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a b s t r a c t 

Media news may cover multiple firms in one article, which establishes a media connection 

across firms. We propose a media connection strength (MCS) measure between two given 

firms, which is defined as the number of news articles co-mentioning these two firms. 

We show that the MCS measure can significantly explain and forecast return comovement 

of media-connected firm-pairs. Further analyses show that our results are robust to vari- 

ous alternative explanations. We argue that the MCS measure can capture comprehensive 

and complex correlated fundamental information among media-connected firms and hence 

may provide a new mechanism for return comovement beyond the existing rational- and 

behavioral-based explanations. 

© 2021 Elsevier B.V. All rights reserved. 

1. Introduction 

Understanding the driving forces of stock return comovement has important implications for many applications, such 

as risk management ( Philippe (2001) ), portfolio allocation ( Qian et al. (2007) ), asset price dynamics ( Rosenberg and 

Schuermann (2006) and Brooks et al. (2002) ), and trading strategies ( Gatev et al. (2006) ; Papadakis and Wysocki (2007) ; 

Chen et al. (2019) ). Theoretically, the stock return comovement of two firms can be driven by common shocks to their funda- 

mentals, such as future cash flows or discount rates. Therefore, empirically explanatory variables based on the fundamental 

information of a firm, usually quantitative information, have been proposed to explain comovement (e.g., Shiller (1989) ; 

Fama and French (1993) ; Chen et al. (2019) ; Green and Hwang (2009) ). In addition, recent studies document ǣexcess 

comovement ǥ that cannot be explained by fundamental information and propose alternative behavioral bias-based ex- 
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planations for return comovement (e.g., Karolyi and Stulz (1996) ; Barberis and Shleifer (2003) ; Barberis et al. (2005) ; 

Bekaert et al. (2005) ; Kumar and Lee (2006) ; Kallberg and Pasquariello (2008) ; Anton and Polk (2014) ; Kumar et al. (2016) ). 

In this study, we investigate a new potential channel for return comovement; namely, media connection, which is beyond 

the existing fundamental information channels and is not based on behavioral bias. In particular, we examine whether corre- 

lated fundamental information contained in multi-firm news articles could be an important driver for return comovement. 

Multi-firm news articles covering two or more firms may reflect journalists collective opinions on a certain complicated 

fundamental connectivity between the firms that are cited. In addition to well-documented fundamental links including 

customer-supplier links ( Cohen and Frazzini (2008) ), text-based links ( Hoberg and Phillips (2016) ), and EDGAR co-search 

links ( Lee et al. (2015) ), multi-firm news articles may be a proxy of other complex economic linkages, such as strategic part- 

nerships, intra- and inter-sectoral competitive links, and credit, financing, banking, and subsidiary relations ( Schwenkler and 

Zheng (2019) ). Therefore, we propose a media connection strength (MCS) measure based on the news data collected by 

Thomson Reuters News Analytics (TRNA), which is defined as the number of news articles covering two firms. 1 We ex- 

pect that the MCS measure can offer incrementally better explanatory power regarding the comovement of fundamental 

performance and return comovement for media-connected firm pairs that goes beyond those existing variables measuring 

correlated fundamentals across firms. 

We conduct empirical tests to verify our hypothesis. First, we examine the determinants of the MCS. We run cross- 

sectional regressions of our MCS measure on the firm-pair characteristics that are documented in the literature as associated 

with return comovement. We find that variables such as the mutual fund common ownership and common analyst coverage 

are significantly and positively associated with MCS. Further tests show that many fundamental similarities between co- 

mentioned stocks can significantly explain MCS, suggesting that fundamental similarities of stock pairs are indeed captured 

by our MCS. 

Next, we examine whether the MCS measure can predict fundamental similarities of media-connected firm pairs. Follow- 

ing Livnat and Mendenhall (2006) , we define the standardized unexpected earnings (SUE) as a proxy for the fundamental 

information of a firm and find that the correlation of SUE, when controlling for other well-known return comovement 

sources and other specific fundamental similarities, can be positively and significantly predicted by the MCS among the co- 

mentioned stock pairs. Specifically, one standard deviation of the increase in the MCS is associated with an increase of 0.6% 

in the correlation of SUE in quarter t and an increase of 1.0% in quarter t+1. Meanwhile, to further validate our fundamental 

argument for a media connection, we employ the correlation of sales growth (SALEG) as an alternative measure of funda- 

mental comovement, and the results are also consistent with our expectation; that is, a one standard deviation increase in 

the MCS of quarter t is associated with an increase of 1.8% in the correlation of SALEG among firm pairs in quarter t and 

an increase of 1.9% in quarter t+1, when controlling for other well-known return comovement sources and other fundamen- 

tal similarities. Finally, we also measure the correlated fundamentals of stock pairs as the negative value of the absolute 

difference in percentile ranking of SUE or SALEG for the media-connected stock pairs, and the results remain similar. This 

suggests that media connection contributes to an increasing fundamental news comovement for media-connected firm pairs 

beyond what can be explained by other stock-pair similarities documented in the literature. 

Subsequently, we conduct a simple univariate analysis to examine if the predictive power of our MCS on fundamental 

similarities can be extended to an association between MCS and excessive return comovement. We first split all firm pairs 

into three groups based on the MCS and calculate the average return correlation of these three groups; we then form 

a high-minus-low group that captures the return correlation difference between the high-MCS group and the low-MCS 

group. We find that the return correlation of the high-MCS group is significantly higher than that of the low-MCS group. In 

addition, the average return correlation of the stock pairs with no-zero MCS is significantly higher than that of those with 

zero MCS, indicating that our MCS is indeed positively associated with a stronger return comovement. We then perform 

cross-sectional regressions to formally investigate if the contemporaneous and future excess return comovement of media- 

connected firm pairs can be significantly explained through the MCS measure. Consistent with our hypothesis, the MCS is 

positively and significantly associated with not only cross-sectional variation in the strength of fundamental similarities but 

also a stronger return comovement among firm pairs in the current month and next month, when controlling for other 

well-known return comovement sources and a list of firm-pair fundamental similarities. A one standard deviation increase 

in MCS is associated with an increase of 0.9% in return comovement and an increase of 1.0% in excess return comovement 

(under the Fama and French (2015) five-factor model (FF5)) in the current month, and the results are similar to that of the 

next month. Moreover, the predicted variation in FF5 residual correlation is in the average range of 5.33% to 16.75%, with a 

mean abnormal correlation of 7%, suggesting that the effect of MCS is also economically significant. 

Kumar and Lee (2006) , Kumar et al. (2013) , and Kumar et al. (2016) find that stock prices tend to co-move if they share 

the same sentiment. Given that stocks mentioned in the same news article may share a similar sentiment, we examine 

whether the return comovement predictability of our MCS is independent of investor sentiment. Through defining high- 

and low-sentiment periods based on the sentiment index of Baker and Wurgler (2006) , we find that the predictability of 

the MCS is robust and similar in magnitude under different sentiment regimes, suggesting that investor sentiment is unlikely 

to explain the results. In addition, we find that the MCS measure is positively associated with trading activity comovement, 

1 Thomson Reuters not only provides the number of news articles (i.e., news coverage) related to a firm but also provides the positive (or negative) 
value-relevant information (i.e., news tone score) in each article based on their specialized algorithms. 
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measured as the correlation of order flow or turnover ratio between paired firms. This is consistent with the hypothesis that 

the correlated fundamentals are captured through the MCS measure, which may induce correlated trading activities and the 

corresponding return comovement. 

Nevertheless, investors may simply trade on media-connected stock pairs due to category trading habitat instead of the 

fundamental similarities between those stock pairs. Barberis and Shleifer (2003) argue that investors allocate capital at the 

level of asset categories rather than individual stocks. Firms are mentioned frequently in the same news article because they 

are viewed as being in the same asset category by market participants, including news media and investors. Alternatively, 

investors view of asset categories could be influenced by the frequency of stocks being mentioned together in news articles. 

In either case, investors trading in and out of media-connected stocks that are viewed as being in the same category could 

induce an excessive comovement in their returns. 

