 
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the same analyst for the same firm. We reverse the recommendation level code from I/B/E/S so that 1 

represents the least favorable recommendation and 5 represents the most favorable recommendation. 

A recommendation is assumed to be active in the 12 months after its issuance. Upgrade (downgrade) 

is defined as a positive (negative) change in the recommendation level; reiteration is defined as no 

change in the recommendation level.  

We also test our 52-week high effect hypothesis in four other settings. The first is geographic 

momentum (Parsons, Sabbatucci, and Titman, 2020). We identify the firms’ locations based on the zip 

code of their headquarters in the Compustat database. Headquarters locations are then grouped by the 

Economic Area defined by the Bureau of Economic Analysis.7 The firms in a common economic area 

are defined as geographic neighbors. We compute the area returns for each firm in each month as the 

equal-weighted returns of other firms headquartered in the same economic area in that month. The 

sample period is from January 1970 to December 2018. 

The second setting is industry momentum (Moskowitz and Grinblatt, 1999). We classify the firms 

into different industries according to the Fama-French 48-industry classification. For each firm, we 

compute its industry returns as the average monthly returns of an equal-weighted portfolio of its 

industry peers in the past six months. The sample period is from January 1980 to December 2018. 

The third setting is regarding complicated firms (Cohen and Lou, 2012). We extract the firms’ 

segment information from Compustat segment files. The industry classification of the firm segments 

is based on the two-digit Standard Industrial Classification (SIC) code. The standalone firms are those 

operating in one industry with segment sales that account for more than 80% of total sales. The 

conglomerate firms are those operating in more than one industry and with total segment sales that 

account for more than 80% of total sales of the firm. For each segment of a conglomerate firm, we 

                                                 
7 Burea of Ecnomic Analysis has stopped providing zipcode-to-economic area mapping file. We manually map zipcode 

with the economic areas based on the descriptive documents by Burea of Economic Analysis. 
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form a value-weighted portfolio of its industry segment using the standalone firms in the corresponding 

industry (pseudo-conglomerate portfolio). Then, for each conglomerate-month, we compute pseudo-

conglomerate returns as the sales-weighted returns of the firm’s pseudo-conglomerate portfolios in 

that month. The sample period is from July 1977 to December 2018. 

The fourth setting is foreign industry information. A U.S. multinational firm’s stock returns can 

be predicted by industry returns in the foreign countries in which the multinational firm operates 

(Huang, 2015). We obtain the firms’ geographic segment information from the Compustat segment 

files and foreign industry returns from the Datastream Global Equity Sector Indices. We compute 

foreign industry information for each U.S. multinational firm as a sales-weighted sum of the 

corresponding industry returns in the foreign countries. The sample period is from January 1978 to 

December 2018. 

 

3. Portfolio analysis 

We focus on customer momentum (Cohen and Frazzini, 2008) as the main empirical setting. We 

start our analyses by double sorting the supplier firms by their customer returns and their nearness to 

the 52-week high. To ensure that our double sorting approach is valid, we first show that the two sorting 

variables are largely uncorrelated. We then examine the cross-sectional return patterns among double-

sorted portfolios and show how the return predictability of customer returns depends on the nearness 

to the 52-week high. 

3.1. Portfolio characteristics 

We form double-sorted portfolios as follows. In each month, we independently sort the supplier 

firms into quintile portfolios based on their customer returns (CR) in the previous month or their 

nearness to the 52-week high (PRC) at the previous month-end, resulting in 25 double-sorted portfolios. 
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The portfolios are held for one month. 

[Table 1 about here] 

Panels A and B of Table 1 report the average CR and average PRC for each portfolio. PRC1 (CR1) 

denotes the lowest PRC (CR) quintile, while PRC5 (CR5) denotes the highest PRC (CR) quintile. Panel 

A shows that within each CR quintile, the average CR barely varies across different PRC quintiles. For 

example, within the CR5 quintile, the average CR is 11.67% per month for stocks in the PRC1 portfolio, 

while the average CR is 11.36% for stocks in the PRC5 portfolio. Likewise, Panel B shows that within 

each PRC quintile, the average PRC does not differ much across different CR quintiles. Panel C shows 

that the correlation between the two sorting variables, CR and PRC, is only 0.05. In sum, the portfolio 

characteristics presented in Table 1 largely alleviates the concern that sorting by PRC is potentially a 

further sort by CR. 

3.2. Portfolio returns 

In this section, we analyze the cross-sectional return patterns across the 25 supplier firm portfolios 

sorted by CR and PRC. For each portfolio, we calculate the average monthly equal-weighted returns 

and report them in Table 2. Panels A, B, and C report the average monthly CAPM alpha, the Fama-

French (1993) three-factor alpha (FFC3 alpha), and the Fama-French-Carhart (1997) four-factor alpha 

(FFC4 alpha), respectively. In the following discussion, we focus on the FFC4 alpha (Panel C). The 

first pattern to note is that portfolio returns increase with the CR rankings within each PRC quintile. 

This pattern is consistent with the main finding in Cohen and Frazzini (2008) that customer returns 

(CR) positively predict supplier stock returns in the subsequent month. 

[Table 2 about here] 
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More importantly, within the CR1 or CR5 quintile, portfolio returns increase with the PRC ranking. 

That is, within the CR5 quintile, the CR5~PRC5 portfolio (the portfolio with the highest CR and PRC 

rankings) earns a positive and significant FFC4 alpha of 0.71% (t-statistic = 4.56) per month, while 

the CR5~PRC1 portfolio earns monthly FFC4 alphas of only −0.08% (t-statistic = −0.35). The return 

spread between the PRC5 and PRC1 portfolios (represented by PRC5−PRC1 in the table) is significant 

(t-statistic = 2.85). This result suggests that high customer returns predict high supplier stock returns 

only when the supplier stock prices are near the 52-week high. 

Similarly, within the CR1 quintile, the CR1~PRC1 portfolio earns a negative and significant FFC4 

alpha of −0.97% (t-statistic = −4.63) per month, while the CR1~PRC5 portfolio earns a monthly FFC4 

alpha of 0.02% (t-statistic = 0.12). The return spread between the PRC5 and PRC1 portfolios is 

significant (t-statistic = 3.76). This result suggests that low customer returns predict low supplier stock 

returns only when the supplier stock prices are far from the 52-week high. 

Our definition of nearness to the 52-week high strictly follows the literature on the 52-week high 

(e.g., George and Huang, 2004; George, Hwang, and Li, 2017; Li and Yu, 2012; Baker, Pan, and 

Wurgler, 2012). Furthermore, we follow the cross-sectional asset pricing literature on the 52-week high 

(e.g., George and Huang, 2004; George, Hwang, and Li, 2018; Hou, Xue, and Zhang, 2020) and use 

the monthly quintile breakpoints of PRC to group stocks. In this sense, stocks are assigned to groups 

close to (far from) the 52-week high relative to all other stocks within the same month. This portfolio 

sorting has several advantages in asset pricing tests. First, using monthly quintile breakpoints in 

grouping stocks could mitigate the concern of using arbitrary cut-offs. Second, the 52-week high effect 

might be time-varying, which could change the cut-offs in grouping stocks in different periods. Third, 

this portfolio sorting approach could ensure that each portfolio has the same number of stocks, which 

makes statistical tests comparable across the different portfolios. 

Electronic copy available at: https://ssrn.com/abstract=3700436



12 

However, one potential concern of using the monthly PRC quintile ranking for portfolio sorting is 

that there might be times when stocks in the top PRC quintile are still not very close to their actual 52-

week highs or stocks in the bottom PRC quintile are still not very far from their actual 52-week highs. 

If this were the case, it would be conceptually difficult to attribute our main findings to the 52-week 

high effect. To address this concern, we conduct a subsample analysis based on high and low market 

returns. The gist is that in the months following high (low) market returns, stocks in the top (bottom) 

PRC quintile should be closer to (farther from) their 52-week high prices. Thus, we expect a stronger 

underreaction to good (bad) news of customers in months following high (low) market returns. We 

find supporting evidence for this argument (see Online Appendix Table OA2.1).   

Another potential concern is that our main findings are purely driven by the return predictabilities 

of the nearness to the 52-week highs themselves (George and Hwang, 2004). To address this concern, 

we compare the PRC5−PRC1 return spread across different CR quintiles. Table 2 shows a clear U-

shaped relationship between the PRC5−PRC1 return spread and the CR ranking. In contrast to the CR5 

and CR1 quintiles, within the CR3 quintile, we find that the PRC5−PRC1 return spread is insignificant 

with an FFC4 alpha of 0.37% (t-statistic = 1.29) per month. This result suggests that the PRC5−PRC1 

return spreads in the CR5 and CR1 quintiles are not driven purely by investors’ underreaction to 

information captured by the nearness to the 52-week high.8 

[Fig. 1 about here] 

Overall, the results in Table 2 are consistent with our hypothesis that investors underreact to good 

(bad) news about the customer firms only when the supplier stock prices are near (far from) the 52-

                                                 
8 We also find that the returns in the PRC5~CR5 and PRC1~CR1 portfolios do not revert over a long horizon (Fig. 1), 

which suggests that the return patterns are not driven by investor overaction, either.   
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week high.  

 

4. Return decomposition 

 In this section, we follow George, Hwang, and Li (2017) and use Fama-MacBeth regressions to 

decompose returns of the double-sorted portfolios into the pure effect of customer momentum, the pure 

effect of the 52-week high, and their interaction effect. We term this method as return decomposition. 

The return decomposition can shed light on whether the nearness to the 52-week high at least partially 

explains the customer momentum. Essentially, the interaction effect captures the degree of the market 

underreaction to good (bad) news of the customer stocks when supplier stock prices are near (far from) 

the 52-week high. 

4.1. Return decomposition method 

As shown in Table 2, the cross-sectional return patterns among the 25 portfolios are largely 

determined by the CR quintile ranking, the PRC quintile ranking, and the coincidence of having both 

high or low CR and PRC. This pattern motivates us to decompose the returns of the stocks in the 25 

portfolios into four components. The first one is the benchmark component, which is unrelated to either 

the CR or the PRC ranking. The second one is the pure customer momentum component, which is 

solely related to the CR ranking. The third one is the 52-week high effect component, which is purely 

associated with the PRC ranking. The last one is the interaction component attributable to having both 

high CR and PRC or both low CR and PRC. 

[Table 3 about here] 

Panel A of Table 3 presents the components of the stock returns in each of the 5×5 portfolios sorted 

by CR and PRC. PRC1 (CR1) denotes the lowest PRC (CR) quintile, while PRC5 (CR5) denotes the 
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highest PRC (CR) quintile. Since the 52-week high effect is presumed to exist only in the two extreme 

PRC quintiles, we combine PRC2/PRC3/PRC4 quintiles into one group (denoted by PRC2~4 in Table 

3). The sum of all components in a particular portfolio equals the average stock returns of that portfolio. 

The portfolio located in the center of the table (with a CR3 ranking and a PRC2~4 ranking) is neutral 

to the customer momentum and the 52-week high effect; thus, it serves as the benchmark portfolio. In 

this sense, the average stock return in the benchmark portfolio represents the benchmark component, 

which is denoted by 𝜇.  

The pure customer momentum component, denoted by E, is the component of stock returns 

associated solely with the CR ranking. All stocks in a particular CR quintile share a common customer 

momentum component that is independent of their PRC rankings. Intuitively, the pure customer 

momentum component captures the return predictability of lagged customer returns on supplier stock 

returns, regardless of the suppliers’ nearness to the 52-week high. Since higher customer returns predict 

higher future supplier stock returns, the pure customer momentum component increases from the CR1 

quintile to the CR5 quintile. We use 𝐸𝑏𝑏  to denote the most negative pure customer momentum 

component (in the CR1 quintile) and use 𝐸𝑔𝑔  to denote the most positive customer momentum 

component (in the CR5 quintile). The subscript bb (gg) represents extremely bad (good) economically 

related news, while the subscript b (g) represents moderately bad (good) economically related news. 

Finally, we define the pure customer momentum effect as 𝐸𝑔𝑔 − 𝐸𝑏𝑏, which is in line with a long-

short strategy that exploits only the return predictability of lagged customer returns per se. 

The pure 52-week high effect component, denoted by A, is the stock returns associated solely with 

the PRC ranking. All stocks in a particular PRC quintile share the common pure 52-week high effect 

component, which is independent of the CR ranking. The pure 52-week high effect component is 

negative for stocks in the PRC1 quintile and positive for stocks in the PRC5 quintile. We use 𝐴𝑙 to 
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denote the negative pure 52-week high effect component, and we use 𝐴ℎ to denote the positive pure 

52-week high component. We define the pure 52-week high effect as 𝐴ℎ − 𝐴𝑙, which is in line with a 

long-short strategy that exploits only the return predictability of the nearness to the 52-week high per 

se. 

The interaction component, denoted by I, is the return attributable to having both good (bad) news 

about the customer firms and a firm’s own stock price near (far from) the 52-week high, in addition to 

the effect solely related to CR or PRC. Since having the moderate-level good news about the customers 

(e.g., the CR4 quintile) and high PRC could potentially generate the interaction effect but with a small 

magnitude, we focus on the interaction effect of the extreme CR and PRC quintiles in the following 

analysis. We use 𝐼𝑔𝑔,ℎ to denote the interaction component among the stocks at the intersection of the 

CR5 quintile and PRC5 quintile and use 𝐼𝑏𝑏,𝑙 to denote the interaction component among the stocks 

at the intersection of the CR1 and PRC1 quintiles. We then define the interaction effect as 𝐼𝑔𝑔,ℎ − 𝐼𝑏𝑏,𝑙.  

 To interpret the pure customer momentum effect, the pure 52-week high effect, and the interaction 

effect, consider a long-short strategy that buys the CR5-PRC5 portfolio and sells the CR1-PRC1 

portfolio. We can decompose the long-short returns into the pure customer momentum effect (𝐸𝑔𝑔 − 

𝐸𝑏𝑏), the pure 52-week high effect (𝐴ℎ − 𝐴𝑙), and the interaction effect (𝐼𝑔𝑔,ℎ − 𝐼𝑏𝑏,𝑙). If having both 

high (low) CR and high (low) PRC does not generate any additional return effect, then this long-short 

return is fully attributable to the pure customer momentum effect and the pure 52-week high effect; 

thus, the interaction effect defined in our decomposition exercise would be zero. On the contrary, if 

the return predictability of high (low) customer returns hinges on having stock prices near (or far from) 

the 52-week high, then the interaction effect would be significantly positive. The interaction effect 

essentially measures the extent of customer momentum induced by the 52-week high effect.   

To help understand the extent to which the nearness to the 52-week high explains the return 
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predictability of customer returns, we further conduct the return decomposition by excluding the 

interaction component (see the detailed specification in Panel B of Table 3). In this return 

decomposition, the customer momentum effect is defined as 𝐸𝑔𝑔 − 𝐸𝑏𝑏, and the 52-week high effect 

is defined as 𝐴ℎ − 𝐴𝑙. 

 To estimate the decomposed stock returns, we run a Fama-MacBeth cross-sectional regression of 

individual stock returns on a set of dummy variables that indicate the PRC and CR portfolio 

assignments of the stocks in each month. The estimates of the pure customer momentum effect, the 

pure 52-week high effect, and the interaction effect in each month are based on the coefficient estimates 

in the cross-sectional regressions. Finally, we compute the time-series average of the pure customer 

momentum effect, the pure 52-week high effect, and the interaction effect. Appendix B provides a 

detailed description of our estimation method. To adjust for risk factors, after we compute the monthly 

coefficient estimates of the pure customer momentum effect, the pure 52-week high effect, and the 

interaction effect, we regress the coefficient estimates on the risk factors (e.g., Fama-French-Carhart 

four factors) to calculate the alphas. In all return decomposition results, the t-statistics are computed 

based on the standard errors with a Newey-West correction of 12 lags. 