However, this is less likely to explain our results, given that the coefficients of MCS on return comovement remain similar 

during both low- and high-sentiment periods. We further rule out this alternative hypothesis in two ways. Firstly, we replace 

the correlation of order flow (OFCOR) or the correlation of turnover (TOCOR) in the current month with the similarity in 

turnover (TO) and the correlation of TO in the past 60 months (VOLCOR) in the cross-sectional regressions of the return 

comovement so as to control for the correlated flow-induced trading induced by category trading habitat. The results show 

that the effect of our MCS is still there after the inclusion of these control variables. Secondly, as is detailed in the latter 

part of the paper, we conduct portfolio analysis to further show that category trading habitat is unlikely an explanation of 

our results. 

Finally, we conduct robust checks to examine whether other fundamental similarities documented in the literature can be 

used to explain our results. Pirinsky and Wang (2006) find that stock prices tend to co-move if their headquarters are located 

in the same place. Thus, we add a dummy variable to our regression indicating whether two stocks are headquartered in the 

same U.S. county or not. Consistent with Pirinsky and Wang (2006) , firm pairs located in the same county exhibit an excess 

return comovement in the next month. Nevertheless, the addition of the same-county dummy variable does not affect the 

return correlation predictability of our MCS measure. 

Furthermore, Hoberg and Phillips (2010, 2016) construct a text-based industry classification based on the production 

description of 10,0 0 0 annual reports and find that this classification is more informative than traditional ones such as SIC 

or NAICS. We control this possible channel of similarity in the production of firm pairs for return comovement by including 

the text-based industry similarity score in our regression. The economic magnitude of the coefficient of our MCS measure is 

slightly weaker but remains statistically significant at the 1% level. Finally, Lee et al. (2015) find that stocks that investors co- 

search in the EDGAR system exhibit higher fundamental similarities than traditional industry classifications. As a measure 

of the attention paid by investors to EDGAR searches, the co-search measure could subsume our MCS in predicting the 

excess return comovement, so we include it in our regression model. Again, the return correlation predictability of our 

media connection measure remains significant. Overall, our results are robust to these alternative sources of stock return 

comovement. 

Our paper contributes to several strands in the literature. First, we contribute to the debate on whether stock comove- 

ment is caused by information or noise. On the one hand, stock return comovement is driven by similarities in funda- 

mentals such as size and book-to-market ( Fama and French (1993) , cash flows ( Chen et al. (2019) , price level ( Green and 

Hwang (2009) ), and analyst coverage ( Chan and Hameed (2006) ; Muslu et al. (2014) ; Hameed et al. (2015) ). On the other 

hand, some studies attribute the excess return comovement that cannot be explained by fundamental commonalities to 

behavioral biases such as categorical trading ( Barberis and Shleifer (2003) ; Barberis et al. (2005) ), sentiment ( Kumar and 

Lee (2006) ; Kumar et al. (2013) ; Kumar et al. (2016) ), investor attention ( Peng and Xiong (2006) ; Huang et al. (2019) ), fore- 

cast errors ( Israelsen (2016) ), and trading pressure from institutional investors ( Anton and Polk (2014) ). Our paper shows 

that stock return comovement for media-connected stock pairs is driven by the common fundamental information conveyed 

by media reports. Moreover, our results are consistent with the predictions based on the models of profit-maximizing infor- 

mation producers ( Veldkamp (2006) ). In particular, information production is non-rival with a high fixed cost of discovery 

and a low marginal cost of replication. Therefore, competitive producers such as news media tend to provide news that can 

maximize their profits from investors. Moreover, the information useful for predicting a subset of stocks could attract more 

investors than information that is useful for predicting only a single stock. As a consequence, given the high per-unit cost 

of information production, information useful for more stocks would induce news media to extend their coverage to these 

stocks, especially those whose fundamentals correlate more with each other. 

Second, this study contributes to the literature on lead-lag effects in the returns of economically related stocks. Early 

studies tend to group firms according to their fundamental characteristics so as to find economically related firms, such as 

Lo and MacKinlay (1990) , Brennan et al. (1993) , Badrinath et al. (1995) and Chordia and Swaminathan (20 0 0) , while recent 

studies focus on specific economic links to identity firm connections, such as Cohen and Frazzini (2008) , Lee et al. (2019) , 

and Ali and Hirshleifer (2019) . In this paper, we propose another way of identifying firm peers based on media connection, 

which can drive return lead-lag effects among firms via information spillover across media connection. 

Third, we contribute to the literature that investigates the role of news media in financial markets (( Huang et al., 2021 ). 

Existing studies largely focus on two perspectives, one of which is to show that news tone or sentiment can be used to pre- 

dict a firms future performance. Tetlock (2007) argues that language, especially negative language, could be used to predict 

excess market returns. Tetlock et al. (2008) analyze firm-specific news to explore the predictability of cross-sectional return. 

Another perspective examines whether media coverage can strongly affect future stock returns. For example, Fang and Per- 
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Table 1 
Descriptive Statistics. This table presents the summary statistics of our sample over the sample period from 1996:01 
to 2014:12. The sample is restricted to common stocks listed on NYSE, AMEX, and NASDAQ. We consider a stock 
that is covered by media news if there is more than one news article covering this stock during the past 12 months. 
Reported are the proportion of stocks with common news articles in a month, the average number of days with 
common news articles for connected stocks in a month, the average number of common news articles for connected 
stocks in a month, the proportion of stock-pairs with common news articles in a month, the average number of days 
with common news articles for connected stock-pairs in a month, the average number of common news articles for 
connected stock-pairs in a month, the proportion of news articles mentioning two or more firms, and the average 
number of firms mentioned in those common news articles. 

Mean Median Std. Dev. Min. Max. 

% of stocks with common news articles 23.23 21.63 9.13 13.31 46.92 
# of days with common news articles for connected stocks 3.64 3.56 0.29 2.97 4.47 
# of common news articles for connected stocks 13.80 13.02 3.03 9.06 23.99 
% of stock-pairs with common news articles 1.32 1.12 0.64 0.65 3.56 
# of days with common news articles for stock-pairs 1.51 1.53 0.19 1.13 3.11 
# of common news articles for stock-pairs 3.87 3.73 0.92 2.46 21.45 
% of news articles covering two or more firms 15.49 14.30 5.54 9.15 31.27 
# of firms covered in common news articles 2.92 2.60 0.66 2.24 4.74 

ess (2009) find that stocks with no media coverage can earn higher returns than stocks with high media coverage, even 

after controlling for well-known risk factors. Engelberg and Parsons (2011) find that local media coverage can strongly pre- 

dict local trading. However, there is limited evidence for the interactive effect induced by common media coverage on return 

comovement. In this paper, we construct a proxy for fundamental similarities between two media-connected firms through 

media connection, and our empirical results suggest that our MCS measure is significantly associated with fundamental 

similarities and return comovement. 

The rest of the paper is organized as follows. Section 2 describes the data used in this paper and explains how the main 

variables are constructed. In Section 3 , we present the main empirical results. Alternative explanations are examined and 

robustness tests are conducted in Section 4 to rule out alternative hypotheses. Section 5 concludes. 

2. Data and main variables 

We obtain stock return data from CRSP, accounting data from Compustat, and analyst coverage data from IBES. Institu- 

tional holding data is obtained from Thomson Reuters Institutional Holdings (13F) database and mutual fund holdings data 

is collected from the Thomson Reuters Mutual Fund Holdings database. Our data sample includes all common stocks listed 

on the NYSE, AMEX, and NASDAQ. 

The media news data used in this paper is collected from TRNA over the period from January 1996 to December 2014. 

This data set contains the specific stock IDs of TRNA and RICs, which can be matched to the ticker symbols of stocks and 

then PERMNOs, the dates on which news articles are released, unique news IDs, along with three news tone scores indicative 

of whether and to what extent a news event may produce a positive, neutral, or negative effect on the stock prices in each 

news article. 2 

Table 1 presents the summary statistics of our sample stocks covered in the media. We consider stocks covered by the 

media during the past 12 months. The time-series average proportion of individual stocks with common news articles is 

around 23.23%, suggesting that it is common for the stocks in our sample to be mentioned with others in the same news 

article. For these stocks, the average number of days with common news articles is around 3.64 in a certain month, with 

around 13.80 common news articles reported per month. For media-connected stock pairs, the average proportion of stock 

pairs with common news articles relative to all possible pairs of media-covered stocks (including those with zero common 

news) is around 1.32%. Further, the average number of common news (days) per month for each stock pair is 3.87 (1.51). 