4.2. Return decomposition results 

Table 4 reports the return decomposition results. As shown in Panel A, the interaction effect 

generates an FFC4 alpha of 1.44% per month, with a t-statistic of 2.72; the CAPM and FF3 alphas of 

the interaction effect are 1.59% (t-statistic = 3.47) and 1.57% (t-statistic = 2.98) per month, respectively. 

A positive and significant interaction effect indicates that a nontrivial proportion of the return 

predictability of customer returns hinges on having the supplier’s stock prices near or far from the 52-

week high. 
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[Table 4 about here] 

We also find that when the interaction effect is included, the alphas of the pure customer 

momentum effect are close to zero (e.g., the FFC4 alpha is 0.06%). In contrast, as shown in Panel B, 

without the interaction effect, the pure customer momentum effect is positive and significant, with 

FFC4 alphas of 0.54% (t-statistic = 4.63) per month. The contrast between Panels A and B suggests 

that high (low) customer returns predict high (low) future returns of the suppliers only when the 

supplier stock prices are near (far from) the 52-week high. These results suggest that the 52-week high 

effect induces investors to underreact to the customer returns, which largely explains the customer 

momentum phenomenon. 

We also use the return estimates in this section to plot the PRC5−PRC1 return spreads across the 

CR quintiles in Fig. 2. Consistent with the return patterns of the double-sorted portfolios in the previous 

section, there is a clear U-shaped relation between the PRC5−PRC1 return spreads and the CR rankings, 

providing validation for our return decomposition methodology. 

[Fig. 2 about here] 

4.3. Using absolute cut-offs to group stocks 

Since the return decomposition is based on the monthly quintile breakpoints, the concern may 

arise that there might be times when the stocks in the top (bottom) PRC quintile are not very close to 

(far from) their actual 52-week high prices in terms of absolute distance. To address this issue, we 

consider fixed (i.e., time-invariant) cut-offs to assign stocks into groups near or far from the 52-week 

high and then re-conduct the return decomposition. By doing so, the top (or bottom) PRC group in 
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different months would be more comparable regarding their group average PRC. 

We first use the fixed cut-offs of PRC to group stocks into three portfolios. The Top Group consists 

of stocks with a PRC above the full sample 80th percentile value of PRC (0.95 in our sample). The 

Bottom Group consists of stocks with a PRC below the 20th percentile value of PRC (0.64 in our 

sample). The Middle Group consists of the rest of the stocks. We then sort the supplier firms into 

terciles by their customer returns (CR). Consequently, the interaction between the PRC and CR groups 

produces 3×3 portfolios. We then conduct return decomposition based on these double-sorted 

portfolios.9  

[Table 5 about here] 

As shown in Panel A of Table 5, the interaction effect of customer momentum and the 52-week 

high effect remains positive and significant, with an FFC4 alpha of 0.90% (t-statistic = 1.97). Moreover, 

when we use more extreme percentile values to group stocks, the interaction effect becomes larger and 

more significant. For example, as shown in Panel B of Table 5, the interaction effect using the full 

sample 10th/90th percentile value of PRC has an FFC4 alpha of 2.61% (t-statistic = 3.10). The 

monotonically increasing pattern is reassuring as the 52-week high effect on an underreaction to 

customer good (bad) news is expected to be stronger when the stock prices are closer to (farther from) 

the 52-week high.  

The interaction effect in the return decomposition is also significant when using the absolute 

distance to the 52-week high/low price to group stocks into three groups. Specifically, the Top Group 

consists of stocks with prices above 95% of the 52-week high price (i.e., within a 5% range below the 

52-week high). The Bottom Group consists of stocks with prices below 105% of the 52-week low price 

                                                 
9 The return decomposition on 3×3 double-sorted portfolios is similar to the process we used for the 5×5 portfolios in 

Section 4.2 (see Appendix B for details).  
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(i.e., within a 5% range above the 52-week low). The Middle Group consists of the rest of the stocks. 

We then sort the supplier firms into terciles by their customer returns (CR). Consequently, the 

interaction of PRC and CR groups produces the 3×3 double-sorted portfolios. After that, we conduct 

the return decomposition based on these double-sorted portfolios and still find that the interaction 

effect is significant (see Panel C of Table 5).  

4.4. Return decomposition in subsamples by suppliers’ information environment 

In this section, we conduct a subsample analysis to strengthen our argument. Following the 

literature on limits to arbitrage, mispricing is harder to correct when the arbitrage cost and risk are 

higher. Thus, we expect that the interaction effect between customer momentum and the 52-week high 

effect should be stronger among the firms with smaller market capitalization, lower institutional 

ownership, lower level of analyst coverage, and higher idiosyncratic volatility. 

We first sort the supplier firms equally into two groups based on these firm characteristics in each 

month. For example, using firm size to measure the limits to arbitrage, we sort the supplier firms into 

two groups based on their market capitalization at the previous year-end. Similarly, we split the sample 

into two groups based on the supplier firms’ institutional ownership at the previous year-end, analyst 

coverage in the previous year, or idiosyncratic volatility in the previous month. Within each subsample, 

we conduct a return decomposition in the 3×3 portfolios as in Section 4.3. 

[Table 6 about here] 

Table 6 reports that the interaction effects of customer momentum and the 52-week high effect are 

significant only among the firms with small market capitalization, low institutional ownership, low 

analyst coverage, and high idiosyncratic volatility. For example, the FFC4 alpha of the interaction 

effect is 1.19% per month (t-statistic = 2.49) among the small firms but is only −0.04% per month (t-
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statistic = −0.08) among the large firms. Overall, these results are consistent with the effect of limits 

to arbitrage on the market inefficiency induced by the 52-week high effect. 

4.5. Robustness check and additional results 

In this subsection, we conduct several robustness checks and additional tests to corroborate the 

evidence of the return decomposition. 

First, we find that the results in the return decomposition are robust to the use of alternative factor 

models to compute risk-adjusted returns or the exclusion of Januaries. As shown in Table 7, when we 

use Daniel-Grinblatt-Titman-Wermers (DGTW) adjusted returns, returns adjusted by Fama-French 

five-factor (FF5), returns adjusted by the FF5 model augmented with the momentum factor, or returns 

adjusted by the Q-factor (Hou, Xue, and Zhang, 2015), the interaction effect of customer momentum 

and the 52-week high effect remains economically and statistically significant. Online Appendix Table 

OA2.2 reports that, when we exclude observations in Januaries in the return decomposition, the 

interaction effect still generates a large FFC4 alpha of 1.24% per month (t-statistic = 2.01). 

[Table 7 about here] 

Second, since the nearness to the 52-week high is potentially correlated to the past 12-month 

returns, one concern is that our findings could be driven by the momentum effect rather than by PRC. 

To address this issue, we conduct a placebo return decomposition that replaces PRC with the past 12-

month returns. We find no significant interaction effect between customer returns and the supplier’s 

past 12-month returns (see Online Appendix Table OA2.3). Meanwhile, the pure customer momentum 

effect remains significant in this placebo test, highlighting the uniqueness of the nearness to the 52-

week high in explaining customer momentum.  

Third, we conduct a subsample analysis to show that the interaction effect between customer 
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momentum and the 52-week high effect is stronger among stocks that are closer to or farther from the 

52-week high prices. We form subsamples as follows. In each month, we first sort suppliers into terciles 

by their PRC at the previous month-end. The bottom, middle, and top PRC groups are denoted by 

PRC1, PRC2, and PRC3, respectively. Within the PRC3 group, we further sort suppliers equally into 

two groups based on PRC. The subgroup with a lower (higher) PRC is denoted by PRC3-1 (PRC3-2). 

Similarly, we can further split PRC1 into subgroup PRC1-1 with lower PRC and subgroup PRC1-2 

with a higher PRC. Finally, we form the first subsample by combining suppliers in the PRC1-1, PRC2, 

and PRC3-2 subgroups, and we form the second subsample by combing suppliers in the PRC1-2, PRC2, 

PRC3-1 subgroups.  

By construction, the top PRC group in the first subsample (i.e., PRC3-2 group) has stock prices 

closer to the 52-week high than the top PRC group in the second subsample (i.e., PRC3-1 group), and 

the bottom PRC group in the first subsample has stock prices farther from the 52-week high than that 

in the second subsample. Within each month, we further sort the supplier firms into terciles by their 

CR in the previous month. The interaction of the PRC and CR groups produces 3×3 double-sorted 

portfolios. For each subsample, we then conduct a return decomposition. Panel A of Online Appendix 

Table OA2.4 shows that the FFC4 alpha of interaction effect is 1.15% (t-statistic = 2.82) for the first 

subsample, but it is only 0.10% (t-statistic = 0.30) in the second subsample. We find similar patterns 

when using the full sample 15th/85th percentile values of PRC to split the PRC1/PRC3 groups into 

subgroups (see Panel B of Online Appendix Table OA2.4).  

Likewise, we expect a stronger interaction effect in the months when the top PRC quintiles have 

more stocks that are close to their actual 52-week high prices or the bottom PRC quintiles have more 

stocks that are far from their actual 52-week high prices. We indeed find supporting evidence for this 
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argument (see Online Appendix Section OA2.5).10  

 

5. Tests of the economic mechanism 

In this section, we examine the economic mechanism that the 52-week high effect distorts the 

belief-updating process and induces the underreaction to news about the customer stocks. In Section 

5.1, we utilize analyst recommendation revisions as observable actions of the belief-updating process 

and provide direct evidence for this economic mechanism. In Section 5.2, we show that our results are 

not driven by the lack of investor attention.  

5.1. Evidence from analyst recommendation revisions 

In this section, we examine how analysts revise the recommendation on the supplier firms in 

response to the customer stock returns. The advantage of studying recommendation revisions is that it 

provides a clean and direct measure of the belief-updating process. As analysts are important 

information intermediaries in the financial market, showing how the 52-week high affects their 

responses to news about the customer firms helps pin down the economic mechanism. We perform the 

following ordered logit regressions with analyst recommendation changes of supplier firms as the 

dependent variable:  

𝑅𝑒𝑐_𝐶ℎ𝑎𝑛𝑔𝑒𝑖,𝑗 = 𝑓 (𝛽1𝐴𝐶𝑅𝑖,𝑗 + 𝛽2𝑃𝑅𝐶𝑖,𝑗 + 𝛽3𝐴𝐶𝑅𝑖,𝑗 × 𝑃𝑅𝐶𝑖,𝑗 + 𝛿′𝑋𝑖,𝑗 + 휀𝑖,𝑗),    (1) 

where subscript i denotes firm i and subscript j denotes a recommendation revision event. The 

dependent variable, 𝑅𝑒𝑐_𝐶ℎ𝑎𝑛𝑔𝑒𝑖,𝑗, takes a value of one when the recommendation revision is an 

upgrade, zero when the revision maintains the previous rating, and negative one when the revision is 

a downgrade. The key independent variable, ACR, is cumulative abnormal customer returns in the 21 

trading days before the day of recommendation change. The abnormal customer return is the customer 

                                                 
10 In Online Appendix Table OA2.6, we also find that the interaction effect is stronger in the months when fewer stocks in 

the CR5~PRC5 portfolio have prices above 95% of their 52-week highs.  
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firm return minus the CRSP value-weighted market returns.11 Another key independent variable, PRC, 

is the nearness to the 52-week high at the end of the trading day before the recommendation change. 

ACR×PRC is the interaction term between ACR and PRC. The control variables in the X vector include 

supplier firm characteristics as of the previous month-end before recommendation revisions, including 

earnings forecast revisions, analyst dispersion, analyst coverage, standardized unexpected earnings 

(SUE), firm size, book-to-market ratio, cumulative returns in the past 12 months, idiosyncratic 

volatility, asset growth, and accruals. We also include the Fama-French 48-industry fixed effects and 

the year fixed effects in the regressions. The standard errors are clustered by firm.  

[Table 8 about here] 

 Columns (1) to (3) of Panel A of Table 8 report the two main findings. First, analysts are more 

likely to upgrade a supplier firm when its customer firms had high abnormal returns in the recent past, 

reflected by a positive and significant coefficient of ACR. This result demonstrates that analysts indeed 

pay attention to news about a firm’s customers. Second, the coefficient of the interaction term between 

ACR and PRC is significantly negative. The results indicate that when a supplier firm’s stock price is 

near the 52-week high, analysts are less likely to upgrade the supplier firm in response to the good 

news about its customer firms. In other words, the 52-week high effect induces analyst’s underreaction 

to customer stock returns, which provides direct support for our hypothesis. 

Moreover, columns (4) to (6) of Panel A show that the results are similar in ordinary least squares 

(OLS) regressions. In addition, in Panel B (Panel C) of Table 8, we replace the dependent variable with 

Upgrade (Downgrade), which is a dummy variable that equals one if the revision is an upgrade (a 

                                                 
11 We find similar results using Fama-French-Carhart four-factor (FFC4) adjusted returns as the abnormal customer returns. 

The results are reported in Online Appendix Table OA3.1. 
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downgrade) and is zero otherwise. The results are similar to those in Panel A.12 For example, Panel C 

shows that, while analysts are more likely to downgrade the supplier firm whose customer returns are 

lower, this sensitivity is reduced when the supplier’s stock prices are far from the 52-week high.13  

 Finally, Online Appendix Table OA3.3 shows that abnormal returns of the pseudo customer firms 

have no predictive effect on the analyst recommendation revision of the supplier firms, and the 

interaction term between pseudo abnormal customer returns and the suppliers’ nearness to the 52-week 

high is also insignificant. Taken together, the results in this section provide direct evidence on how the 

52-week high effect affects the belief-updating process of market participants. 

5.2. Nearness to the 52-week high and investor attention 

While the results in the previous sections are consistent with the notion that the 52-week high effect 

induces market participants to underreact to customer stock returns, an alternative explanation is that 

they pay less attention to the supplier firm when the stock price is near or far from the 52-week high. 

To rule out this explanation, we examine the association between investor attention and the stock price 

nearness to the 52-week high. 

Specifically, we first follow Huddart, Lang, and Yetman (2009) and use abnormal trading volume 

as a proxy for investor attention. We calculate the abnormal trading volume for a given firm-week as 

the residual term from firm-by-firm regressions of the average daily stock turnover rate on the average 

daily market turnover rate for the week. Nasdaq (NYSE) market volume is used for the firms trading 

on the Nasdaq (NYSE or Amex). We then regress the abnormal trading volume of the supplier firm on 

two dummy variables (Dummy_HighPRC and Dummy_LowPRC), which indicate whether a firm’s 

                                                 
12  The similarity between results using analyst recommendation upgrades or downgrades is not surprising given the 

mechanically high correlation between analyst upgrades and downgrades (−0.68, as shown in Panel D of Table 8).  
13 Although we focus on the 52-week high price in our main analysis, in Online Appendix Table OA3.2, we extend our 

analysis and find that the nearness to the 52-week low, defined as the ratio of current stock prices to the 52-week low price, 

also distorts the belief-updating process.   
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PRC is at the top and bottom quintiles at the previous week-end, respectively. Table 9 shows that 

abnormal trading volume increases rather than decreases when stock prices are either close to or far 

from the 52-week high.  

[Table 9 about here] 

In Online Appendix OA3.4, we further investigate the relation between the nearness to the 52-

week high and abnormal institutional attention, which measures institutional investors’ active reading 

or searching for firm news on Bloomberg terminals (Ben-Rephael, Da, and Israelsen, 2017). We find 

that institutional attention increases when stock prices are either near or far from the 52-week high.  

Overall, the analyses in this section demonstrate that limited attention is unlikely to explain our 

main findings on return patterns and analyst recommendation revisions.  

 

6. Extensions 

In this section, we extend our studies in two dimensions. In Section 6.1, we show that there exists 

an additional interaction effect of customer firms’ nearness to the 52-week high and supplier firms’ 

nearness to the 52-week high in predicting supplier stock returns. In Section 6.2, we show that the 52-

week high effect could at least partially explain the cross-firm return predictabilities in other settings, 

including geographic momentum (Parsons, Sabbatucci, and Titman, 2020), industry momentum 

(Moskowitz and Grinblatt, 1999), complicated firm (Cohen and Lou, 2012), and foreign industry 

information (Huang, 2015). 

6.1. The role of the customer stock prices nearness to the 52-week high 

In our main analysis, we focus on the interaction effect between the suppliers’ nearness to the 52-

week high and customer returns. It could be equally intriguing to explore the effect of the customers’ 
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nearness to the 52‐week high. Following the rationale of George and Hwang (2004), when a customer 

firm has good (bad) news and its stock price is near (far from) the 52-week high, the customer's current 

stock price might underreact to its own good (bad) news. In this case, even if the supplier’s stock prices 

closely adjust to the customer’s stock return, an underreaction of the supplier’s stock price to the news 

about the customer would still exist. Moreover, such an underreaction could be further amplified when 

the supplier’s stock prices are also near the 52-week high. 

To test this additional interaction effect, we use the following three steps. First, we study whether 

customer returns and their price nearness to the 52-week high predict customer returns. This test can 

be considered a verification exercise of George and Hwang (2004) using the sample of customer firms. 

In each month, we independently sort all customer firms into 3×3 portfolios by their returns in the 

previous month and by their PRC at the previous month-end. Then, we conduct a return decomposition 

on these 3×3 portfolios. As shown in Panel A of Table 10, the interaction effect between customer 

firms’ past-one-month returns and their nearness to the 52-week high generates a significant FFC4 

alpha of 1.08% per month (t-statistic = 2.76). This result suggests that, among the customer firms, the 

52-week high effect leads to an underreaction to value-relevant news.  

[Table 10 about here] 

Next, we investigate whether the interaction effect between customer returns and the customer 

firms’ PRC could predict the supplier firm’s returns. We independently sort the supplier firms into 3×3 

portfolios by their CR in the previous month and their Customer PRC at the previous month-end. 

Customer PRC is defined as the average PRC of the customer firms that belong to a supplier. Then, 

we conduct a return decomposition on the 3×3 portfolios of the suppliers. Panel B of Table 10 shows 

that the interaction effect between Customer PRC and CR generates a significant FFC4 alpha of 0.90% 
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(t-statistic = 2.05). This result suggests that the supplier’s stock return can be predicted by its customer 

returns when the customer’s stock prices have not fully incorporated their own value-relevant news 

due to the 52-week high effect. 

Finally, we study whether the aforementioned underreaction to good (bad) news about the 

customer firms can be further amplified by the supplier’s nearness to the 52-week high. We use the 

subsample analysis to identify such an amplification effect. Specifically, in each month, we first sort 

suppliers into terciles by their Customer PRC at the previous month-end. The bottom, middle, and top 

Customer PRC groups are denoted by CPRC1, CPRC2, and CPRC3, respectively. Within the CPRC3 

group, we further sort the suppliers equally into two groups based on their own PRC at the previous 

month-end. The subgroup with a lower (higher) PRC is denoted by CPRC3-1 (CPRC3-2). Similarly, 

we split CPRC1 into subgroup CPRC1-1 with a lower PRC and subgroup CPRC1-2 with a higher PRC. 

We then form the first subsample by combining the suppliers in the CPRC1-1, CPRC2, and CPRC3-2 

groups in each month, and we form the second subsample by combining the suppliers in the CPRC1-

2, CPRC2, and CPRC3-1 groups in each month. Meanwhile, in each month, we sort suppliers into 

terciles by their CR in the previous month. Within each subsample, the interaction between CPRC 

groups and CR groups generates 3×3 double-sorted portfolios.  

By construction, in the first subsample, the supplier firms and their customer firms have stock 

prices close to the 52-week high or far from the 52-week high simultaneously, while this is not the case 

in the second subsample. For each subsample, we conduct a return decomposition on the supplier 

portfolios double-sorted by Customer PRC and CR . The comparison between the return decomposition 

in the first and the second subsample helps pin down the additional interaction effect driven by the 

customer’s and the supplier’s nearness to the 52-week high in predicting the supplier’s future returns. 

We expect to find a stronger interaction effect in the first subsample. 
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Panel C of Table 10 shows that the interaction effect between Customer PRC and CR generates a 

significant FFC4 alpha of 1.00% in the first subsample. Meanwhile, the interaction effect only 

generates an insignificant FFC4 alpha of 0.33% in the second subsample. This result demonstrates that, 

when both suppliers and customers have their stock prices near (far from) the 52-week high, an 

additional interaction effect exists, leading to a more significant underreaction to good (bad) news 

about the customer firms. 

6.2. Return decomposition in other settings 

In this section, we extend our return decomposition analysis to four other settings of cross-firm 

return predictability in the previous literature. The first one is geographic momentum in Parsons, 

Sabbatucci, and Titman (2020), who find that a firm’s stock returns can be predicted by the lagged 

returns of its geographic neighboring firms. The second one is industry momentum in Moskowitz and 

Grinblatt (1999), who show that a firm’s stock return can be predicted by the lagged industry returns. 

The third one is complicated firm in Cohen and Lou (2012), who show that a conglomerate firm’s 

stock return can be predicted by a portfolio of standalone firms that comprise the conglomerate firm’s 

business segments. The fourth one is foreign industry information in Huang (2015), who finds that a 

U.S. multinational firm’s stock return can be predicted by the corresponding industry returns in the 

foreign countries where the multinational firm operates. 

We conduct similar return decompositions based on portfolios double-sorted by cross-firm return 

predictors (analogous to CR in customer momentum) and nearness to the 52-week high. 14  The 

interaction effect and the pure 52-week high effect follow the same definition as in Table 4, while the 

                                                 
14 See detailed definitions of cross-firm return predictions in Section 2. In Online Appendix Table OA4.1, we show that 

there is no correlation between cross-firm return predictors and PRC. In addition, since the observation numbers of 

conglomerate firms (complicated firm setting) and U.S. multinational firms (foreign information setting) are not large 

enough for the double soring exercise, we combine these two settings to conduct return decomposition. Online Appendix 

Table OA4.2 shows the replication results in these cross-firm return predictabilities settings. 
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pure cross-momentum effect is analogous to the pure customer momentum effect. Table 11 reports the 

results. Across all four settings, we find that the interaction effects are positive and significant. For 

example, in geographic momentum setting, Panel A shows that the interaction effect generates an FFC4 

alpha of 0.37% (t-statistic = 2.12), while the pure cross-momentum effect generates an FFC4 alpha of 

0.38% (t-statistic = 2.68). In the industry momentum setting, Panel B reports that the interaction effect 

generates an FFC4 alpha of 0.81% (t-statistic = 2.56), while the pure cross-momentum effect generates 

an FFC4 alpha of −0.18% (t-statistic = −0.78). 

[Table 11 about here] 

It is worth noting that the pure geographic momentum remains even after including the interaction 

effect. This result is in line with Parsons, Sabbatucci, and Titman (2020), who argue that geographic 

momentum is puzzling since it is unaffected by firm characteristics related to limits-to-arbitrage, 

including analyst coverage and institutional ownership. Nevertheless, the 52-week high effect seems 

to partially account for geographic momentum, as reflected in the positive and significant interaction 

effect. 

In sum, the results in Table 11 not only provide out of sample tests for the 52-week high effect but 

also show that the effect could at least partially explain the existing cross-firm return predictabilities. 

 

7. Conclusion 

Our paper provides a novel psychological explanation for the market underreaction to news about 

economically linked firms. We hypothesize that the 52-week high effect induces investors’ 

underreaction to good (bad) news about economically linked firms when stock prices are near (far 

from) the 52-week high.  
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We focus on customer momentum as our main empirical setting and show that anchoring on the 

supplier’s 52-week high price generates a significant underreaction to news about the customer firms. 

We further decompose the stock return predictability into the pure customer momentum effect, the 

pure 52-week effect, and the interaction effect between customer momentum and the 52-week high 

effect. We find that the interaction effect is significantly positive; however, the pure customer 

momentum effect becomes insignificant after including the interaction effect. The return 

decomposition results demonstrate that the 52-week high effect largely explains investors’ 

underreaction to news about customer firms.  

Furthermore, by studying analyst recommendation revisions, we show that our findings are driven 

by the distorting effect of the price near the 52-week high on the belief-updating process. Besides, our 

findings cannot be explained by investors’ limited attention. In addition, we find an additional 

interaction effect when both suppliers and customers have their stock prices near (far from) the 52-

week high. Finally, we extend our analysis to other settings of cross-firm return predictabilities, 

including geographic momentum, industry momentum, complicated firm, and foreign industry 

information settings, and we find the 52-week high effect can at least partially explain the return 

patterns in these settings.  

Overall, our study shows that the 52-week high serves as a psychological barrier that induces 

investors’ underreaction to news about economically linked firms. While the previous literature mainly 

focuses on investor inattention as the economic mechanism for such a market underreaction, we 

provide a new perspective to understand these phenomena.  
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Appendix A. Variable definition 

Variable Definition 

PRC The ratio of month-end close price to the highest daily close price over the past 12-

month period ending in the month. Prices are adjusted for splits and stock 

dividends. 

CR Average returns of customer firms that belong to a supplier firm in the month. 

Rec_Change Each analyst recommendation revision event is categorized as an 

upgrade/downgrade/reiteration when the current rating is greater than/lower 

than/equal to the prior active rating by the same analyst. Rec_Change equals 1 for 

upgrades, equals 0 for reiteration, and equals −1 for downgrades. 

Upgrade A dummy variable that equals 1 for upgrades and 0 otherwise. 

Downgrade A dummy variable that equals 1 for downgrades and 0 otherwise. 

Analyst dispersion Analyst dispersion in a month is the standard deviation of analyst earnings forecasts 

(fiscal year one) divided by the absolute value of mean forecast in that month.  

Analyst coverage The number of distinct analysts who provide fiscal year one earnings estimates in 

a year. 

SUE Actual EPS minus analyst’s median EPS forecast within the 90 days before the 

earnings announcement date, scaled by the stock price. See Livnat and Mendenhall 

(2006). 

Size Natural logarithm of market capitalization. 

Book-to-market The ratio of book equity to market value of equity.  

Past 12-month returns Cumulative stock returns in the past 12 months. 

Idiosyncratic volatility The standard deviation of the daily Fama-French three-factor residuals in a month. 

Asset growth Year-to-year percentage change in total assets.  

Accruals Accruals to total assets. See Sloan (1996) for the definition of accruals.  

Institutional ownership A firm’s shares held by 13F institutions, scaled by year-end shares outstanding. 

Abnormal trading 

volume 

Abnormal trading volume for a given firm-week is the residual from firm-by-firm 

regressions of average daily share trading volume as a percentage of firm shares 

outstanding for the week on average daily market volume as a percentage of market 

shares outstanding for the week. Nasdaq (Amex) market volume is used for firms 

trading on the Nasdaq (NYSE or Amex). 

Industry return We use the Fama-French 48-industry classification. Industry return for a firm-

month is the average monthly returns of an equal-weighted portfolio of its industry 

peers in the past six months. 

Area return We group firms headquartered in the same Economic Area classified by the Bureau 

of Economic Analysis. Area return for a firm-month is the average return of the 

firm’s geographic neighbors in the previous month. See Parsons et al. (2020) for 

details. 

Pseudo-conglomerate 

return 

For each conglomerate firm, we form a portfolio mimicking its industry segments 

using standalone firms in the corresponding industries. Pseudo-conglomerate return 

for a conglomerate-month is the sales-weighted average return of the segment 

portfolios in the previous month. See Cohen and Lou (2012) for details. 

Foreign industry 

information 

For each U.S. multinational firm in each month, foreign industry information is the 

sales-weighted sum of the industry-level returns in the relevant foreign countries in 

the previous month. See Huang (2015) for details.   
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Appendix B. Return decomposition methodology 

The return decomposition analysis takes two steps. In the first step, we form portfolios of stocks 

double-sorted by two sorting variables of interest. For example, in our main analysis, the subject stocks 

are supplier firms, and the two sorting variables are customer returns and nearness to the 52-week high. 

In the second step, we run cross-sectional regressions to decompose average stock returns of the 

double-sorted portfolios into the effect solely associated with the first sorting variable, the effect solely 

associated with the second sorting variable, and the interaction effect between the two sorting variables. 

In this appendix, we illustrate the return decomposition methodology in the customer momentum 

setting. Given the purpose of analysis, we conduct two types of return decomposition based on 5×5 

double-sorted portfolios and 3×3 double-sorted portfolios, respectively.  

B.1. Return decomposition in 5×5 double-sorted portfolios 

Take the analysis in Table 3 as an example. In each month, we independently sort supplier firms 

into 5×5 portfolios by their customer returns (CR) in the previous month and own nearness to the 52-

week high (PRC) at the previous month-end. The portfolios are held for one month. Then we run a 

monthly stock-level Fama-MacBeth regression on supplier firms to estimate pure customer momentum 

effects, the pure 52-week high effect, and interaction effects from cross-sectional variation in stock 

returns across the 25 portfolios. The regression model is specified as: 

𝑅𝑖,𝑡 = 𝑏0 + 𝑏1𝐶𝑅5𝑖,𝑡 + 𝑏2𝐶𝑅4𝑖,𝑡 + 𝑏3𝐶𝑅2𝑖,𝑡 + 𝑏4𝐶𝑅1𝑖,𝑡 + 𝑏5𝑃𝑅𝐶5𝑖,𝑡 + 𝑏6𝑃𝑅𝐶1𝑖,𝑡 

+𝑏7𝐶𝑅5𝑖,𝑡 × 𝑃𝑅𝐶5𝑖,𝑡 + 𝑏8𝐶𝑅4𝑖,𝑡 × 𝑃𝑅𝐶5𝑖,𝑡 

+𝑏9𝐶𝑅2𝑖,𝑡 × 𝑃𝑅𝐶5𝑖,𝑡 + 𝑏10𝐶𝑅1𝑖,𝑡 × 𝑃𝑅𝐶5𝑖,𝑡 

+𝑏11𝐶𝑅5𝑖,𝑡 × 𝑃𝑅𝐶1𝑖,𝑡 + 𝑏12𝐶𝑅4𝑖,𝑡 × 𝑃𝑅𝐶1𝑖,𝑡 

+𝑏13𝐶𝑅2𝑖,𝑡 × 𝑃𝑅𝐶1𝑖,𝑡 + 𝑏14𝐶𝑅1𝑖,𝑡 × 𝑃𝑅𝐶1𝑖,𝑡, 

 

(2) 
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where 𝑅𝑖,𝑡  is the return of supplier firm i in month t, and right-hand-side variables are dummies 

indicating CR and PRC quintile ranking of firm i in the month t (sorting variables are computed at the 

previous month-end). 

Panel A shows how the average stock returns of each portfolio can be decomposed into parameter 

estimates from the above Fama-MacBeth regression. Based on the estimation of those b parameters, 

Panel B demonstrates how to decompose average returns of each portfolio into the sum of different 

effects. We then calculate the estimates of pure customer momentum effects, the pure 52-week high 

effect, and interaction effects through equating the sum of parameter estimates for a given portfolio in 

Panel A to the corresponding sum of effects for the portfolio in Panel B. 