Finally, we find that the average proportion of those common news articles is about 15.49%, and the average number of 

firms covered in these articles is 2.92, suggesting that the connected stock pairs are a non-trivial part of the overall sample. 

In our empirical analysis, we define the media connection strength (MCS) of each stock pair as the natural logarithm of 

the number of co-mentioned news articles in a month. In the event that multiple stocks may be mentioned in the same 

news article, this piece of news is defined as common media coverage and the co-cited stocks are treated as stocks linked 

to this piece of news. 3 

Panel A of Table 2 reports the summary statistics of the MCS. Overall, there are 2,369,731 stock pair observations in our 

sample with valid measures of MCS. On average, the value of MCS is 1.34, which is the log-transformed number of 3.87 

from Table 1 . Moreover, the MCS occurs on a frequent basis with more than half of stock-pairs have three or four common 

news articles per month. 

2 These three probabilities are calculated through a neural-network sentiment engine from Thomson Reuters; the sum of scores equals to 1. 
3 In our entire sample, the proportions of news articles mentioning one firm, two firms, three firms, and more than three firms are 84.6%, 9.1%, 3.2%, 

and 3.1%, respectively. Our results remain similar if we restrict the news articles to those that cover only two firms. 
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Table 2 
Stock-level Descriptive Statistics. This table reports the summary statistics of our main variables over the sample period from 
1996:01 to 2014:12. Panel A presents the summary statistics for media connection strength (MCS). Panel B presents the sum- 
mary statistics for fundamental similarities, correlations, and stock return correlations of stock-pairs. Panel C reports the sum- 
mary statistics for other control variables. The correlation of fundamental information is calculated as the correlation between 
firm-pairs’ fundamental information over a future 20-quarter period. The fundamental similarity is defined as the negative of 
the absolute difference in the percentile ranking for the fundamental information. The return correlations in Panel B are com- 
puted monthly using daily raw returns (RAW), daily residuals (FF3) from the Fama and French (1993) three-factor model, and 
daily residuals (FF5) from the Fama and French (2015) five-factor model. 

N Mean Median Std. Dev. Min. Max. 

Panel A: Main Variables 
Media Connection Strength (MCS) 2,369,731 1.34 1.31 0.20 0.89 3.04 
Panel B: Fundamental Similarities, Correlations, and Stock Return Correlations 
Correlation of Raw Returns (COR_RAW) 2,346,795 0.32 0.33 0.26 -0.67 0.88 
Correlation of Abnormal Returns under FF3 (COR_FF3) 2,346,795 0.07 0.07 0.28 -0.80 0.81 
Correlation of Abnormal Returns under FF5 (COR_FF5) 2,346,795 0.07 0.06 0.29 -0.82 0.81 
Correlation of SUE (COR_SUE) 2,346,891 0.06 0.03 0.24 -0.91 0.93 
Similarity in SUE (SAMESUE) 2,248,823 -26.58 -22.30 20.19 -96.74 0.00 
Correlation of sales growth (COR_SALEG) 2,282,071 0.15 0.15 0.42 -0.89 0.91 
Similarity in sales growth (SAMESALEG) 2,226,701 -28.05 -23.24 21.45 -97.13 0.00 
Panel C: Control Variables 
Common Mutual Fund Ownership (FCAP) 2,369,731 0.03 0.02 0.03 0.00 0.21 
Common Analyst Coverage (CAC) 2,369,731 2.86 0.15 5.64 0.00 41.79 
Similarity in Book to Market (SAMEBEME) 2,107,890 -25.16 -19.95 20.42 -94.30 0.00 
Similarity in Size (SAMESIZE) 2,357,672 -12.53 -7.09 14.81 -93.62 0.00 
Similarity in Momentum (SAMEMOM) 2,252,786 -28.60 -23.37 22.29 -97.19 0.00 
Similarity in Turnover (SAMETO) 2,369,528 -19.66 -15.94 15.80 -90.02 0.00 
Similarity in Forecast Dispersion ( Simi dispersion ) 1,957,647 -28.81 -24.32 21.62 -96.92 0.00 
Similarity in Forecast Consensus ( Simi consensus ) 2,281,857 -28.57 -22.36 23.55 -97.71 0.00 
Similarity in Forecast Revisions ( Simi re v ision ) 2,290,967 -28.02 -23.59 21.40 -96.57 0.00 
Similarity in CAR t −252 ,t −31 ( Simi CAR 11 M ) 2,369,349 -30.57 -25.42 23.31 -98.10 0.00 
Similarity in CAR t −30 ,t −3 ( Simi CAR 30 D ) 2,218,205 -28.82 -24.39 21.46 -97.31 0.00 
Similarity in AR t−2 ( Simi AR 2 ) 2,227,763 -29.45 -25.37 21.34 -96.41 0.00 
Past Return Correlation (RETCOR) 1,983,742 0.30 0.29 0.20 -0.38 0.94 
Past Profitability Correlation (ROECOR) 2,081,521 0.07 0.06 0.32 -0.76 0.94 
Past Abnormal Trading Volumn Correlation (VOLCOR) 1,899,638 0.19 0.18 0.22 -0.50 0.92 
Absolute Value Diff. in Leverage Ratio (DLEVER) 2,201,816 0.16 0.12 0.15 0.00 0.80 
Absolute Value Diff. in Log Price (DPRC) 2,357,669 0.88 0.69 0.76 0.00 5.77 
Same S&P 500 Index Dummy (DINDEX) 2,369,731 0.42 0.30 0.48 0.00 1.00 
Same Exchange Listing Dummy (DLIST) 2,369,731 0.65 1.00 0.47 0.00 1.00 
Industry Similarity (DINDUSTRY) 2,369,731 0.20 0.00 0.39 0.00 1.00 

The main dependent variable in our paper, the stock excess return comovement, is defined as the co-variation among 

stock pairs beyond what can be accounted for based on fundamental or systematic factors. In this study, the fundamental 

or systematic factors include the FF3 ( Fama and French (1993) ) and FF5 factors ( Fama and French (2015) ). In each month, 

the excess comovement is calculated as the correlation of regression residuals of daily excess returns on the factor models 

among stock pairs. We require at least 15 non-missing daily returns to be present in each month for the calculation of 

return comovement. 

More specifically, excess return comovement, ρi, j , is calculated as the correlation of the daily residuals between two 

stocks based on the asset pricing model: 

R i,t − r f,t = α + 

N ∑ 

k =1 

βi,k 

N ∑ 

k =1 

f k,t + εi,t , (1) 

where εi,t is the daily residual of stock i on day t in terms of the FF3 or FF5-factor model. Next, the correlation is calculated 

as 

ρi, j = 

∑ T 
t εi,t ε j,t √ ∑ T 

t ε
2 
i,t 

∑ T 
t ε

2 
j,t 

, (2) 

To draw a comparison, a raw return comovement is also calculated as the correlation of raw returns in excess of the 

risk-free rate between two connected firms. Panel B of Table 2 presents a summary of the statistics for the three return 

comovement measures. Based on the raw returns, the average stock return comovement is approximately 0.32. The excess 

return comovement shows a sharp decline to an average value of 0.07 based on the FF3-factor model and 0.07 based on the 

FF5-factor model, suggesting that the asset pricing models we use capture the comovement of fundamental characteristics 

to some extent. When the raw returns are used, roughly 15% of the stock pairs experience negative return comovement, 

while the number increases to 44% for FF3 abnormal returns and 43% for FF5 abnormal returns, respectively. 
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Tetlock et al. (2008) argue that information contained in the news is able to predict the corporate earnings and stock 

returns controlling for traditional accounting measures of firms’ fundamentals. Therefore, to verify whether our MCS indeed 

captures fundamental comovement between media-connected firm pairs, we employ two kinds of fundamental comove- 

ment measures; namely the standard unexpected earnings surprise (SUE) and the corporate sales growth (SALEG). Following 

Livnat and Mendenhall (2006) , SUE is defined as the earnings at quarter t minus that at quarter t-4, scaled by the price at 

quarter t. A firm’s SALEG is defined as the quarterly growth of sales (SALEQ from Quarterly Compustat) of the firm. Then, 

the fundamental comovement is calculated as the correlation between the fundamental information of two connected firms 

over the future 20 quarters. We require at least 15 non-missing observations to calculate the correlations of fundamentals. 

We also define alternative fundamental similarities as the negative of the absolute difference in the percentile ranking of 

SUE or SALEG for each stock pair in each quarter. By means of construction, the smaller these measures are, the more fun- 

damentally similar the two media-connected firms are in respect of SUE or SALEG. Panel B of Table 2 presents the summary 

statistics of these fundamental measures. Overall, the magnitude of the fundamental correlations COR_SUE and COR_SALEG 

are similar to the return correlations. The average correlation of SUE (COR_SUE) is roughly 0.06, while that of sales growth 

(COR_SALEG) is approximately 0.15. 

In previous studies, it has been demonstrated that the common ownership by a mutual fund also contributes to the 

excess comovement of stock returns. At the end of each quarter of the sample period, following Anton and Polk (2014) , we 

measure common ownership as follows: 

F CAP i, j,t = 

∑ F 
f=1 (s f 

i,t p i,t + s f 
j,t p j,t ) 

s i,t p i,t + s j,t p j,t 

where s 
f 
i,t denotes the number of shares held by fund f at time t , p i,t indicates the trading price at time t , and s i,t represents 

the total shares outstanding of stock i at time t . The denominator s i,t p i,t + s j,t p j,t refers to the total market capitalization of 

stock i and stock j, while the numerator s 
f 
i,t p i,t + s 

f 
j,t p j,t is defined as the total value of shares held by fund f of the stock 

pair. For stock-] pairs with missing FCAP, we also define the FCAP for such stock pairs as zero. Panel B of Table 2 presents 

the summary statistics of FCAP. In general, the common ownership of mutual funds (FCAP) is relatively frequent as about 

77% of the media-connected stock pairs have at least one common mutual fund owner. On average, 3% of the combined 

market capitalization of the media-connected stock pairs is owned by common mutual funds, which is slightly larger than 

the figure reported (0.77% on average) in Anton and Polk (2014) , which is consistent with our expectation, considering that 

the number of mutual funds tends to have risen sharply over the most recent decades. In addition, our paper covers a longer 

sample period through 2014 compared with that of Anton and Polk (2014) , which ended in 2008. 

Analysts tend to cover similar stocks, and the errors made by them in earnings forecasts tend to be correlated among 

stocks within their portfolios ( Israelsen (2016) ), which results in an excess return comovement. Specifically, common analyst 

coverage (CAC) is measured as the number of analysts that have issued at least one annual earnings forecast for both stock 

i and stock j during the 12-month period preceding each month t . For stock pairs with missing CAC, we impose the CAC 

as zero. The second row in Panel C in Table 2 reports the summary statistics of this CAC. On average, this variable is about 

2.86. Nevertheless, the distribution of this value is highly skewed with a standard deviation of 5.64. 

We also calculate various similarities in the fundamental information to examine whether MCS is capable of predict- 

ing the fundamental or return comovement between connected firms when controlling for these fundamental similarities. 

Since style characteristics are not completely consistent with regression loadings ( Daniel and Titman (1997) ), similarity mea- 

sures such as SAMESIZE, SAMEBEME, and SAMEMOM are also constructed by calculating the negative of the absolute dif- 

ference in the percentile ranking for the market capitalization, book-to-market ratio, and momentum, respectively. In addi- 

tion, we follow Tetlock et al. (2008) and choose variables such as TO and three measures of recent abnormal stock returns 

( CAR t −252 ,t −31 , CAR t −30 ,t −3 and AR t−2 ), analysts forecast dispersion, their forecast consensus, and their earnings forecast re- 

visions. CAR t −252 ,t −31 is defined as the cumulative abnormal return of a firm over the previous calendar year, with the most 

recent month ignored. The benchmark return is defined as the Fama and French (1993) three-factor model over an estima- 

tion window of [252,31] trading days prior to the earnings announcement. CAR t −30 ,t −3 and AR t−2 represent the cumulative 

abnormal return from the window of [30,3] trading days and the abnormal return on day 2 based on the same benchmark 

return over an estimation window of [252,31] trading days prior to the earnings announcement. Analysts forecast dispersion 

is defined as the standard deviation of analysts earnings forecasts over the most recent time period prior to the announce- 

ment scaled by the average absolute value of the earnings forecasts. Analysts’ forecast consensus is calculated as the median 

value of analyst earnings forecasts in each month. Analysts earnings forecast revision is defined as the three-month earn- 

ings forecast revision, which is calculated as the three-month sum of changes in the median forecast scaled by the firms 

stock price in the prior month. The fundamental similarities between connected stocks are calculated as the negative of the 

absolute difference in the percentile ranking for the aforementioned firm-specific characteristics. 

Finally, we control for variables that are potential sources of return comovement beyond what is mentioned above. 

Specifically, the following variables are included in our regression: RETCOR, which is defined as the monthly return cor- 

relation during the past five years; ROECOR, a profitability correlation covering the last 20 quarters, with ROE measured as 

the ratio of the 12-month earnings per share to the book value of the equity per share; VOLCOR, which measures the cor- 

relation of volume between the media-connected stocks based on abnormal trading volume in the past five years; DLEVER, 

which refers to the absolute value difference in leverage ratio and is defined as the total long-term debt (Compustat item 
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LTT) scaled by the total assets (Compustat item AT); DPRC, which is the absolute value difference between two media- 

connected stocks in their log share price; DINEX, which is a dummy variable used to decide whether two media-connected 

stocks fall into the S&P 500 index; DLIST, which determines whether two media-connected stocks are listed on the same 

stock exchange; and DINDUSTRY, which indicates whether two media-connected stocks are in the same Fama-French 48 

industry or not. 

Panel C of Table 2 presents the summary statistics of those control variables. Basically, the statistics of these variables 

are consistent with the variables in Anton and Polk (2014) . The above controls are updated on a quarterly basis if calculated 

using quarterly Compustat data or on a monthly basis if calculated using monthly CRSP data. It is worth noting that these 

control variables are not used to directly perform regression analysis in our study, except for dummy variables. Instead, they 

are normalized in such a way that control variables are made comparable across cross-sections. 4 

3. Empirical results 

3.1. Cross-Sectional determinants of media connection strength 

We start our empirical analysis by examining whether stocks with similar fundamentals are more likely to be mentioned 

in the same news article. Therefore, we investigate what determines the MCS to understand the mechanism between com- 

mon media coverage and firm-pair characteristics. Specifically, we run Fama and MacBeth (1973) regressions of MCS on 

firm-pair characteristics mentioned in data section. To see the improvement of R 2 , we gradually add independent variables 

from Column (1) to Column (4), all of which are rank-transformed and normalized to zero mean and a standard deviation 

of one. 

Table 3 presents the time-series average coefficients and Newey and West (1987) adjusted t-statistics of these variables. 

Not surprisingly, in Column (1), we find that the common ownership by mutual fund (FCAP) and common analyst coverage 

(CAC) are positively and significantly associated with MCS, suggesting that firm pairs held by the same investor or covered 

by the same analyst are more likely to be cited in the same news article. In Column (2), the similarities in size (SAMESIZE), 

momentum (SAMEMOM), and sales growth (SAMESALEG) are also positively and significantly associated with MCS, while 

that in turnover (SAMETO) is negatively and significantly associated with MCS. In Column (4), when we include the corre- 

lation of trading volume (VOLCOR) in the regression, the coefficient becomes positive and significant, suggesting that the 

positive effect of the VOLCOR using past 5-year historical information on the MCS is more consistent with our intuition. In 

addition, in Column (4), when we include all the independent variables, the signs of some variables are negative and incon- 

sistent with our expectation. Given that some of these variables are likely to be correlated, multicollinearity might exist in 

this regression. We also run univariate regressions of the MCS on each of independent variables to examine the relationship 

between the MCS and these firm-pair characteristics. In Column (5), the results show that all these variables explain the 

MCS in a way consistent with our intuition. For example, the coefficient of the similarity of the earnings surprise (SAME- 

SUE) in Column (4) is negative and significant, while its coefficient in Column (5) is positive and significant. Overall, these 

results suggest that our MCS indeed captures the fundamental comovement of stock-pairs. 