 

Panel A 

  CR1 CR2 CR3 CR4 CR5 

PRC1 𝑏0 + 𝑏4 + 𝑏6 + 𝑏14 𝑏0 + 𝑏3 + 𝑏6 + 𝑏13 𝑏0 + 𝑏6 𝑏0 + 𝑏2 + 𝑏6 + 𝑏12 𝑏0 + 𝑏1 + 𝑏6 + 𝑏11 

PRC2~4 𝑏0 + 𝑏4 𝑏0 + 𝑏3 𝑏0 𝑏0 + 𝑏2 𝑏0 + 𝑏1 

PRC5 𝑏0 + 𝑏4 + 𝑏5 + 𝑏10 𝑏0 + 𝑏3 + 𝑏5 + 𝑏9 b0 + b5  𝑏0 + 𝑏2 + 𝑏5 + 𝑏8 𝑏0 + 𝑏1 + 𝑏5 + 𝑏7 

Panel B 

  CR1 CR2 CR3 CR4 CR5 

PRC1 𝜇 + 𝐴𝑙 + 𝐸𝑏𝑏 + 𝐼𝑏𝑏,𝑙  𝜇 + 𝐴𝑙 + 𝐸𝑏 + 𝐼𝑏,𝑙  𝜇 + 𝐴𝑙 𝜇 + 𝐴𝑙 + 𝐸𝑔 𝜇 + 𝐴𝑙 + 𝐸𝑔𝑔  

PRC2~4 𝜇 + 𝐸𝑏𝑏 + 𝐼𝑏𝑏,𝑚 𝜇 + 𝐸𝑏 + 𝐼𝑏,𝑚 𝜇 𝜇 + 𝐸𝑔 + 𝐼𝑔,𝑚 𝜇 + 𝐸𝑔𝑔 + 𝐼𝑔𝑔,𝑚 

PRC5 𝜇 + 𝐴ℎ + 𝐸𝑏𝑏 𝜇 + 𝐴ℎ + 𝐸𝑏 𝜇 + 𝐴ℎ  𝜇 + 𝐴ℎ + 𝐸𝑔 + 𝐼𝑔,ℎ 𝜇 + 𝐴ℎ + 𝐸𝑔𝑔 + 𝐼𝑔𝑔,ℎ 

 

The effects specified in Panel B can be calculated using parameter estimates from Panel A as 

follows: 𝜇 = 𝑏0 , 𝐴𝑙 = 𝑏6 , 𝐴ℎ = 𝑏5 , 𝐸𝑏𝑏 = 𝑏4 + 𝑏10 , 𝐸𝑏 = 𝑏3 + 𝑏9 , 𝐸𝑔 = 𝑏2 + 𝑏12 , 𝐸𝑔𝑔 =

𝑏1 + 𝑏11 , 𝐼𝑏𝑏,𝑙 = 𝑏14 − 𝑏10 , 𝐼𝑏,𝑙 = 𝑏13 − 𝑏9 , 𝐼𝑏𝑏,𝑚 = −𝑏10 , 𝐼𝑏,𝑚 = −𝑏9 , 𝐼𝑔,𝑚 = −𝑏12 , 

𝐼𝑔𝑔,𝑚 = −𝑏11, 𝐼𝑔,ℎ = 𝑏8 − 𝑏12,  𝐼𝑔𝑔,ℎ = 𝑏7 − 𝑏11. 
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Finally, the pure customer momentum effect, the pure 52-week high effect, and the interaction 

effect can be computed as follows: Pure Customer Momentum Effect = 𝐸𝑔𝑔 − 𝐸𝑏𝑏, Pure 52-week 

High Effect = 𝐴ℎ − 𝐴𝑙, Interaction Effect = 𝐼𝑔𝑔,ℎ − 𝐼𝑏𝑏,𝑙.  

B.2. Return decomposition in 3×3 double-sorted portfolios 

In some cases, we also conduct return decomposition based on 3×3 double-sorted portfolios. The 

benefit of this sorting scheme is that it better accommodates the situations where not many subject 

stocks are available (e.g., in the subsample analysis by supplier firms’ information environment). To 

implement, in each month we sort suppliers into three groups by nearness to the 52-week high at the 

previous month-end, and we independently sort suppliers into three groups by customer returns in the 

previous month. We run a similar Fama-MacBeth regression as in the previous example: 

𝑅𝑖,𝑡 = 𝑏0 + 𝑏1𝐶𝑅3𝑖,𝑡 + 𝑏2𝐶𝑅1𝑖,𝑡 + 𝑏3𝑃𝑅𝐶3𝑖,𝑡 + 𝑏4𝑃𝑅𝐶1𝑖,𝑡 + 𝑏5𝐶𝑅3𝑖,𝑡 × 𝑃𝑅𝐶3𝑖,𝑡 +

𝑏6𝐶𝑅1𝑖,𝑡 × 𝑃𝑅𝐶3𝑖,𝑡 + 𝑏7𝐶𝑅3𝑖,𝑡 × 𝑃𝑅𝐶1𝑖,𝑡 + 𝑏8𝐶𝑅1𝑖,𝑡 × 𝑃𝑅𝐶1𝑖,𝑡,   

 

(3) 

where 𝑅𝑖,𝑡  is the return of supplier firm i in month t, and right-hand-side variables are dummies 

indicating CR and PRC quintile ranking of firm i in the month t. 

 

Panel C 

  CR1 CR2 CR3 

PRC1 𝑏0 + 𝑏2 + 𝑏4 𝑏0 + 𝑏4 𝑏0 + 𝑏1 + 𝑏4 + 𝑏7 

PRC2 𝑏0 + 𝑏2 𝑏0 𝑏0 + 𝑏1 

PRC3 𝑏0 + 𝑏2 + 𝑏3 + 𝑏6 𝑏0 + 𝑏3 𝑏0 + 𝑏1 + 𝑏3 + 𝑏5  

Panel D 

  CR1 CR2 CR3 

PRC1 𝜇 + 𝐴𝑙 + 𝐸𝑏 + 𝐼𝑏,𝑙 𝜇 + 𝐴𝑙 𝜇 + 𝐴𝑙 + 𝐸𝑔 

PRC2 𝜇 + 𝐸𝑏 + 𝐼𝑏,𝑚 𝜇 𝜇 + 𝐸𝑔 + 𝐼𝑔,𝑚 

PRC3 𝜇 + 𝐴ℎ + 𝐸𝑏  𝜇 + 𝐴ℎ 𝜇 + 𝐴ℎ  + 𝐸𝑔 + 𝐼𝑔,ℎ 
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Similarly, the effects specified in Panel D can be calculated using parameter estimates as 

follows: 𝜇 = 𝑏0, 𝐴𝑙 = 𝑏4, 𝐴ℎ = 𝑏3, 𝐸𝑏 = 𝑏2 + 𝑏6, 𝐸𝑔 = 𝑏1 + 𝑏7, 𝐼𝑏,𝑙 = 𝑏6 − 𝑏6,  𝐼𝑔,ℎ =

𝑏5 − 𝑏7,  𝐼𝑏,𝑚 = −𝑏6, 𝐼𝑔,𝑚 = −𝑏7. 

Pure customer momentum effect, pure 52-week high effect, and interaction effect can be computed 

as follows: Pure Customer Momentum Effect = 𝐸𝑔 − 𝐸𝑏 , Pure 52-week High Effect = 𝐴ℎ − 𝐴𝑙 , 

Interaction Effect = 𝐼𝑔,ℎ − 𝐼𝑏,𝑙. 
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Table 1  

Portfolio characteristics 

 

Panel A: mean CR 

  CR1 CR2 CR3 CR4 CR5 

PRC1 −9.22  −2.25  0.91  4.22  11.67  

PRC2 −8.82  −2.25  0.92  4.20  11.38  

PRC3 −8.50  −2.25  0.91  4.22  11.37  

PRC4 −8.32  −2.24  0.89  4.24  11.17  

PRC5 −8.23  −2.21  0.95  4.25  11.36  

Panel B: mean PRC 

  CR1 CR2 CR3 CR4 CR5 

PRC1 0.52  0.52  0.52  0.53  0.52  

PRC2 0.71  0.71  0.71  0.71  0.71  

PRC3 0.81  0.81  0.81  0.81  0.81  

PRC4 0.89  0.89  0.90  0.90  0.90  

PRC5 0.97  0.97  0.97  0.97  0.97  

Panel C: correlation between CR and PRC 

  PRC CR       

PRC 1.00  0.05        

CR 0.05  1.00        

 

This table reports the characteristics of the supplier firm portfolios sorted by their customer returns (CR) and 

their nearness to the 52-week high (PRC). CR is computed as equal-weighted returns of a supplier firm's 

customers in a month. PRC is nearness to the 52-week high, computed as the month-end close price divided by 

the highest daily close price during the 12-month period ending in the month. To form the double-sorting 

portfolios, in each month, the supplier firms are independently sorted into 5×5 portfolios based on CR in the 

previous month and PRC at the previous month-end. The portfolios are held for one month. Panels A and B 

report the average CR and PRC (sorting variables) for each portfolio, respectively. Mean CR in Panel A is shown 

in percent. Panel C reports the average correlation between PRC and CR in each month. The sample period is 

from January 1981 to December 2018.  
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Table 2  

Portfolio returns 

 

Panel A: CAPM alpha 

  CR1 CR2 CR3 CR4 CR5 

PRC1 −1.54 −1.13 −0.68 −0.60 −0.68 

  (−5.41) (−4.24) (−2.31) (−2.10) (−2.25) 

PRC2 −1.10 −0.37 −0.52 −0.34 −0.07 

  (−5.30) (−1.91) (−2.59) (−1.71) (−0.33) 

PRC3 −0.35 −0.01 −0.11 −0.18 0.41 

  (−1.66) (−0.06) (−0.66) (−0.99) (1.92) 

PRC4 −0.10 0.08 0.31 0.60 0.70 

  (−0.58) (0.48) (1.85) (3.43) (3.39) 

PRC5 0.20 0.29 0.37 0.53 0.89 

  (1.05) (1.71) (2.25) (3.20) (4.97) 

PRC5 – PRC1 1.74 1.42 1.05 1.12 1.57 

  (5.50) (4.74) (3.18) (3.60) (4.74) 

            

Port.55 – Port.11 
2.43 Port.55 – Port.11 – Original 

Customer Momentum 

1.50 

(7.51) (5.39) 

Panel B: FF3 alpha 

  CR1 CR2 CR3 CR4 CR5 

PRC1 −1.49 −1.07 −0.70 −0.64 −0.62 

  (−6.10) (−4.74) (−2.68) (−2.50) (−2.35) 

PRC2 −1.10 −0.37 −0.56 −0.36 −0.07 

  (−6.25) (−2.34) (−3.39) (−2.12) (−0.42) 

PRC3 −0.34 0.00 −0.13 −0.23 0.40 

  (−2.10) (0.02) (−0.99) (−1.67) (2.44) 

PRC4 −0.10 0.06 0.29 0.54 0.70 

  (−0.62) (0.45) (2.11) (3.85) (4.13) 

PRC5 0.23 0.27 0.34 0.53 0.89 

  (1.42) (1.89) (2.36) (3.71) (5.57) 

PRC5 – PRC1 1.72 1.34 1.05 1.17 1.51 

  (5.41) (4.49) (3.19) (3.74) (4.60) 

            

Port.55 – Port.11 
2.38 Port.55 – Port.11 – Original 

Customer Momentum 

1.45 

(7.41) (5.32) 

Panel C: FFC4 alpha 

  CR1 CR2 CR3 CR4 CR5 

PRC1 −0.97 −0.63 −0.18 −0.20 −0.08 

  (−4.63) (−3.15) (−0.79) (−0.85) (−0.35) 

PRC2 −0.86 −0.18 −0.40 −0.28 0.08 

  (−5.11) (−1.18) (−2.45) (−1.61) (0.48) 

PRC3 −0.34 0.04 −0.11 −0.24 0.39 

  (−2.09) (0.30) (−0.77) (−1.72) (2.33) 

PRC4 −0.23 −0.02 0.19 0.43 0.54 
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  (−1.48) (−0.12) (1.36) (3.06) (3.23) 

PRC5 0.02 0.05 0.19 0.34 0.71 

  (0.12) (0.40) (1.30) (2.50) (4.56) 

PRC5 – PRC1 0.99 0.68 0.37 0.54 0.79 

  (3.76) (2.71) (1.29) (1.98) (2.85) 

            

Port.55 – Port.11 
1.68 Port.55 – Port.11 – Original 

Customer Momentum 

0.82 

(6.15) (3.64) 

 

This table reports the performance of the supplier firm portfolios sorted by customer returns (CR) and nearness 

to the 52-week high (PRC). To form the double-sorting portfolios, in each month, the supplier firms are 

independently sorted into 5×5 portfolios based on CR in the previous month and PRC at the previous month-

end. The portfolios are held for one month and rebalanced every month. We then track the equal-weighted 

returns of each portfolio. This table reports the average monthly risk-adjusted returns of the portfolios. Risk-

adjusted returns in Panels A, B, and C are the intercept estimates from the time-series regressions of the monthly 

excess portfolio returns on market excess return (CAPM), Fama-French (1993) three factors (FF3), and Fama-

French-Carhart (1997) four factors (FFC4), respectively. We report the portfolio holding period returns from 

January 1981 to December 2018. We also show the difference in returns between the corner portfolios, where 

Port.55 refers to the portfolio with a CR5 and a PRC5 ranking, and Port.11 refers to the portfolio with a CR1 

and a PRC1 ranking. Besides, we report the difference between Port.55 minus Port.11 return spread and original 

customer momentum strategy returns. We compute original customer momentum returns as follows. In each 

month, we sort the supplier firms into quintiles based on their customer returns in the previous month. We long 

the suppliers in the highest customer return quintile and short the suppliers in the lowest customer returns 

quintile, and we hold the portfolios for one month. We track the equal-weighted portfolio returns in the holding 

period, and the original customer momentum strategy returns are the long-short returns. Alphas in this table are 

reported in percent. t-statistics are in parentheses. 
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Table 3  

Specification of return decomposition 

 

Panel A: return decomposition including the interaction effect 

  CR1 CR2 CR3 CR4 CR5 

PRC1 𝜇 + 𝐴𝑙 + 𝐸𝑏𝑏 + 𝐼𝑏𝑏,𝑙 𝜇 + 𝐴𝑙 + 𝐸𝑏 + 𝐼𝑏,𝑙 𝜇 + 𝐴𝑙 𝜇 + 𝐴𝑙 + 𝐸𝑔 𝜇 + 𝐴𝑙 + 𝐸𝑔𝑔 

PRC2~4 𝜇 + 𝐸𝑏𝑏 + 𝐼𝑏𝑏,𝑚 𝜇 + 𝐸𝑏 + 𝐼𝑏,𝑚 𝜇 𝜇 + 𝐸𝑔 + 𝐼𝑔,𝑚 𝜇 + 𝐸𝑔𝑔 + 𝐼𝑔𝑔,𝑚 

PRC5 𝜇 + 𝐴ℎ + 𝐸𝑏𝑏  𝜇 + 𝐴ℎ + 𝐸𝑏  𝜇 + 𝐴ℎ  𝜇 + 𝐴ℎ + 𝐸𝑔 + 𝐼𝑔,ℎ 𝜇 + 𝐴ℎ + 𝐸𝑔𝑔 + 𝐼𝑔𝑔,ℎ 

Panel B: return decomposition excluding the interaction effect 

  CR1 CR2 CR3 CR4 CR5 

PRC1 𝜇 + 𝐴𝑙 + 𝐸𝑏𝑏  𝜇 + 𝐴𝑙 + 𝐸𝑏  𝜇 + 𝐴𝑙 𝜇 + 𝐴𝑙 + 𝐸𝑔 𝜇 + 𝐴𝑙 + 𝐸𝑔𝑔 

PRC2~4 𝜇 + 𝐸𝑏𝑏  𝜇 + 𝐸𝑏  𝜇 𝜇 + 𝐸𝑔 𝜇 + 𝐸𝑔𝑔 

PRC5 𝜇 + 𝐴ℎ + 𝐸𝑏𝑏  𝜇 + 𝐴ℎ + 𝐸𝑏  𝜇 + 𝐴ℎ  𝜇 + 𝐴ℎ + 𝐸𝑔 𝜇 + 𝐴ℎ + 𝐸𝑔𝑔 

 

This table describes the specification of the return decomposition for the supplier firm portfolios double-sorted 

by customer returns (CR) and nearness to the 52-week high (PRC). To form the double-sorting portfolios, in 

each month, supplier firms are independently sorted into 5×5 portfolios based on CR in the previous month and 

PRC at the previous month-end. Each cell represents a group of stocks with a particular PRC and CR ranking. 