3.2. Forecasting fundamental comovement 

In this section, we examine whether or not the MCS can predict fundamental correlations or similarities when controlling 

for other characteristics at the firm-pair level. Specifically, we perform quarterly Fama and MacBeth (1973) regressions of 

fundamental correlations or similarities for the stock pairs on MCS and a list of control variables. We use SUE or SALEG 

to measure fundamental performance, as each of them is effective in capturing the fundamental changes in a firm without 

requiring measurement of return. 

Table 4 presents the results of the Fama and MacBeth (1973) regressions of the correlations of earnings surprise 

(COR_SUE) calculated using future five-year information and the similarity of the earnings surprise (SAMESUE) on the lagged 

MCS between co-mentioned stocks and other controls over the sample period from 1996 to 2014. Apart from that, in order 

to control the potential persistence of fundamental similarities, lagged COR_SUE or lagged SAMESUE ( Dep. t−1 ) is included 

in our regressions. With SUE correlations as dependent variables, the first two columns in Table 4 present the results of 

contemporaneous and predictive regressions. As expected, the earnings surprise of stock pairs become more significantly 

correlated as a result of an increased MCS in both the current and following months. A one standard deviation increase in 

the MCS leads to an increase of 0.6% in COR_SUE with a t-value of 7.533 in the current month, and an increase of 1.0% 

with a t-value of 5.655 in the following month. Given that the cross-sectional median value of COR_SUE is 0.03, the impact 

of MCS on the earnings comovement is of significance both statistically and economically. The next two columns report 

the results of contemporaneous and predictive regressions with SAMESUE as a dependent variable. Again, the positive and 

significant coefficients of MCS suggest that it is able to predict the fundamental comovement of stock-pairs controlling for 

comprehensive fundamental similarities. With regard to other fundamental similarities, the results are consistent with our 

4 We transform these variables following Anton and Polk (2014) . First, the percentile ranking of each stock-pair is calculated on a particular stock pair 
characteristic in each cross section. Then, the rankings are normalized to obtain zero mean and a standard deviation of one. 
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Table 3 
Cross-sectional Determinants of Media Connection Strength (MCS). This table reports the 
Fama and MacBeth (1973) estimates of monthly cross-sectional regressions of MCS on various 
control variables. Column (1) to (4) present results of multivariate regressions and Column (5) 
presents results of univariate regressions of the MCS on each independent variable. All inde- 
pendent variables except dummy variables are rank-transformed and normalized to have unit 
standard deviation. Newey and West (1987) adjusted t-statistics are presented in parentheses. 
∗∗∗ , ∗∗ and ∗ indicate significance at 1%, 5%, and 10% levels, respectively. 

DepVar: MCS 

Multivariate regression Univariate regression 

(1) (2) (3) (4) (5) 

FCAP 0.833 ∗∗∗ 0.397 ∗∗∗ 0.387 ∗∗∗ 0.180 ∗∗∗ 0.984 ∗∗∗

(17.518) (10.131) (9.532) (3.931) (19.591) 
CAC 1.024 ∗∗∗ 1.069 ∗∗∗ 1.099 ∗∗∗ 0.960 ∗∗∗ 1.138 ∗∗∗

(21.888) (20.856) (22.414) (19.934) (22.481) 
SAMEBEME 0.002 -0.002 -0.038 0.305 ∗∗∗

(0.083) (-0.088) (-1.496) (12.081) 
SAMESIZE 0.697 ∗∗∗ 0.774 ∗∗∗ 0.700 ∗∗∗ 0.987 ∗∗∗

(19.577) (22.375) (20.218) (23.482) 
SAMEMOM 0.062 ∗∗∗ 0.041 ∗ 0.037 ∗ 0.347 ∗∗∗

(3.407) (1.822) (1.795) (19.528) 
SAMETO -0.053 ∗∗∗ -0.077 ∗∗∗ -0.090 ∗∗∗ 0.275 ∗∗∗

(-2.971) (-4.262) (-5.342) (10.314) 
SAMESALEG 0.040 ∗∗ 0.034 ∗ 0.029 ∗ 0.263 ∗∗∗

(2.309) (1.942) (1.655) (17.332) 
SAMESUE -0.017 -0.023 -0.045 ∗∗∗ 0.232 ∗∗∗

(-1.039) (-1.498) (-2.762) (12.723) 
Simi dispersion 0.065 ∗∗∗ 0.051 ∗∗∗ 0.304 ∗∗∗

(4.006) (3.008) (15.715) 
Simi consensus -0.097 ∗∗∗ -0.031 0.342 ∗∗∗

(-4.888) (-1.473) (17.436) 
Simi re v ision 0.018 0.004 0.280 ∗∗∗

(0.955) (0.227) (14.541) 
Simi CAR 11 M 0.046 ∗∗ -0.003 0.303 ∗∗∗

(2.297) (-0.153) (18.578) 
Simi CAR 30 D 0.042 ∗∗∗ 0.017 0.263 ∗∗∗

(2.843) (1.138) (17.409) 
Simi AR 2 -0.062 ∗∗∗ -0.053 ∗∗∗ 0.061 ∗∗∗

(-4.111) (-3.320) (4.549) 
RETCOR 0.230 ∗∗∗ 0.967 ∗∗∗

(6.760) (23.313) 
ROECOR 0.169 ∗∗∗ 0.388 ∗∗∗

(9.978) (13.627) 
VOLCOR 0.405 ∗∗∗ 0.962 ∗∗∗

(12.731) (16.635) 
DLEVER -0.175 ∗∗∗ -0.444 ∗∗∗

(-10.251) (-16.097) 
DPRC 0.223 ∗∗∗ -0.225 ∗∗∗

(7.866) (-10.827) 
DINDEX 0.651 ∗∗∗ 1.743 ∗∗∗

(8.485) (19.152) 
DLIST -0.339 ∗∗∗ 0.589 ∗∗∗

(-4.123) (11.018) 
DINDUSTRY 0.361 ∗∗∗ 0.413 ∗∗∗

(5.468) (7.265) 
N 2,369,731 1,987,137 1,579,577 1,441,364 
Adj. R 2 0.036 0.045 0.050 0.062 

expectation that their SUE values tend to be closer to one another if these firms are more similar in certain specific funda- 

mental information. 

In a robustness test, SALEG is also treated as the proxy of a firm’s fundamental performance. In particular, the sales 

growth correlation (COR_SALEG) is calculated over the future 20 quarters. In addition, a SAMESALEG analogous to SAMESUE 

is calculated. Then, Fama and MacBeth (1973) regressions are repeated by replacing COR_SUE and SAMESUE in Table 4 with 

COR_SALEG and SAMESALEG, respectively. Table 5 details the results. Similar to the results shown in Table 4 , the MCS shows 

a significantly positive association with both current and future fundamental comovement for media-connected stocks. Over- 

all, the evidence presented so far substantiates our view that the complex correlated fundamentals contained in the media 

can provide incremental information about fundamental comovement for media-connected stock pairs when controlling for 

a list of fundamental similarities. 
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Table 4 
MCS and Stock SUE Comovement. This table reports the Fama and Mac- 
Beth (1973) estimates of quarterly cross-sectional regressions of SUE cor- 
relation or similarity in SUE on MCS and other controls. The SUE correlation 
(COR_SUE) at quarter t is computed quarterly over the future 5-year win- 
dow from quarter t. 15 valid observations with non-missing information are 
required for calculation. The similarity in SUE (SAMESUE) is defined as the 
negative of the absolute difference in the percentile ranking for the SUE be- 
tween connected stocks. SUE is calculated as earnings at quarter t minus 
earnings at quarter t-4, scaled by price at quarter t following Livnat and 
Mendenhall (2006) . The first two columns present results of contemporane- 
ous regressions and predictive regressions of the SUE correlation. The next 
two columns present results of contemporaneous regressions and predic- 
tive regressions of the similarity in SUE. All independent variables except 
dummy variables are rank-transformed and normalized to have unit stan- 
dard deviation. Newey and West (1987) adjusted t-statistics are presented 
in parentheses. ∗∗∗ , ∗∗ and ∗ indicate significance at 1%, 5%, and 10% levels, 
respectively. 

DepVar: COR_SUE DepVar: SAMESUE 

Quarter t Quarter t + 1 Quarter t Quarter t + 1 

MCS 0.006 ∗∗∗ 0.010 ∗∗∗ 0.123 ∗∗ 0.035 ∗∗

(7.533) (5.655) (2.098) (1.981) 
Dep. t−1 0.017 ∗∗∗ 0.027 ∗∗∗ 1.982 ∗∗∗ 2.005 ∗∗∗

(15.455) (11.307) (37.632) (33.869) 
FCAP 0.003 ∗∗∗ 0.007 ∗∗∗ 0.180 ∗∗∗ 0.163 ∗∗

(4.832) (6.060) (2.835) (2.558) 
CAC 0.025 ∗∗∗ 0.028 ∗∗∗ 0.037 0.154 ∗∗

(21.078) (16.628) (0.619) (2.259) 
SAMESIZE -0.005 ∗∗∗ -0.002 1.567 ∗∗∗ 1.819 ∗∗∗

(-4.446) (-1.168) (14.040) (14.241) 
SAMEBEME 0.003 ∗∗∗ 0.004 ∗∗∗ 1.525 ∗∗∗ 1.432 ∗∗∗

(8.815) (5.547) (24.445) (19.060) 
SAMETO 0.002 ∗∗∗ 0.000 -0.407 ∗∗∗ -0.341 ∗∗∗

(3.669) (0.213) (-10.553) (-9.429) 
Simi dispersion 0.004 ∗∗∗ 0.006 ∗∗∗ 1.184 ∗∗∗ 1.084 ∗∗∗

(12.504) (8.806) (21.769) (16.234) 
Simi consensus 0.005 ∗∗∗ 0.005 ∗∗∗ 0.837 ∗∗∗ 0.721 ∗∗∗

(5.948) (2.725) (7.699) (7.666) 
Simi re v ision 0.003 ∗∗∗ 0.009 ∗∗∗ 3.058 ∗∗∗ 2.921 ∗∗∗

(5.882) (10.578) (22.290) (24.001) 
Simi CAR 11 M 0.006 ∗∗∗ 0.008 ∗∗∗ 1.257 ∗∗∗ 1.179 ∗∗∗

(17.651) (12.323) (13.532) (14.526) 
Simi CAR 30 D 0.002 ∗∗∗ 0.003 ∗∗∗ 0.496 ∗∗∗ 0.517 ∗∗∗

(5.015) (4.081) (10.783) (11.413) 
Simi AR 2 -0.000 -0.000 0.335 ∗∗∗ 0.412 ∗∗∗

(-0.449) (-0.617) (7.847) (12.174) 
Intercept 0.057 ∗∗∗ 0.072 ∗∗∗ -26.353 ∗∗∗ -26.556 ∗∗∗

(19.077) (10.065) (-55.919) (-59.315) 
N 1,563,212 1,496,823 1,530,349 1,419,965 
Adj. R 2 0.029 0.023 0.095 0.090 

3.3. Univariate analysis 

The main hypothesis in our paper is that stocks mentioned in the same news article tend to comove in their stock 

returns. Therefore, we conduct simple univariate analysis to verify this argument. Specifically, we sort stock pairs with non- 

zero MCS into tercile groups based on the raw value of MCS in each month; we then compute an equal-weighted return 

correlation of these stock pairs in each tercile group in the same month. To examine if stock pairs with higher MCS tend 

to exhibit higher return comovement, we also calculate a time series of the differences in the return correlations between 

the group with the highest MCS and that with the lowest MCS. Finally, we also investigate if the return correlations among 

stock pairs with non-zero MCS are higher than those among stock pairs with zero MCS. 

Table 6 reports the results. Panel A shows that stock pairs with the highest MCS tend to comove more in their stock 

returns compared to those with lower MCS. For example, the return correlation for stock pairs with the highest MCS (MCS3) 

is 0.39 for raw returns, 0.12 for excess returns under FF3, and 0.11 for excess returns under FF5, while for stock pairs with 

the lowest MCS (MCS1), these values are 0.28, 0.05, and 0.05, respectively. Moreover, all the differences in the correlations 

between connected stocks in MCS3 and MCS1 are statistically significant at the 1% level. Panel B of Table 6 shows that 

the return correlations for stock pairs with non-zero MCS are significantly higher than the return correlations for stock pairs 
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Table 5 
MCS and Stock Sales Growth Comovement. This table reports the Fama and 
MacBeth (1973) estimates of quarterly cross-sectional regressions of sales 
growth correlation or similarity in sales growth between pair of stocks on 
MCS and other controls. The sales growth correlation (COR_SALEG) at quar- 
ter t is computed quarterly over the future 5-year window from quarter t. 
15 valid observations with non-missing information are required for calcula- 
tion. The similarity in sales growth (SAMESALEG) is defined as the negative 
of the absolute difference in the percentile ranking for the sales growth be- 
tween connected stocks. Sales growth is calculated as quarterly change of 
sales. The first two columns present results of contemporaneous regressions 
and predictive regressions of the sales growth correlation. The next two 
columns present results of contemporaneous regressions and predictive re- 
gressions of the similarity in sales growth. All independent variables except 
dummy variables are rank-transformed and normalized to have unit stan- 
dard deviation. Newey and West (1987) adjusted t-statistics are presented 
in parentheses. ∗∗∗ , ∗∗ and ∗ indicate significance at 1%, 5%, and 10% levels, 
respectively. 

DepVar: COR_SALEG DepVar: SAMESALEG 

Quarter t Quarter t + 1 Quarter t Quarter t + 1 

MCS 0.018 ∗∗∗ 0.019 ∗∗∗ 0.533 ∗∗∗ 0.010 ∗∗∗

(9.775) (9.985) (7.294) (6.174) 
Dep. t−1 0.045 ∗∗∗ 0.045 ∗∗∗ 1.369 ∗∗∗ 0.088 ∗∗∗

(34.236) (31.350) (14.388) (37.326) 
FCAP 0.003 ∗∗ 0.003 ∗∗ 1.002 ∗∗∗ 0.033 ∗∗∗

(2.153) (2.151) (14.142) (9.145) 
CAC 0.050 ∗∗∗ 0.050 ∗∗∗ 2.060 ∗∗∗ 0.094 ∗∗∗

(23.486) (22.349) (37.294) (18.368) 
SAMESIZE -0.001 -0.001 0.206 ∗∗∗ 0.014 ∗∗∗

(-1.001) (-1.047) (3.534) (4.242) 
SAMEBEME 0.005 ∗∗∗ 0.005 ∗∗∗ 0.152 ∗∗∗ 0.004 

(4.992) (4.417) (2.867) (1.599) 
SAMETO -0.002 ∗∗∗ -0.002 ∗∗∗ -0.260 ∗∗∗ -0.008 ∗∗∗

(-4.298) (-4.151) (-5.834) (-4.244) 
Simi dispersion 0.002 ∗∗∗ 0.002 ∗∗ 0.182 ∗∗∗ 0.012 ∗∗∗

(2.815) (2.128) (4.375) (4.571) 
Simi consensus 0.002 ∗∗∗ 0.002 ∗∗ 0.447 ∗∗∗ 0.025 ∗∗∗

(2.710) (2.353) (8.093) (8.587) 
Simi re v ision 0.010 ∗∗∗ 0.009 ∗∗∗ 1.008 ∗∗∗ 0.029 ∗∗∗

(9.794) (9.110) (16.290) (11.719) 
Simi CAR 11 M 0.005 ∗∗∗ 0.005 ∗∗∗ 0.631 ∗∗∗ 0.025 ∗∗∗

(6.035) (5.334) (12.594) (13.585) 
Simi CAR 30 D 0.005 ∗∗∗ 0.005 ∗∗∗ 0.428 ∗∗∗ 0.024 ∗∗∗

(6.450) (7.507) (16.612) (10.919) 
Simi AR 2 0.001 ∗∗ 0.001 ∗∗ 0.283 ∗∗∗ 0.013 ∗∗∗

(2.430) (2.562) (8.031) (8.463) 
Intercept 0.124 ∗∗∗ 0.125 ∗∗∗ -28.880 ∗∗∗ -0.003 

(22.838) (21.516) (-86.712) (-1.316) 
N 1,535,112 1,500,219 1,586,320 1,468,398 
Adj. R 2 0.040 0.039 0.033 0.033 

with zero MCS. Overall, these results indicate that media-connected stocks tend to exhibit stronger return comovement than 

those that are not connected with media news. 