Portfolios with PRC ranked in the PRC2, PRC3, and PRC4 quintiles are combined into one group in the return 

decomposition. Each parameter in a cell reflects a component of the average return of stocks in a group. The 

sum of all the effects in a cell by default equals the average monthly returns of stocks in the corresponding 

portfolio. μ is the benchmark return, reflecting the average return of stocks in the portfolio with neither extreme 

customer returns nor an extreme nearness to the 52-week high. The A parameters are the returns associated with 

a high or low nearness to the 52-week high, regardless of the CR ranking. The E parameters are the returns 

attributable to good or bad news about the customer firms, regardless of the PRC ranking. The I parameters 

capture the returns associated with having both good (bad) news about the customer firms and stock prices near 

(far from) the 52-week high. The subscript of a parameter indicates the sign and magnitude of the effect on 

stock return. g: good news, gg: extremely good news, b: bad news, bb: extremely bad news, l: low, m: medium, 

and h: high. Panel A shows the specification of the return decomposition in which interaction effects are 

included (labeled including the interaction effect in the table). Panel B shows the specification of the return 
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decomposition in which the interaction effects are assumed to be zero (labeled excluding the interaction effect 

in the table). Appendix B presents the methodology for estimating the effects.  
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Table 4 

Return decomposition results 

 

Panel A: interaction effect included 

  CAPM Alpha FF3 Alpha FFC4 Alpha 

Interaction 
1.59 1.57 1.44 

(3.47) (2.98) (2.72) 

Pure Customer Momentum 
0.10 0.06 0.06 

(0.41) (0.23) (0.21) 

Pure 52-week High 
1.12 0.99 0.33 

(4.50) (3.79) (1.25) 

Panel B: interaction effect excluded 

  CAPM Alpha FF3 Alpha FFC4 Alpha 

Customer Momentum 
0.63 0.64 0.54 

(5.71) (5.61) (4.63) 

52-week High 
1.58 1.42 0.74 

(8.30) (6.88) (4.70) 

 

This table reports the estimates of the monthly averages for the pure customer momentum effect, the pure 52-

week high effect, and the interaction effect in the customer momentum setting. The return decomposition 

methodology is described in Appendix B, and the specifications of the return decomposition are shown in Table 

3. The pure customer momentum effect is computed as 𝐸𝑔𝑔 − 𝐸𝑏𝑏, where 𝐸𝑔𝑔(𝐸𝑏𝑏) is the return associated 

with having extremely good (bad) news about customer firms regardless of the nearness to the 52-week high. 

The pure 52-week high effect is computed as 𝐴ℎ − 𝐴𝑙, where 𝐴ℎ(𝐴𝑙) is the return attributable to having stock 

prices near (far from) the 52-week high regardless of news about the customer firms. The interaction effect is 

computed as 𝐼𝑔𝑔,ℎ − 𝐼𝑏𝑏,𝑙, where 𝐼𝑔𝑔,ℎ (𝐼𝑏𝑏,𝑙) is the return associated with having both good (bad) news about 

customer firms and stock prices near (far from) the 52-week high. Panel A reports return decomposition in 

which interaction effects are included, and the return decomposition specification is shown in Panel A of Table 

3. Panel B reports return decomposition in which interaction effects are excluded, and the return decomposition 

specification is shown in Panel B of Table 3. Average monthly CAPM Alpha, FF3 Alpha, and FFC4 Alpha are 

the intercepts from time-series regressions of monthly estimates of each effect (e.g., the pure customer 

momentum effect) on market excess returns, Fama-French (1993) three factors, and Fama-French-Carhart (1997) 

four factors, respectively. The sample period is from January 1981 to December 2018. Alphas in this table are 

reported in percent. t-statistics are in parentheses.  
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Table 5 

Return decomposition: absolute distance to the 52-week high 

 

Panel A: full-sample 20th and 80th percentiles of PRC 

Interaction 0.90 (1.97) 

Pure Customer Momentum −0.14 (−0.54) 

Pure 52-week High 0.78 (3.99) 

Panel B: full-sample 10th and 90th percentiles of PRC 

Interaction 2.61 (3.10) 

Pure Customer Momentum −0.79 (−1.44) 

Pure 52-week High 0.01 (0.03) 

Panel C: 5% distance to the 52-week high or 52-week low 

Interaction 1.13 (1.93) 

Pure Customer Momentum −0.39 (−0.92) 

Pure 52-week High −0.44 (−1.49) 

 

In each month, we sort the supplier firms into terciles by their customer returns in the previous month, and we 

independently sort the supplier firms into three groups based on their nearness to the 52-week high at the 

previous month-end. Then we conduct a return decomposition on the 3×3 portfolios (see Appendix B for details). 

We use different cut-offs of nearness to the 52-week high to generate the double-sorted portfolios and report the 

corresponding return decomposition results from Panels A to C. In Panel A, we use the 20th and 80th percentile 

values of PRC in the full sample period as the fixed cut-offs to sort the supplier firms into three groups by PRC 

in each month. For example, in a given month, stocks whose PRC at the previous month-end is larger than the 

full-sample 80th percentile value of PRC are assigned into the top PRC group, stocks with PRC smaller than the 

full-sample 20th percentile value are assigned into the bottom PRC group, and the rest of the stocks are assigned 

into the middle PRC group. In Panel B, we use the 10th and 90th percentile values of PRC in the full sample 

period as the cut-offs. In Panel C, in each month, we assign stocks whose stock prices at the previous month-

end are higher than 95% of the 52-week high price into the top PRC group, and we assign stocks whose stock 

prices at the previous month-end are lower than 105% of the 52-week low price into the bottom PRC group. 

The rest of the stocks are assigned to the middle PRC group. The average monthly FFC4 alpha (in percent) of 

the pure customer momentum effect, the pure 52-week high effect, and the interaction effect are reported. t-

statistics are in parentheses.  
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Table 6  

Return decomposition: subsamples by information environment 

 

Panel A: size  

    Small Large 

FFC4 Alpha 

Interaction 1.19 (2.49) −0.04 (−0.08) 

Pure Customer Momentum 0.25 (0.94) 0.44 (1.66) 

Pure 52-week High 0.53 (2.25) 0.36 (1.74) 

Panel B: institutional ownership 

    Low IO High IO 

FFC4 Alpha 

Interaction 0.83 (1.96) −0.17 (−0.36) 

Pure Customer Momentum 0.27 (1.03) 0.74 (2.90) 

Pure 52-week High 0.68 (3.21) 0.24 (1.21) 

Panel C: analyst coverage 

    Low coverage High coverage 

FFC4 Alpha 

Interaction 1.15 (2.78) 0.37 (1.11) 

Pure Customer Momentum 0.16 (0.66) 0.31 (1.38) 

Pure 52-week High 0.63 (3.32) 0.05 (0.23) 

Panel D: idiosyncratic volatility 

    High IVOL Low IVOL 

FFC4 Alpha 

Interaction 1.16 (2.52) 0.07 (0.19) 

Pure Customer Momentum −0.00 (−0.02) 0.57 (2.38) 

Pure 52-week High 0.34 (1.55) 0.06 (0.33) 

 

This table reports the results of the return decomposition in subsamples classified by the supplier firms’ 

information environment. The subsamples are generated as follows. In Panel A, in each month, the supplier 

firms are sorted equally into two groups based on median market capitalization at the previous year-end. In 

Panel B, in each month, the supplier firms are sorted equally into two groups based on median institutional 

ownership at the previous year-end. In Panel C, in each month, the supplier firms are sorted into two groups 

based on median analyst coverage in the previous year. Analyst coverage in a given year is the number of distinct 

analysts who make fiscal year one earnings forecasts in that year. Firms not covered by I/B/E/S are assumed to 

have zero analyst coverage. In Panel D, in each month, the supplier firms are sorted equally into two groups 

based on sample median idiosyncratic volatility in the previous month. We compute idiosyncratic volatility as 

the standard deviation of daily Fama-French three-factor return residuals in a month. Within each subsample, 

we sort the supplier firms into 3×3 portfolios based on CR and PRC and conduct a return decomposition using 

the methodology described in Appendix B. The average monthly FFC4 alpha (in percent) of each effect is 

reported. t-statistics are in parentheses.  
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Table 7  

Return decomposition: other risk-adjustment methods 

 

  DGTW FF5 FF5+UMD Q-Factor 

Interaction 
1.73 1.31 1.23 1.29 

(3.50) (2.17) (2.08) (2.27) 

Pure Customer Momentum 
−0.22 0.07 0.13 0.12 

(−0.89) (0.21) (0.39) (0.38) 

Pure 52-week High 
0.25 0.52 0.05 0.05 

(1.17) (1.34) (0.18) (0.13) 

 

This table reports the return decomposition results in customer momentum setting under other risk-adjustment 

methods. In the DGTW column, we replace raw supplier firm returns by their Daniel, Grinblatt, Titman, and 

Wermers (DGTW) (1997) characteristics-adjusted returns and re-conduct the return decomposition. In the FF5 

column, risk-adjusted returns are estimated from time-series regressions of monthly return components (effects) 

on Fama and French (2015) five factors. In the FF5+UMD column, we augment FF5 factors with the momentum 

(UMD) factor in the time-series regression. In the Q-Factor column, we use Hou, Xue, and Zhang (2015) Q-

factor model to estimate risk-adjusted returns in the time-series regression. Alphas are reported in percent. t-

statistics are in parentheses. 
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Table 8 

Analyst recommendation revision 

 

Panel A: Rec_Change as the dependent variable 

  (1) (2) (3)   (4) (5) (6) 

Regression Model: Ordered Logit   OLS 

ACR 0.465*** 2.000*** 1.910*** 
 

0.226*** 0.912*** 0.869*** 

  (3.13) (4.11) (3.52) 
 

(3.17) (4.08) (3.46) 

PRC 

 
1.024*** 1.026*** 

  
0.479*** 0.473*** 

  

 
(20.49) (13.31) 

  
(20.75) (13.32) 

ACR×PRC 

 
−2.527*** −2.573*** 

  
−1.149*** −1.170*** 

  

 
(−3.76) (−3.47) 

  
(−3.69) (−3.38) 

  

       

Controls No No Yes 
 

No No Yes 

Industry FE Yes Yes Yes 
 

Yes Yes Yes 

Year FE Yes Yes Yes 
 

Yes Yes Yes 

        

No. Obs. 44,941 44,941 38,815   44,941 44,941 38,815 

Pseudo/Adj. R2 0.003 0.008 0.010    0.009 0.018 0.021 

Panel B: Upgrade as the dependent variable 

  (1) (2) (3)   (4) (5) (6) 

Regression Model: Logit   OLS 

ACR 0.409** 2.054*** 1.733***   0.096** 0.444*** 0.381*** 

  (2.53) (3.81) (2.85)   (2.53) (3.77) (2.83) 

PRC   0.883*** 0.876***     0.206*** 0.205*** 

    (16.09) (10.98)     (16.42) (11.05) 

ACR*PRC   −2.627*** −2.364***     −0.570*** −0.524*** 

    (−3.56) (−2.88)     (−3.46) (−2.83) 

                

Controls No No Yes   No No Yes 

Industry FE Yes Yes Yes   Yes Yes Yes 

Year FE Yes Yes Yes   Yes Yes Yes 

                

No. Obs. 44,941 44,941 38,815   44,941 44,941 38,815 

Pseudo/Adj. R2 0.007 0.012 0.014   0.008 0.014 0.017 

Panel C: Downgrade as the dependent variable 

  (1) (2) (3)   (4) (5) (6) 

Regression Model: Logit   OLS 

ACR −0.534*** −1.895*** −1.995*** 
 

−0.130*** −0.468*** −0.488*** 

  (−3.39) (−3.67) (−3.48) 
 

(−3.39) (−3.71) (−3.51) 

PRC 

 
−1.131*** −1.117*** 

  
−0.274*** −0.269*** 

  

 
(−21.04) (−13.62) 

  
(−21.29) (−13.82) 
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ACR*PRC 

 
2.348*** 2.648*** 

  
0.579*** 0.645*** 

  

 
(3.24) (3.32) 

  
(3.32) (3.37) 

  

       

Controls No No Yes 
 

No No Yes 

Industry FE Yes Yes Yes 
 

Yes Yes Yes 

Year FE Yes Yes Yes 
 

Yes Yes Yes 

        

No. Obs. 44,941 44,941 38,815 
 

44,941 44,941 38,815 

Pseudo/Adj. R2 0.003 0.012 0.014 
 

0.003 0.015 0.017 

Panel D: Correlations between the status of analyst recommendation revision 

 Upgrade Downgrade Reiteration     

Upgrade 1       

Downgrade −0.68 1      

Reiteration −0.39 −0.41 1     

 

This table reports the predictive effects of abnormal customer returns, nearness to the 52-week high, and their 

interaction on the direction of subsequent analyst recommendation revisions. The analysis is conducted using 

analyst recommendation revisions on supplier firms from November 1993 to December 2018. In columns (1)-

(3) of Panel A, we estimate an ordered logit regression model as in Eq. (1), where the dependent variable takes 

a value of one when the analyst recommendation revision on a supplier firm is an upgrade, zero when the 

revision is a reiteration, and negative one when the revision is a downgrade. The independent variable ACR is 

the cumulative abnormal customer returns in the 21 trading days before the recommendation revision days. The 

abnormal customer returns are computed as raw customer returns minus contemporaneous CRSP value-

weighted market returns. PRC is the nearness to the 52-week high of the supplier firm i on the trading day before 

the announcement days. ACR×PRC is the interaction term between ACR and PRC. The control variables are 

supplier firm characteristics, including analyst dispersion, analyst coverage, standardized unexpected earnings 

(SUE), market capitalization, book-to-market ratio, past 12-month cumulative returns, idiosyncratic volatility, 

asset growth, and accruals of supplier firm i as of the month-end before the recommendation announcement 

date. Fama-French 48-industry and year fixed effects are included in the regressions. In columns (4)-(6), we re-

perform the above regressions in OLS regressions. Z-statistics in parentheses of columns (1)-(3) or t-statistics 

in parentheses of columns (4)-(6) are computed based on standard errors clustered by firm. In Panel B, the 

dependent variable is replaced by Upgrade, which is a dummy variable that equals one if the revision is an 

upgrade and zero otherwise. In Panel C, the dependent variable is replaced by Downgrade, which is a dummy 

variable that equals one if the revision is a downgrade and zero otherwise. In Panel B and C, we estimate logit 

regression models in columns (1)-(3) and OLS regression models in columns (4)-(6). All independent variables 

are winsorized at 5% and 95% level. ***, **, and * denote the significance levels of 1%, 5%, and 10% 

respectively. Panel D reports the correlation between the dummy variables indicating three status of analyst 

recommendation revisions: Upgrade, Downgrade, and Reiteration. 
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Table 9  

Nearness to the 52-week high and investor attention 

 

  (1) (2) (3) (4) (5) 

      

Dummy_HighPRC 0.14*** 0.14*** 0.14*** 0.14*** 0.13*** 

  (18.72) (17.95) (18.82) (17.90) (16.29) 