3.4. Forecasting excess return comovement 

Considering that the MCS is positively associated with the fundamental comovement of stock pairs, it it expected to be 

associated with stock return comovement as well. To verify our argument, we conduct Fama and MacBeth (1973) regressions 

by regressing the monthly return comovement on the MCS between the paired stocks. In the regression model, the other 

alternative fundamental similarity measures discussed in Section 2 are included to examine whether our MCS is able to 

capture the excess return comovement beyond what can be explained by other fundamental similarities. In addition to 

contemporaneous regression analysis, we also conduct predictive regressions by lagging all independent variables one month 

to predict the return comovement of the following month. Table 7 shows the results of our regressions performed under 

various specifications, so as to understand the return comovement based on the excess returns and the risk adjusted returns 

under the FF3-factor and FF5-fator models. 

The first three columns of Table 7 present the contemporaneous regression results. In all of the three cases, the coeffi- 

cients of the MCS show a high level of positive significance. A one standard deviation increase in MCS is associated with 
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Table 6 
Univariate Analysis. This table reports the monthly average return corre- 
lations for groups formed by the media connection strength (MCS). Panel 
A reports the average return correlations for the tercile groups sorted 
by the MCS, as well as the differences of correlations between tercile 3 
(MCS3) and tercile 1 (MCS1). Panel B reports the average return corre- 
lations for stocks with non-zero MCS and zero MCS, as well as the dif- 
ferences of correlations between these two groups. The return correla- 
tions are computed monthly using daily raw returns (RAW), daily residu- 
als (FF3) from the Fama and French (1993) three-factor model, and daily 
residuals (FF5) from the Fama and French (2015) five-factor model. 

Number of News RAW FF3 FF5 

Panel A: Sample split into terciles by MCS 
MCS1 1.06 0.28 0.05 0.05 
MCS2 2.32 0.32 0.07 0.07 
MCS3 11.1 0.39 0.12 0.11 
MCS3-MCS1 10.05 ∗∗∗ 0.11 ∗∗∗ 0.07 ∗∗∗ 0.06 ∗∗∗

(37.23) (9.55) (11.22) (10.97) 
Panel B: Sample split into zero MCS and non-zero MCS 
Zero MCS 0 0.24 0.01 0.01 
Non-zero MCS 3.87 0.32 0.07 0.07 
Difference 3.87 ∗∗∗ 0.08 ∗∗∗ 0.06 ∗∗∗ 0.06 ∗∗∗

(58.56) (8.98) (14.51) (15.40) 

an increase of 0.9% in return comovement and an excess return comovement of 1.0% (under the FF3) and 1.0% (under the 

FF5). The Newey and West (1987) adjusted t-statistics, which are shown in parentheses, indicate that the coefficients are 

statistically significant at the 1% level. Moreover, consistent with previous studies, both FCAP and CAC are positively related 

to the excess return comovement at the same time. For example, the coefficients of the FCAP are 1.0% for returns adjusted 

using Fama and French (1993) three-factor model and 0.9% for returns adjusted using Fama and French (2015) five-factor 

model, all of which are significant at the 1% level. As for CAC, the coefficients show a high level of positive significance 

in all three cases. A one standard deviation increase in CAC is associated with an increase of 2.1% in return comovement 

and an excessive comovement of 4.5% (under the FF3) and 3.9% (under the FF5), which are consistent with the results in 

Israelsen (2016) . 

In the next three columns in Table 7 , the results of predictive regressions are presented. The coefficients of the MCS 

remain significantly positive regardless of the exact empirical settings. As for economic significance, with the FF3-factor 

model applied, the fitted value ranges from an average minimum of 5.51% to an average maximum of 16.85%, and the 

average of excess return correlation reaches 7%. In comparison, with the FF5-factor model applied, the fitted value ranges 

from 5.33% to 16.75% with an average excess return correlation of 7%, suggesting that the impact of MCS on the excess 

return comovement is of significance both statistically and economically. In the FF3-factor and FF5-factor models, the FCAP 

predicts excess return comovement with statistically significant coefficients ranging from 0.7% to 1.0% ( t-statistics of 6.390 

to 10.106), respectively, which is consistent with the finding in Anton and Polk (2014) that stocks owned by the same 

mutual fund tend to move at the same pace. The coefficients on CAC are also positive and statistically significant, forecasting 

return excess comovement with values of 4.6% and 4.2% (adjusted t-statistics of 27.697 and 28.630) under the Fama and 

French (1993) three-factor model and the Fama and French (2015) five-factor model, respectively. 

Regarding the results of other control variables, most control coefficients exhibit significant signs, as expected. For exam- 

ple, the coefficients on SAMEMOM and SAMEBEME are all positive and highly significant, while the coefficients on SAME- 

SIZE are negative and significant solely under the settings of the Fama and French (1993) three-factor model and Fama and 

French (2015) five-factor model. As for the characteristics-based correlations, RETCOR, ROECOR, and VOLCOR are all posi- 

tively associated with excess return comovement at the 1% level. Finally, a pair of stocks in the same industry (DINDUSTRY) 

are more likely to co-move than those in different industries in the current and the following month, as all coefficients are 

positive and statistically significant. 

If our hypothesis related to the correlated fundamentals contained in common media coverage is substantiated, then the 

return comovement predictability of the MCS is supposed to be independent of investor sentiment. We use the Baker and 

Wurgler (2006) sentiment index to distinguish between high- and low-sentiment periods. Specifically, the period of high 

(low) sentiment is defined as the sentiment index in the previous month that is above (below) the median value of sen- 

timent index throughout the whole sample period. Then, the predictive regressions in these two sub-sample periods are 

re-examined to investigate whether or not the predictability of MCS is affected by the investor sentiment. Table 8 presents 

the regression results, which confirm that the coefficients of MCS barely change compared with the results throughout the 

whole sample period, suggesting that the return comovement induced by media connection is largely attributed to the 

correlated fundamentals contained in the common media coverage rather than the irrational biases held by investors. 
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Table 7 
MCS and Stock Return Comovement. This table reports the Fama and MacBeth (1973) estimates of 
monthly cross-sectional regressions of the return correlation between pair of stocks on MCS and 
other controls. The return correlations are computed monthly using daily raw returns (RAW), daily 
residuals (FF3) from the Fama and French (1993) 3-factor model, and daily residuals (FF5) from 
the Fama and French (2015) 5-factor model. 15 valid observations with non-missing returns are 
required for calculation. The first three columns present results of contemporaneous regressions 
and next three columns present results of predictive regressions. All independent variables except 
dummy variables are rank-transformed and normalized to have unit standard deviation. Newey and 
West (1987) adjusted t-statistics are presented in parentheses. ∗∗∗ , ∗∗ and ∗ indicate significance at 
1%, 5%, and 10% levels, respectively. 

Month t Month t + 1 

RAW FF3 FF5 RAW FF3 FF5 

MCS 0.009 ∗∗∗ 0.010 ∗∗∗ 0.010 ∗∗∗ 0.011 ∗∗∗ 0.011 ∗∗∗ 0.011 ∗∗∗

(8.562) (9.976) (9.890) (11.073) (10.253) (10.821) 
FCAP 0.006 ∗∗∗ 0.010 ∗∗∗ 0.009 ∗∗∗ 0.007 ∗∗∗ 0.010 ∗∗∗ 0.009 ∗∗∗

(6.442) (9.452) (9.883) (6.390) (10.106) (9.410) 
CAC 0.021 ∗∗∗ 0.045 ∗∗∗ 0.039 ∗∗∗ 0.024 ∗∗∗ 0.046 ∗∗∗ 0.042 ∗∗∗

(11.334) (26.365) (28.332) (12.609) (27.697) (28.630) 
SAMEBEME 0.004 ∗∗∗ 0.002 ∗∗∗ 0.001 ∗ 0.004 ∗∗∗ 0.001 ∗∗∗ 0.001 

(5.737) (3.541) (1.732) (6.649) (3.047) (1.400) 
SAMESIZE 0.019 ∗∗∗ -0.007 ∗∗∗ -0.006 ∗∗∗ 0.017 ∗∗∗ -0.007 ∗∗∗ -0.006 ∗∗∗

(15.510) (-6.992) (-5.631) (13.542) (-6.405) (-5.159) 
SAMEMOM 0.016 ∗∗∗ 0.013 ∗∗∗ 0.011 ∗∗∗ 0.016 ∗∗∗ 0.013 ∗∗∗ 0.011 ∗∗∗

(20.736) (19.556) (17.463) (20.736) (19.556) (18.114) 
SAMETO 0.009 ∗∗∗ 0.011 ∗∗∗ 0.009 ∗∗∗ 0.010 ∗∗∗ 0.012 ∗∗∗ 0.008 ∗∗∗

(14.663) (19.360) (13.116) (13.956) (22.810) (14.262) 
RETCOR 0.062 ∗∗∗ 0.041 ∗∗∗ 0.033 ∗∗∗ 0.058 ∗∗∗ 0.036 ∗∗∗ 0.030 ∗∗∗

(33.662) (27.425) (23.871) (31.728) (26.681) (24.017) 
ROECOR 0.008 ∗∗∗ 0.009 ∗∗∗ 0.007 ∗∗∗ 0.008 ∗∗∗ 0.008 ∗∗∗ 0.007 ∗∗∗

(22.316) (15.663) (15.713) (21.579) (15.428) (14.347) 
VOLCOR 0.020 ∗∗∗ 0.011 ∗∗∗ 0.011 ∗∗∗ 0.021 ∗∗∗ 0.012 ∗∗∗ 0.011 ∗∗∗

(19.769) (19.992) (22.636) (20.381) (19.045) (20.260) 
DLEVER -0.009 ∗∗∗ -0.002 ∗∗∗ -0.001 ∗∗∗ -0.008 ∗∗∗ -0.002 ∗∗∗ -0.001 ∗∗∗

(-14.361) (-3.453) (-3.063) (-12.295) (-3.905) (-2.864) 
DPRC -0.012 ∗∗∗ -0.011 ∗∗∗ -0.010 ∗∗∗ -0.013 ∗∗∗ -0.010 ∗∗∗ -0.009 ∗∗∗

(-12.360) (-14.112) (-13.942) (-13.546) (-13.483) (-14.884) 
DINDEX 0.014 ∗∗∗ -0.019 ∗∗∗ -0.020 ∗∗∗ 0.010 ∗∗∗ -0.018 ∗∗∗ -0.018 ∗∗∗

(4.113) (-12.964) (-13.003) (3.774) (-10.709) (-11.482) 
DLIST 0.010 ∗∗∗ 0.015 ∗∗∗ 0.015 ∗∗∗ 0.001 0.016 ∗∗∗ 0.016 ∗∗∗

(3.426) (10.674) (12.336) (0.497) (9.986) (12.086) 
DINDUSTRY 0.040 ∗∗∗ 0.084 ∗∗∗ 0.084 ∗∗∗ 0.041 ∗∗∗ 0.085 ∗∗∗ 0.082 ∗∗∗

(15.113) (23.068) (24.446) (14.261) (21.681) (22.735) 
Intercept 0.331 ∗∗∗ 0.043 ∗∗∗ 0.039 ∗∗∗ 0.302 ∗∗∗ 0.039 ∗∗∗ 0.032 ∗∗∗

(31.625) (14.663) (13.876) (29.230) (12.620) (12.078) 
N 1,760,874 1,760,874 1,760,874 1,757,479 1,757,479 1,757,479 
Adj. R 2 0.223 0.144 0.128 0.233 0.169 0.134 

3.5. MCS And trading activities comovement 

A potential mechanism behind our findings is that investors receiving news from Thomson Reuters may trade the stocks 

mentioned in the same news article, and their trading behavior on correlated fundamentals will lead to comovement in 

stock returns. This hypothesis is verified by examining whether the MCS can be used to predict the trading activity comove- 

ment of media-connected stock pairs. To measure trading activity comovement, the daily order flow is first calculated for 

each stock following Lee and Ready (1991) , and then a monthly order flow correlation is constructed for each stock pair by 

calculating the correlations of order flows between two stocks. Similar to the regression setting indicated in Table 7 , the 

dependent variable is replaced by the correlations of the order flow of stock pairs. 

Panel A of Table 9 shows our Fama and MacBeth (1973) regression results with the correlations of the order flow as 

the dependent variables. In the first two columns, the contemporaneous correlations of the order flow are regressed on 

the same variables as those in Table 7 . The coefficients of MCS are positive and statistically significant in explaining the 

current trading comovement with t-statistics above 5, thus confirming that common media coverage can attract attention 

from investors and prompt their correlated trading activities on media-connected stock pairs. In the last two columns, the 

correlations of the order flow are regressed on lagged MCS and other lagged control variables. The coefficients of MCS 

remain significantly positive in predicting the comovement of trading activities in the following month. The effects of an 

increase in MCS on the order flow comovement between two stocks are 0.7% without controls and 0.4% with controls, 

respectively. 

12 



Z. Chen, L. Guo and J. Tu Journal of Economic Dynamics & Control 130 (2021) 104191 

Table 8 
Return Comovement during High or Low Sentiment Period. This table reports the Fama and 
MacBeth (1973) estimates of monthly cross-sectional regressions of the future return correlation 
between pair of stocks on MCS and other controls during high or low sentiment periods. The 
return correlations are computed monthly using daily raw returns (RAW), daily residuals (FF3) 
from the Fama and French (1993) 3-factor model, and daily residuals (FF5) from the Fama and 
French (2015) 5-factor model. 15 valid observations with non-missing returns are required for 
calculation. The first three columns present results of regressions during low sentiment period 
and next three columns present results of regressions during high sentiment period. The low 
or high sentiment is defined based on the median value of the Baker and Wurgler (2006) sen- 
timent index across whole sample period. All independent variables except dummy variables 
are rank-transformed and normalized to have unit standard deviation. Newey and West (1987) 
adjusted t-statistics are presented in parentheses. ∗∗∗ , ∗∗ and ∗ indicate significance at 1%, 5%, 
and 10% levels, respectively. 

Low sentiment High sentiment 

RAW FF3 FF5 RAW FF3 FF5 

MCS 0.010 ∗∗∗ 0.011 ∗∗∗ 0.011 ∗∗∗ 0.011 ∗∗∗ 0.011 ∗∗∗ 0.011 ∗∗∗

(6.945) (8.532) (8.275) (8.160) (7.273) (7.740) 
FCAP 0.007 ∗∗∗ 0.009 ∗∗∗ 0.009 ∗∗∗ 0.008 ∗∗∗ 0.010 ∗∗∗ 0.010 ∗∗∗

(4.512) (7.808) (6.813) (5.131) (7.535) (7.075) 
CAC 0.019 ∗∗∗ 0.042 ∗∗∗ 0.039 ∗∗∗ 0.027 ∗∗∗ 0.048 ∗∗∗ 0.045 ∗∗∗

(10.541) (24.989) (25.975) (10.228) (21.048) (21.604) 
SAMEBEME 0.002 ∗∗∗ 0.001 0.000 0.005 ∗∗∗ 0.002 ∗∗∗ 0.001 

(2.747) (1.171) (0.442) (6.583) (2.956) (1.376) 
SAMESIZE 0.017 ∗∗∗ -0.005 ∗∗∗ -0.004 ∗∗∗ 0.017 ∗∗∗ -0.009 ∗∗∗ -0.007 ∗∗∗

(8.126) (-3.888) (-2.710) (9.845) (-5.128) (-4.381) 
SAMEMOM 0.014 ∗∗∗ 0.011 ∗∗∗ 0.008 ∗∗∗ 0.018 ∗∗∗ 0.014 ∗∗∗ 0.013 ∗∗∗

(10.758) (12.857) (8.990) (18.147) (14.401) (13.634) 
SAMETO 0.009 ∗∗∗ 0.013 ∗∗∗ 0.010 ∗∗∗ 0.010 ∗∗∗ 0.011 ∗