Dummy_LowPRC 0.14*** 0.10*** 0.14*** 0.10*** 0.09*** 

  (12.29) (7.70) (12.27) (7.91) (5.78) 

Size         0.20*** 

          (11.57) 

Book-to-Market         0.04 

          (1.41) 

Past Returns         0.07*** 

          (5.50) 

Return Volatility         8.47*** 

          (8.66) 

            

Firm FE No Yes No Yes Yes 

Time FE No No Yes Yes Yes 

            

No. Obs. 1,078,708 1,078,708 1,078,708 1,078,708 1,078,708 

Adj. R2 0.002  0.086  0.008  0.091  0.111  

 

This table reports the predictive effects of the nearness to the 52-week high on abnormal trading volume in the 

weekly sample of the supplier firms. The dependent variable is the abnormal trading volume of supplier firms 

in a given week constructed following Huddart, Lang, and Yetman (2009). Specifically, abnormal trading 

volume for a given firm-week is the residual from firm-by-firm regressions of the average daily stock turnover 

rate for the week on the average daily market turnover rate for the week. Nasdaq (NYSE) market volume is used 

for firms trading on the Nasdaq (NYSE or Amex). The key independent variable, Dummy_HighPRC 

(Dummy_LowPRC), is a dummy variable that equals one if a firm has a PRC ranked in the top (bottom) quintile 

at the previous week end, and zero otherwise. Control variables include market capitalization and book-to-

market ratio as of the previous month-end, cumulative returns in the previous 12 months, and standard deviation 

of weekly returns in the previous 52 weeks. Firm fixed effects and year-week fixed effects are included in the 

regressions. The sample period includes all weeks from 1981 to 2018. t-statistics in parentheses are computed 

based on standard errors clustered by firm and year-week. ***, **, and * denote the significance levels of 1%, 

5%, and 10% respectively. 
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Table 10  

Return decomposition based on customers’ PRC 

 

Panel A: return decomposition in customer firms 

  CAPM Alpha FF3 Alpha FFC4 Alpha 

Interaction 
1.11 1.14 1.08 

(2.99) (3.03) (2.76) 

Pure Customer Return 
−0.91 −0.93 −0.82 

(−3.28) (−3.31) (−2.83) 

Pure PRC 
0.37 0.35 −0.27 

(1.74) (1.57) (−1.70) 

Panel B: return decomposition in supplier firms 

  CAPM Alpha FF3 Alpha FFC4 Alpha 

Interaction 
0.75 0.61 0.90 

(1.83) (1.68) (2.05) 

Pure Customer Momentum 
−0.05 −0.00 −0.11 

(−0.17) (−0.01) (−0.34) 

Pure Customer PRC 
0.51 0.49 0.10 

(2.75) (2.33) (0.56) 

Panel C: return decomposition in suppliers: subsamples by supplier PRC 

  

Subsample 1: Suppliers 

and customers have high 

or low PRC 

simultaneously 

  

Subsample 2: Suppliers 

and customers do not have 

high or low PRC 

simultaneously 

Interaction 
1.00   0.33 

(1.89)   (0.61) 

Pure Customer Momentum 
−0.21   0.35 

(−0.46)   (0.86) 

Pure Customer PRC 
0.52   −0.31 

(2.23)   (−1.28) 

 

This table reports the results of return decomposition based on customer returns and the customer firms’ 

nearness to the 52-week high. In Panel A, we independently sort the customer firms into 3×3 portfolios by their 

returns in the previous month and their PRC at the previous month-end. We then decompose the customer firms’ 

return into the effect solely associated with their past one-month return (Pure Customer Return effect), the effect 

solely associated with their PRC (Pure PRC effect), and the interaction effect between the past one-month return 

and PRC. In Panel B, we independently sort supplier firms into 3×3 portfolios by their CR in the previous month 

and their Customer PRC at the previous month-end. For supplier firms, Customer PRC is defined as the average 

PRC of their customer firms. We then conduct return decomposition for the 3×3 portfolios of suppliers. The 

Pure Customer Momentum effect and the Pure Customer PRC effect captures the returns solely related to CR 

and Customer PRC, respectively. The interaction effect captures the returns attributable to having both high or 

low CR and Customer PRC. In Panel C, we conduct similar return decomposition as in Panel B but in two 

subsamples of suppliers classified by suppliers’ own PRC. For the first subsample, the suppliers and customers 

have a high or low PRC simultaneously; for the second subsample, the suppliers and customers do not have a 

high or low PRC simultaneously. The pure customer momentum effect, the pure customer PRC effect, and the 
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interaction effect are reported in Panel C. The average monthly FFC4 alpha (in percent) for each effect is 

reported in this table. t-statistics are in parentheses. 

 

 

  

Electronic copy available at: https://ssrn.com/abstract=3700436



53 

Table 11 

Return decomposition: other settings 

 

Panel A: Geographic Momentum 

  CAPM Alpha FF3 Alpha FFC4 Alpha 

Interaction 
0.47 0.44 0.37 

(3.05) (2.60) (2.12) 

Pure Cross-Momentum 
0.36 0.41 0.38 

(2.91) (3.58) (2.68) 

Pure 52-week High 
0.45 0.47 0.14 

(3.76) (4.09) (1.41) 

Panel B: Industry Momentum 

  CAPM Alpha FF3 Alpha FFC4 Alpha 

Interaction 
0.84 0.87 0.81 

(2.70) (2.81) (2.56) 

Pure Cross-Momentum 
0.09 0.14 −0.18 

(0.43) (0.49) (−0.78) 

Pure 52-week High 
0.88 0.79 0.30 

(4.30) (3.62) (1.65) 

Panel C: Complicated Firms and Foreign Industry Information 

  CAPM Alpha FF3 Alpha FFC4 Alpha 

Interaction 
1.31 1.30 1.27 

(2.97) (2.95) (2.86) 

Pure Cross-Momentum 
0.09 0.05 −0.03 

(0.34) (0.18) (−0.11) 

Pure 52-week High 
0.16 0.21 −0.32 

(0.65) (0.84) (−1.66) 

 

This table reports the return decomposition results in additional cross-firm return predictability settings. Panel 

A reports the results in geographic momentum setting. Panel B reports the results in industry momentum setting. 

Panel C reports the results in the pooled sample of conglomerate firms (complicated firm setting) and 

multinational firms (foreign industry information setting). Detailed descriptions of the construction of the return 

predictor and the sample period in each setting are in Section 2. Average monthly CAPM, FF3, and FFC4 alphas 

(in percent) are the intercepts from time-series regressions of monthly estimates of each effect on market excess 

return, Fama-French (1993) three factors, and Fama-French-Carhart (1997) four factors, respectively. t-statistics 

are in parentheses. 
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Figure 1  

Cumulative FFC4 alpha of supplier firm 

 

This figure plots the cumulative FFC4 alpha (in percent) of the supplier firm portfolios sorted by the customer 

returns (CR) and the nearness to 52-week high (PRC). In each month, we sort supplier firms into 5×5 portfolios 

based on their CR in the previous month and nearness to the 52-week high at the previous month-end. These 

portfolios are then held in the next six months, and we track the equal-weighted portfolio returns in the holding 

period. Month 1 denotes the first month after portfolio formation. This figure plots the performance of the 

CR5~PRC5 portfolio (portfolio with the highest CR and PRC ranking) and the CR1~PRC1 portfolio (the 

portfolio with the lowest CR and lowest PRC ranking). Cumulative FFC4 alphas are shown in percent. 
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Figure 2  

PRC5 – PRC1 spread in different CR quintiles 

 

 

 

This figure plots the average monthly FFC4 alpha of the “PRC5 – PRC1” long-short portfolio within each CR 

quintile. We conduct the same return decomposition as in Table 4 to obtain the coefficient estimates of monthly 

FFC4 alphas of the effects specified in Panel A of Table 3. Following the specification in that Panel, we further 

compute the estimated PRC5 – PRC1 alpha spread within each CR quintile as follows. In CR1 quintile, PRC5 

– PRC1 = 𝐴ℎ − 𝐴𝑙 − 𝐼𝑏𝑏,𝑙; in CR2 quintile, PRC5 – PRC1 = 𝐴ℎ − 𝐴𝑙 − 𝐼𝑏,𝑙; in CR3 quintile, PRC5 – PRC1 = 

𝐴ℎ − 𝐴𝑙; in CR4 quintile, PRC5 – PRC1 = 𝐴ℎ − 𝐴𝑙 + 𝐼𝑔,ℎ; and in CR5 quintile, PRC5 – PRC1 = 𝐴ℎ − 𝐴𝑙 +

𝐼𝑔𝑔,ℎ. The estimates are shown in percent per month. 
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OA1. Descriptive statistics on key variables 

Panel A of Table OA1 reports the basic statistics of the key variables in different cross-firm return 

predictability settings. Panel B of Table OA1 shows the distribution of PRC in customer momentum 

setting. 

 

OA2. Additional results on portfolio sorting and return decomposition 

This section reports additional results on portfolio sorting and return decomposition analysis: 1). we 

conduct the portfolio analysis in subperiods following high and low market returns; 2). we conduct two 

robustness checks for the return decomposition. First, we exclude Januaries and re-conduct return 

decomposition. Second, we replace PRC by the past 12-month returns and conduct a placebo return 

decomposition by customer returns and the supplier’s past 12-month returns; 3). we conduct return 

decompositions in subsamples of supplier firms classified by their PRC; 4). we split all months into two 

subperiods by the number of stocks in the top (bottom) PRC quintile that are close to (far from) the 52-

week high, and we re-conduct return decomposition in the two subperiods separately. 

OA2.1. Portfolios returns following periods of high and low market return 

In Table OA2.1, we split all months into two periods based on the past one-month market return 

and follow Table 2 to conduct the double-sorting portfolio analysis in each period. Within the top CR 

quintile, we find the PRC5−PRC1 return spread to be larger in months following high market return 

periods. In contrast, within the bottom CR quintile, we find the PRC5−PRC1 return spread to be larger 

in months following low market return periods. This finding suggests that the 52-week high effect 

induces stronger underreaction to good (bad) news about customer firms when more stocks are close to 

(far away from) the 52-week high following a period of high (low) market returns.  

OA2.2. Return decomposition: excluding Januaries 

To rule out the potential January effect in returns, we exclude all observations in Januaries and re-

conduct the return decomposition following Table 4. Table OA2.2 shows that the results are robust.  

OA2.3. Return decomposition: placebo test using past 12-month returns 

Since the nearness to the 52-week high is potentially highly correlated with past 12-month returns 

(MOM), one natural concern is that our findings may be driven by MOM rather than PRC. To address 

this concern, we carry out a placebo return decomposition based on MOM. Table OA2.3 reports the 

placebo test results. The interaction effect between CR and MOM is not significantly different from 

zero, while both the pure customer momentum effect and the pure momentum effect (analogous to the 

previously defined pure 52-week high effect) are significantly positive.  

OA2.4. Return decomposition: subsample by suppliers’ PRC 

Our main results establish that the 52-week high effect induces investors’ underreaction to good 

(bad) news about customer firms. Naturally, such underreaction to good (bad) news would be stronger 

when the suppliers’ stock prices are closer to (farther from) the 52-week high. To test this conjecture, 

we split supplier firms into two groups such that the average PRC in the top (bottom) PRC group is 
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higher (lower) in the first group than that in the second group. We expect to find a stronger interaction 

effect between PRC and CR for the first group of suppliers. 

We form subsamples as follows. In each month, we first sort suppliers into terciles by their PRC 

at the previous month-end. We denote the bottom, middle, and top PRC groups by PRC1, PRC2, and 

PRC3, respectively. Within the PRC3 group, we further sort the suppliers into two even groups based 

on their PRC at the previous month-end. We denote the sub-group with lower (higher) PRC by PRC3-

1 (PRC3-2). Similarly, we can further split PRC1 into two sub-groups: sub-group PRC1-1 with lower 

average PRC and sub-group PRC1-2 with higher average PRC. Finally, we form the first subsample by 

combing suppliers in PRC1-1, PRC2, and PRC3-2 groups in each month, and we form the second 

subsample by combing suppliers in PRC1-2, PRC2, PRC3-1 groups in each month. By construction, 

the top PRC group in the first subsample (i.e., PRC3-2 group) have stock prices on average closer to 

52-week high than the top PRC group in the second subsample (i.e., PRC3-1 group), and the bottom 

PRC group in the first subsample have stock prices on average farther from 52-week high than that in 

the second subsample. In each month, we further sort the supplier firms into terciles by their CR in the 

previous month. For each subsample, the interaction between the CR and PRC groups produces 3×3 

double-sorted portfolios. Within each subsample, we then conduct the return decomposition based on 

the double-sorted portfolios.  

Panel A of Table OA2.4 reports the results. While interaction effect generates an average monthly 

FFC4 alpha of 1.15% (t-statistic = 2.82) for the first subsample, it is only 0.1% (t-statistic = 0.30) in the 

second subsample.  This finding supports our conjecture that the 52-week high effect induces a stronger 

underreaction to good (bad) news when stock prices are closer to (farther from) the 52-week high. In 

Panel B of Table OA2.4, we use the full-sample 15th/85th percentile values of PRC to split the 

PRC1/PRC3 groups into sub-groups and form subsamples in a similar manner. The pattern is similar to 

Panel A. 

OA2.5. Return decomposition: effects in subperiods (I)  

The return decomposition in our main results is based on grouping stocks by the relative ranking 

of nearness to the 52-week high. However, regarding absolute distance to the 52-week high, there could 

be months when a large fraction of stocks in the top PRC group are not close to the 52-week high and 

a large fraction of stocks in the bottom PRC group are not far away from the 52-week high. In these 

periods, we would expect the interaction effect to be weaker.  

To test this conjecture, we first follow our main analysis in Table 4 to form 5×5 portfolios double-

sorted by CR and PRC. Among stock-month observations in the full sample period, we find the median 

value of PRC for observations in the top PRC quintile and bottom PRC quintile, respectively. Then in 

each month, we count the fraction of stocks in the top PRC quintile with PRC above the group-median 

PRC, and we count the fraction of stocks in the bottom PRC quintile with PRC below the group-median 

PRC. In each month, we take the average of the two fractions as the “fraction of extreme PRC” in the 
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month. We then split all months equally into two groups by the fraction of extreme PRC in the month. 

In months with a larger fraction of extreme PRC, the average PRC in the top and bottom PRC quintiles 

are 0.97 and 0.49; while in months with a smaller fraction of extreme PRC, the average PRC in the top 

and bottom PRC quintiles are 0.96 and 0.56. We then conduct return decomposition in the two periods 

separately. Table OA2.5 shows that the interaction effect between the 52-week high effect and customer 

returns is stronger in the months when there are more stocks with extreme PRC.  

OA2.6. Return decomposition: effects in subperiods (II) 

Similar to OA2.5, we split the sample period into two subperiods and conduct return decomposition 

within each subperiod separately. Specifically, in each month among the 5×5 supplier portfolios sorted 

by CR and PRC, we count the number of stocks with PRC greater than 0.95 in the CR5~PRC5 portfolio. 

Then we split all months into two sub-periods based on whether there are more than 10 stocks or 15 

stocks with PRC greater than 0.95 in the CR5~PRC5 portfolio. Table OA2.6 reports the return 

decomposition results in the two sub-periods. For instance, Panel B shows that the interaction effect is 

1.28% FFC4 alpha per month when more than 15 stocks in the CR5~PRC5 portfolio have PRC greater 

than 0.95, while it is 0.53% FFC4 alpha per month when no more than 15 stocks have PRC greater than 

0.95.  

 

OA3. Additional results on analyst recommendation and investor attention 

This section performs following robustness checks: 1) in analyst recommendation revision analysis, we 

compute abnormal customer returns as the Fama-French-Carhart four-factor (FFC4) adjusted returns of 

customer firms and re-conduct the regression analysis in Table 8; 2) we generate a variable, nearness 

to the 52-week low, as the ratio of stock price to 52-week low and investigate how it affects analyst 

downgrades in response to customer returns; 3) we examine the abnormal institutional investor attention 

when stock prices are near the 52-week high or far away from the 52-week high.  

OA3.1. Analyst recommendation revision: alternative definition of abnormal customer returns 

In Table OA3.1, we re-conduct the regression analysis in Table 8 using FFC4-adjusted returns to 

measure abnormal customer returns. We estimate customer firms’ loading on FFC4 factors in a 12-

month rolling window and compute FFC4-adjusted returns as raw returns minus expected returns based 

on the estimated factor loadings and realized factor returns. Under the alternative measure of abnormal 

customer returns, all results are consistent with Table 8. 

OA3.2. Nearness to the 52-week low and recommendation downgrade 

In the main results, we focus on nearness to the 52-week high and examine its effect on analyst 

recommendation revision. As a robustness check, we generate a variable, nearness to the 52-week low, 

as the ratio of stock price to the 52-week low price and examine its effect on analyst recommendation 

downgrade. Table OA3.2 reports the results. We find that, while analysts are more likely downgrade a 

supplier firm when its customer firms have bad news, such sensitivity would be reduced when supplier 

stock prices are close to the 52-week low.  
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OA3.3. Analyst recommendation revision: placebo test with pseudo-supplier-customer links 

We form pseudo-supplier-customer links by assigning a pseudo customer firm to replace the real 

customer firm, and we re-perform the regression analysis in Table 8 with the pseudo links. To form 

pseudo links, for each customer firm linked to a supplier in a month, we find a pseudo customer firm in 

the same Fama-French 48-industry and with the closest market capitalization to replace the real 

customer firm. Table OA3.3 reports the placebo test results. We find the pseudo abnormal customer 

returns have no predictive effect on analyst recommendation revision of supplier firms, and the 

interaction term between pseudo abnormal customer returns and suppliers’ nearness to the 52-week 

high is also insignificant. 

OA3.4. Nearness to the 52-week high and abnormal institutional attention 

In the main results, we use abnormal trading volume as a proxy for investor attention and examine 

its relation with nearness to the 52-week high. As a robustness check, we follow Ben-Rephael, Da, and 

Israelsen (2017) to construct an alternative proxy, abnormal institutional attention (AIA), based on the 

Bloomberg search score. The Bloomberg search score takes values of 1, 2, 3, or 4. A higher score on a 

firm in a given day indicates a greater number of active searches or readings for news about the supplier 

firm in Bloomberg terminals, compared with that in the previous 30 days. AIA is a dummy variable that 

equals one when the score is 3 or 4 for a firm in a given day, and zero otherwise. With this measure, we 

examine the abnormal institutional attention when stock prices are near or far away from the 52-week 

high in the firm-by-day panel regressions.  

Table OA3.4 shows that abnormal institutional attention increases when stock prices are either 

near the 52-week high or far from the 52-week high. This result is consistent with that in Table 8, and 

it confirms that the underreaction generated by the 52-week high effect cannot be explained by the lack 

of investor attention.    

 

OA4. Portfolio characteristics and returns in other cross-firm return predictability settings 

OA4.1. Portfolio characteristics in other cross-firm return predictability settings 

Table OA4.1 reports the portfolio characteristics for the cross-firm return predictability settings in 

Table 11. For each setting, we conduct independent double-sort by the return predictor (e.g., area returns 

in geographic momentum setting) and PRC. In all settings, we find the variations of the return predictor 

are not sensitive to the variation of PRC across the double-sorted portfolios. This ensures that sorting 

by PRC is not further sorted by the return predictor. 

OA4.2. Replication of cross-firm return predictabilities 

Table OA4.2 reports replication results for each cross-firm return predictability studied in our 

paper. For each setting and in each month, we form quintile portfolios based on the return predictor and 

track the one-month ahead equal-weighted portfolio returns. For all settings, we find that the differences 

in FFC4 alpha between the top quintile and the bottom quintile are statistically significant and have a 

large economic magnitude. 
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Table OA1. Descriptive Statistics 

Panel A reports summary statistics for the sample of firm-month observations. Summary statistics of firm size is 

based on the customer momentum sample from January 1981 to December 2018. Customer returns are average 

returns of a supplier firm's customers in a month. Area returns are equal-weighted returns of a firm's geographic 

neighbors that are headquartered in the same Economic Area defined by the Bureau of Economic Analysis in a 

month. Industry returns are average monthly returns of an equal-weighted portfolio of a firm’s industry peers in 

the past six months, where industries are defined following the Fama-French 48-industry classification. To 

compute Pseudo-conglomerate returns, for each conglomerate firm, we form a portfolio mimicking its industry 

segments using standalone firms in the corresponding industries. Pseudo-conglomerate return for a conglomerate-

month is the sales-weighted average return of the segment portfolios in the previous month. Foreign information 

is sales-weighted industry returns in the foreign countries where the firm operates. Panel B reports the distribution 

of PRC in the customer momentum sample from January 1981 to December 2018. 

 

Panel A: basic statistics for return predictors 

  Min Max Mean SD Median 

Firm Size (NYSE percentile) 0.000  0.999  0.316  0.274  0.230  

Customer returns  −0.981  3.757  0.012  0.093  0.011  

Area returns  −0.345  0.870  0.012  0.062  0.012  

Industry returns  −0.355  0.618  0.013  0.032  0.013  

Pseudo–conglomerates returns  −0.443  0.781  0.012  0.063  0.013  

Foreign information  −0.368  0.670  0.004  0.026  0.004  

 

Panel B: Distribution of PRC in Customer Momentum Setting 

Min 10% 15% 20% 50% 80% 85% 90% Max 

0.033  0.518  0.584  0.636  0.830  0.951  0.967  0.983  1.000  
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Table OA2.1. Portfolio Returns Following Periods of High and Low Market Return 

This table reports the performance of supplier firm portfolios sorted by customer returns (CR) and the nearness to 

the 52-week high (PRC) following periods of high and low market returns. We form double-sorted portfolios of 

supplier firms and compute equal-weighted portfolio returns in each month following Table 2. Then we sort all 

months from January 1981 to December 2018 into two periods based on CRSP value-weighted market return in 

the previous month. Panels A and B report the average monthly FFC4 alpha of portfolios in the months following 

low and high market returns, respectively.  

 

Panel A: Months following low market return period 

  CR1 CR2 CR3 CR4 CR5 

PRC1 −1.18 −0.36 −0.42 −0.34 −0.04 

  (−3.61) (−1.22) (−1.16) (−0.90) (−0.12) 

PRC2 −1.17 −0.41 −0.32 −0.56 0.11 

  (−4.47) (−1.79) (−1.34) (−2.18) (0.44) 

PRC3 −0.48 −0.12 −0.34 −0.46 0.31 

  (−2.00) (−0.55) (−1.78) (−2.20) (1.35) 

PRC4 −0.42 −0.04 −0.11 0.34 0.12 

  (−1.85) (−0.23) (−0.56) (1.56) (0.48) 

PRC5 0.05 −0.01 0.17 0.19 0.41 

  (0.21) (−0.05) (0.74) (0.96) (1.78) 

PRC5 –1 1.23 0.35 0.59 0.53 0.45 

  (3.06) (0.94) (1.29) (1.24) (1.00) 

Panel B: Months following high market return period 

  CR1 CR2 CR3 CR4 CR5 

PRC1 −0.72 −0.73 −0.03 −0.18 −0.22 

  (−2.57) (−2.61) (−0.11) (−0.64) (−0.78) 

PRC2 −0.54 0.05 −0.21 0.05 0.07 

  (−2.46) (0.23) (−0.92) (0.20) (0.28) 

PRC3 −0.17 0.21 0.15 −0.07 0.29 

  (−0.72) (1.08) (0.76) (−0.36) (1.18) 

PRC4 0.05 −0.03 0.42 0.59 0.83 

  (0.21) (−0.18) (2.06) (3.09) (3.65) 

PRC5 0.04 0.12 0.13 0.41 0.89 

  (0.20) (0.62) (0.68) (2.12) (4.05) 

PRC5 –1 0.76 0.85 0.16 0.59 1.12 

  (2.10) (2.40) (0.45) (1.69) (3.29) 
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Table OA2.2. Return Decomposition: Excluding Januaries 

This table reports a robustness check for return decomposition results in customer momentum setting, by 

excluding the January effect. Specifically, we exclude observations in January and conduct the same return 

decomposition as in Table 4. The return decomposition methodology is described in Appendix B. The pure 

customer momentum effect is computed as 𝐸𝑔𝑔 − 𝐸𝑏𝑏 , where 𝐸𝑔𝑔 (𝐸𝑏𝑏 ) is the return associated with having 

extremely good (bad) news about customer firms regardless of their price nearness to the 52-week high. The pure 

52-week high effect is computed as 𝐴ℎ − 𝐴𝑙, where 𝐴ℎ is the return attributable to having stock prices near (far 

from) 52-week high regardless of news about customer firms. The interaction effect is computed as 𝐼𝑔𝑔,ℎ − 𝐼𝑏𝑏,𝑙, 

where 𝐼𝑔𝑔,ℎ (𝐼𝑏𝑏,𝑙) is the return associated with the coincidence of having good (bad) news about customer firms 

and having stock prices near (far from) the 52-week high. Average monthly CAPM Alpha, FF3 Alpha, and FFC4 

Alpha are the intercepts from time-series regressions of monthly estimates of each effect on market excess return, 

Fama-French (1993) three factors, and Fama-French-Carhart (1997) four factors, respectively. t-statistics are in 

parentheses. 

 

  CAPM Alpha FF3 Alpha FFC4 Alpha 

Interaction 
1.73 1.70 1.24 

(3.31) (2.74) (2.01) 

Pure Customer Momentum 
−0.01 −0.04 0.14 

(−0.04) (−0.12) (0.39) 

Pure 52-week High 
1.28 1.22 0.54 

(4.70) (4.48) (1.89) 
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Table OA2.3. Return Decomposition: Placebo Test Using Past 12-Month Returns 

This table reports the placebo test for return decomposition results in the customer momentum setting. Specifically, 

we replace nearness to the 52-week high by the past 12-month cumulative returns and re-conduct the same return 

decomposition as in Table 4. The return decomposition methodology is described in Appendix B. The pure 

customer momentum effect is computed as 𝐸𝑔𝑔 − 𝐸𝑏𝑏 , where 𝐸𝑔𝑔 (𝐸𝑏𝑏 ) is the return associated with having 

extremely good (bad) news about customer firms regardless of past 12-month returns. The pure momentum effect 

is computed as 𝐴ℎ − 𝐴𝑙, where 𝐴ℎ is the return attributable to having high (low) past 12-month returns regardless 

of news about customer firms. The interaction effect is computed as 𝐼𝑔𝑔,ℎ − 𝐼𝑏𝑏,𝑙, where 𝐼𝑔𝑔,ℎ (𝐼𝑏𝑏,𝑙) is the return 

associated with the coincidence of having good (bad) news about customer firms and having high (low) past 12-

month returns. Average monthly CAPM Alpha, FF3 Alpha, and FFC4 Alpha are the intercepts from time-series 

regressions of monthly estimates of each effect on market excess return, Fama-French (1993) three factors, and 

Fama-French-Carhart (1997) four factors, respectively. t-statistics are in parentheses. 

 

  CAPM Alpha FF3 Alpha FFC4 Alpha 

Interaction 
0.10 0.27 0.05 

(0.23) (0.54) (0.10) 

Pure Customer Momentum 
1.14 1.01 1.07 

(3.94) (3.23) (3.46) 

Pure Momentum 
1.38 1.49 0.53 

(4.80) (4.81) (2.53) 
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Table OA2.4. Return Decomposition: Subsamples by PRC 

 
This table reports the results of the return decomposition in subsamples classified by supplier firms’ PRC. We 

form subsamples in Panel A as follows. In each month, we sort supplier firms into terciles by their PRC in the 

previous month. The bottom/middle/top PRC groups are denoted by PRC1/PRC2/PRC3, respectively. Within the 

PRC3 group, we further sort stocks into two groups based on their relative PRC ranking in the month. Then, the 

sub-group with lower (higher) PRC is denoted by PRC3-1 (PRC3-2). Similarly, the PRC1 group is further split 

into a PRC1-1 sub-group with a relatively lower average PRC and a PRC1-2 sub-group with a relatively higher 

average PRC. We form a subsample with more extreme PRC by combining stocks in PRC1-1, PRC2, and PRC3-

2 groups each month (denoted by Subsample 1 in Panel A), and we form a subsample with less extreme PRC by 

combing stocks in PRC1-2, PRC2, and PRC3-1 groups each month (denoted by Subsample 2 in Panel A). In each 

month, we further sort the supplier firms into terciles by their CR in the previous month. For each subsample, the 

interaction between the CR and PRC groups produces 3×3 double-sorted portfolios. Within each subsample, we 

then conduct the return decomposition based on the double-sorted portfolios (see Appendix B for details). In Panel 

B, we use a similar method to form subsamples, but we take a different approach to split the PRC groups into sub-

groups. Specifically, in each month, we split the PRC3 group into two sub-groups using the 85th percentile value 

of PRC in the full sample as a cut-off, and we split the PRC1 group into two sub-groups using the 15th percentile 

value of PRC in the full sample as a cut-off. Similarly, in Panel B, Subsample 1 consists of stocks with more 

extreme PRC in the top and bottom PRC, compared with Subsample 2. The average monthly FFC4 alpha of each 

effect is reported. t-statistics are in parentheses. 

 

Panel A: Subsample by relative PRC ranking in each month 

  Subsample 1:   Subsample 2: 

  More extreme PRC values in top 

and bottom PRC group 

  Less extreme PRC values in 

top and bottom PRC group     

Interaction 1.15 (2.82)   0.10 (0.30) 

Pure Customer Momentum -0.05 (-0.22)   0.63 (2.77) 

Pure 52-week High 0.31 (1.60)   0.61 (2.91) 

Panel B: Subsample by full-sample 15th and 85th percentiles of PRC  

  Subsample 1:   Subsample 2: 

  More extreme PRC values in top 

and bottom PRC group 

  Less extreme PRC values in 

top and bottom PRC group     

Interaction 2.12 (3.64)   -0.08 (-0.19) 

Pure Customer Momentum -0.75 (-1.92)   0.69 (2.51) 

Pure 52-week High 0.14 (0.54)   1.17 (5.92) 
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Table OA2.5. Return Decomposition: Effects in Subperiods (I) 

In each month, we follow Table 4 to form the 5×5 portfolios double-sorted by CR and PRC. We further split all 

months into two periods based on the fraction of stocks with extreme PRC in the month, and we conduct return 

decomposition in each period separately. We generate the two sub-periods as follows. First, within the bottom 

PRC quintile or the top PRC quintile, we find the median of PRC of that quintile in the full sample period. Second, 

in each month, we calculate the fraction of stocks in the top PRC group with PRC above the full-sample group 

median, and we calculate the fraction of stocks in the bottom PRC group with PRC below the full-sample group 

median. In each month, we take the average of the two fractions as the fraction of stocks with extreme PRC in the 

month. Finally, we split all months into two periods based on the fraction of stocks with extreme PRC in the 

month, and we conduct the same return decomposition as in Table 4 but in the two subperiods separately. Panel 

A reports the return decomposition results in the months when fewer stocks have extreme PRC. Panel B reports 

the return decomposition results in the months when more stocks have extreme PRC. t-statistics are in parentheses. 

 

Panel A: Months when fewer stocks are close to the 52-week high/low 

    
FFC4 

Alpha 
t-statistic 

CAPM 

Interaction 0.98 (1.80) 

Pure Customer Momentum 0.15 (0.46) 

Pure 52-week High 1.56 (4.52) 

FF3 

Interaction 1.07 (1.85) 

Pure Customer Momentum 0.27 (0.76) 

Pure 52-week High 1.51 (3.87) 

FFC4 

Interaction 0.97 (1.59) 

Pure Customer Momentum 0.30 (0.73) 

Pure 52-week High 0.94 (3.03) 

Panel B: Months when more stocks are close to the 52-week high/low 

    
FFC4 

Alpha 
t-statistic 

CAPM 

Interaction 2.35 (3.03) 

Pure Customer Momentum −0.11 (−0.26) 

Pure 52-week High 0.63 (1.64) 

FF3 

Interaction 2.15 (2.42) 

Pure Customer Momentum −0.21 (−0.44) 

Pure 52-week High 0.36 (0.81) 

FFC4 

Interaction 2.00 (2.18) 

Pure Customer Momentum −0.19 (−0.38) 

Pure 52-week High −0.16 (−0.41) 
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Table OA2.6. Return Decomposition:  Effects in Subperiods (II) 
In this table, we split the sample period into two subperiods and conduct the same return decomposition as in 

Table 4 within each subperiod. To split the sample period, among the 5×5 supplier portfolios sorted by CR and 

PRC in each month, we count the number of stocks with PRC greater than 0.95 in the CR5~PRC5 portfolio. Then 

we split all months into two sub-periods based on whether there are more than 10 stocks or 15 stocks with PRC 

greater than 0.95 in the CR5~PRC5 portfolio. Average monthly FFC4 alpha of pure customer momentum effect, 

pure 52-week effect, and interaction effect are reported. t-statistics are in parentheses. 

 

Panel A: whether more than 10 stocks in CR5~PRC5 portfolio have PRC > 0.95 in a month 

    #stock > 10 #stock <= 10 

FFC4 Alpha 

Interaction 1.43 (2.36) -0.54 (-0.52) 

Pure Customer Momentum −0.03 (−0.10) 1.15 (1.62) 

Pure 52-week High 0.26 (0.83) 0.73 (1.42) 

Panel B: whether more than 15 stocks in CR5~PRC5 portfolio have PRC > 0.95 in a month 

    #stock > 15 #stock <= 15 

FFC4 Alpha 

Interaction 1.28 (1.96) 0.53 (0.49) 

Pure Customer Momentum −0.00 (−0.00) 0.70 (1.25) 

Pure 52-week High 0.26 (0.80) 0.48 (1.00) 
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Table OA3.1. Analyst Recommendation Revision:  

Alternative Definition of Abnormal Customer Returns 

In this table, we re-define abnormal customer returns as the Fama-French-Carhart four-factor (FFC4) adjusted 

returns of customer firms and re-perform the regression analysis in Table 8. Specifically, we estimate the customer 

firms’ loading on FFC4 factors in a 12-month rolling window, and compute FFC4-adjusted returns as raw 

customer returns minus expected returns based on the estimated factor loadings and realized factor returns. Then 

we compute ACR as the cumulative FFC4-adjusted customer returns in the 21 trading days before the 

recommendation announcement days. Definitions of other variables and regression specifications follow Table 8. 

 

  (1) (2) (3)   (4) (5) (6) 

Regression Model:  (Ordered) Logit   OLS 

Dependent Variable: Rec_Change Upgrade Downgrade   Rec_Change Upgrade Downgrade 

ACR 1.496** 1.593** −1.402**   0.691** 0.349** −0.342** 

  (2.55) (2.48) (−2.30)   (2.56) (2.47) (−2.31) 

PRC 1.021*** 0.868*** −1.115***   0.471*** 0.203*** −0.268*** 

  (13.26) (10.93) (−13.62)   (13.29) (11.00) (−13.82) 

ACR*PRC −2.022*** −2.116** 1.914**   −0.932*** −0.467** 0.465** 

  (−2.60) (−2.50) (2.31)   (−2.58) (−2.47) (2.33) 

                

Controls Yes Yes Yes   Yes Yes Yes 

Industry FE Yes Yes Yes   Yes Yes Yes 

Year FE Yes Yes Yes   Yes Yes Yes 

                

No. Obs. 38,815 38,815 38,815   38,815 38,815 38,815 

Pseudo/Adj. R2 0.014 0.014 0.014   0.018 0.017 0.017 

 

  

Electronic copy available at: https://ssrn.com/abstract=3700436



13 
 

Table OA3.2. Nearness to the 52-week Low and Recommendation Downgrade 

We define nearness to the 52-week low in a given day (PRC_Low) as the ratio of daily close price to the 52-week 

low price as of the day. Then, we replace PRC by PRC_Low and re-perform the regression analysis in Table 8 to 

examine the effect of nearness to the 52-week low on analysis recommendation downgrades. Definitions of other 

variables and regression specifications follow Table 8. 
 

Regression Model: Logit   OLS 

ACR −0.534*** −1.448*** −2.062***   −0.130*** −0.333** −0.496*** 

  (−3.39) (−2.64) (−3.47)   (−3.39) (−2.58) (−3.53) 

PRC_Low   0.171*** 0.155***     0.034*** 0.034*** 

    (8.33) (6.48)     (9.55) (7.52) 

ACR* PRC_Low   1.548** 2.493***     0.346* 0.596*** 

    (2.05) (3.07)     (1.95) (3.11) 

                

Controls No No Yes   No No Yes 

Industry FE Yes Yes Yes   Yes Yes Yes 

Year FE Yes Yes Yes   Yes Yes Yes 

                

No. Obs. 44,941 44,941 38,815   44,941 44,941 38,815 

Pseudo/Adj. R2 0.003  0.010  0.012    0.003  0.011  0.014  
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Table OA3.3. Analyst Recommendation Revision: Placebo Test with Pseudo Customers 

In Table OA3.3, we form pseudo-supplier-customer links by assigning a pseudo customer firm to replace the real 

customer firm, and we re-perform the regression analysis in Table 8 with the pseudo links. To form pseudo links, 

for each customer firm linked to a supplier in a month, we find a pseudo customer firm in the same Fama-French 

48-industry and with the closest market capitalization to replace the real customer firm. In the regression sample 

of this table, the independent variable ACR is computed based on abnormal returns of pseudo customer firms, and 

other variables follow the same definition as in Table 8.  

 

Panel A: Rec_Change as the Dependent Variable 

  (1) (2)   (3) (4) 

Regression Model: Ordered Logit   OLS 

ACR −0.044 −0.046   −0.019 −0.027 

  (−0.26) (−0.07)   (−0.24) (−0.09) 

PRC   1.042***     0.482*** 

    (12.50)     (12.52) 

ACR*PRC   −0.272     −0.122 

    (−0.32)     (−0.31) 

            

Controls Yes Yes   Yes Yes 

Industry FE Yes Yes   Yes Yes 

Year FE Yes Yes   Yes Yes 

           

No. Obs. 33,043 33,043   33,043 33,043 

Pseudo R2 0.007  0.010    0.012  0.018  

Panel B: Upgrade as the Dependent Variable 

Regression Model: Logit   OLS 

ACR 0.078 −0.323   −0.002 −0.074 

  (0.46) (−0.48)   (−0.04) (−0.50) 

PRC   0.898***     0.210*** 

    (10.23)     (10.30) 

ACR*PRC   0.203     0.046 

    (0.22)     (0.22) 

            

Controls Yes Yes   Yes Yes 

Industry FE Yes Yes   Yes Yes 

Year FE Yes Yes   Yes Yes 

           

No. Obs. 33,043 33,043   33,043 33,043 

Pseudo R2 0.012  0.015    0.013  0.017  
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Panel C: Downgrade as the Dependent Variable 

  (1) (2)   (3) (4) 

Regression Model: Logit   OLS 

ACR −0.044 −0.046   −0.019 −0.027 

  (−0.26) (−0.07)   (−0.24) (−0.09) 

PRC   1.042***     0.482*** 

    (12.50)     (12.52) 

ACR*PRC   −0.272     −0.122 

    (−0.32)     (−0.31) 

            

Controls Yes Yes   Yes Yes 

Industry FE Yes Yes   Yes Yes 

Year FE Yes Yes   Yes Yes 

           

No. Obs. 33,043 33,043   33,043 33,043 

Pseudo R2 0.007  0.010    0.012  0.018  

 

 

  

Electronic copy available at: https://ssrn.com/abstract=3700436



16 
 

Table OA3.4. Nearness to the 52-week High and Abnormal Institutional Attention 

This table reports predictive effects of nearness to the 52-week high on abnormal institutional attention in the 

daily sample of supplier firms. We follow Ben-Rephael, Da, and Israelsen (2017) to measure institutional investor 

attention based on the Bloomberg search score. Bloomberg search score takes values of 1, 2, 3, or 4, and a higher 

score on a firm in a given day indicates a greater number of active searches for news about the supplier firm in 

Bloomberg terminals, compared with that in the previous 30 days. The dependent variable, abnormal institutional 

attention (AIA), is a dummy variable that equals one when the score is 3 or 4 for a firm in a given day, and zero 

otherwise. The key independent variable Dummy_HighPRC (Dummy_LowPRC) is a dummy variable that equals 

one if a firm has PRC ranked in the top (bottom) quintile on the previous trading day, and it equals zero elsewhere. 

Control variables include market capitalization and book-to-market ratio as of the previous month-end, cumulative 

returns in the previous 12 months, and standard deviation of weekly returns in the previous 52 weeks. Firm fixed 

effects and date fixed effects are included. The sample period is from 2010 to 2015. t-statistics in parentheses are 

computed based on standard errors double-clustered by firm and date. ***, **, and * denote the significance levels 

of 1%, 5%, and 10% respectively. 

 

  (1) (2) (3) 

        

Dummy_HighPRC 0.01*** 0.01*** 0.01*** 

  (4.42) (4.58) (3.92) 

Dummy_LowPRC 0.00** 0.00** 0.01*** 

  (2.42) (2.30) (3.65) 

Size     0.02*** 

      (5.83) 

Book-to-Market     0.01*** 

      (2.83) 

Past Returns     0.00 

      (1.03) 

Return Volatility     0.20*** 

      (3.56) 

        

Firm FE Yes Yes Yes 

Time FE No Yes Yes 

        

No. Obs. 684,105 684,105 684,105 

Adj. R2 0.063  0.084  0.085  
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Table OA4.1. Portfolio Characteristics in Other Settings 

This table reports the average nearness to the 52-week high and average economically linked firms’ returns of 

double sorting portfolios in geographic momentum, industry momentum, complicated firms, and foreign 

information settings, respectively. At each month-end, stocks are independently double sorted by economically 

linked firms’ returns (e.g., area returns in geographic momentum setting) and PRC. Definitions of area returns 

(AR), industry returns (IR), pseudo-conglomerate returns (PCR), and foreign information (FI) are described in the 

Data section. In industry momentum setting, stocks are independently double sorted into 5×5 portfolios based on 

the industry returns and nearness to the 52-week high. In other settings, stocks are sorted into quintiles based on 

PRC (FI) and are independently sorted into three groups (bottom 40%, middle 20%, top 40%) based on PRC. 

 

Panel A: Geographic Momentum 

Mean Area Returns (AR)   Mean PRC 

  AR1 AR2 AR3 AR4 AR5     AR1 AR2 AR3 AR4 AR5 

PRC1 −2.84  −0.29  1.01  2.32  5.29    PRC1 0.66  0.66  0.66  0.66  0.66  

PRC2 −2.73  −0.26  1.02  2.34  5.29    PRC2 0.84  0.84  0.84  0.84  0.84  

PRC3 −2.70  −0.23  1.05  2.38  5.39    PRC3 0.94  0.94  0.94  0.94  0.94  

Panel B: Industry Momentum 

Mean Industry Returns (IR)   Mean PRC 

  IR1 IR2 IR3 IR4 IR5     IR1 IR2 IR3 IR4 IR5 

PRC1 −0.98  0.37  1.14  1.90  3.23    PRC1 0.58  0.58  0.59  0.59  0.59  

PRC2 −0.85  0.40  1.16  1.92  3.26    PRC2 0.76  0.76  0.76  0.76  0.76  

PRC3 −0.77  0.44  1.18  1.94  3.30    PRC3 0.84  0.84  0.84  0.84  0.84  

PRC4 −0.73  0.47  1.20  1.97  3.35    PRC4 0.91  0.91  0.91  0.91  0.91  

PRC5 −0.70  0.49  1.22  2.00  3.44    PRC5 0.97  0.97  0.97  0.97  0.97  

Panel C: Complicated Firms 

Mean Pseudo–Conglomerate Returns (PCR)   Mean PRC 

  PCR1 PCR2 PCR3 PCR4 PCR5     PCR1 PCR2 PCR3 PCR4 PCR5 

PRC1 −4.28  −0.76  1.05  2.87  6.44    PRC1 0.69  0.70  0.70  0.70  0.70  

PRC2 −3.96  −0.76  1.05  2.87  6.35    PRC2 0.86  0.86  0.86  0.86  0.86  

PRC3 −3.82  −0.74  1.07  2.89  6.46    PRC3 0.94  0.94  0.94  0.94  0.95  

Panel D: Foreign Industry Information 

Mean Foreign Information (FI)   Mean PRC 

  FI1 FI2 FI3 FI4 FI5     FI1 FI2 FI3 FI4 FI5 

PRC1 −2.06  −0.45  0.27  1.00  2.89    PRC1 0.63  0.64  0.64  0.64  0.63  

PRC2 −1.96  −0.44  0.27  1.01  2.84    PRC2 0.83  0.83  0.83  0.83  0.83  

PRC3 −1.92  −0.43  0.28  1.01  2.87    PRC3 0.93  0.93  0.93  0.94  0.94  
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Table OA4.2. Replication of Cross-Firm Return Predictabilities 

This table reports replication results for each type of cross-firm return predictability studied in our paper. In each 

month, we sort all stocks into quintiles based on the return predictors. Stocks with the share price below $5 are 

excluded at the portfolio formation date. We hold the portfolios over the next month and compute equal-weighted 

portfolio returns. Average monthly FFC4 alpha (in percent) are reported. Panel A to E reports results on the cross-

firm return predictability in customer momentum, geographic momentum, industry momentum, complicated firms, 

and foreign information setting, respectively. A detailed description of the return predictors and sample periods 

can be found in Section 2.  

 

Panel A: Customer Momentum 

1 (Low CR) 2 3 4 5 (High CR) 5−1 

-0.21  0.18  0.23  0.34  0.66  0.86  

(-1.56) (1.70) (1.97) (2.89) (5.56) (5.84) 

Panel B: Geographic Momentum 

1 (Low AR) 2 3 4 5 (High AR) 5−1 

0.00  0.22  0.32  0.49  0.64  0.65  

(-0.05) (2.98) (4.74) (7.10) (8.97) (6.49) 

Panel C: Industry Momentum 

1 (Low IR) 2 3 4 5 (High IR) 5−1 

0.07  0.50  0.61  0.69  0.79  0.72  

(0.59) (5.52) (6.84) (7.10) (6.74) (4.67) 

Panel D: Complicated Firms 

1 (Low PCR) 2 3 4 5 (High PCR) 5−1 

-0.12  0.25  0.52  0.71  0.80  0.92  

(-1.21) (2.84) (6.66) (8.32) (7.27) (6.41) 

Panel E: Foreign Information 

1 (Low FI) 2 3 4 5 (High FI) 5−1 

-0.18  0.24  0.34  0.60  0.48  0.66  

(-0.95) (1.60) (2.37) (2.98) (2.72) (2.52) 

 

 

Electronic copy available at: https://ssrn.com/abstract=3700436


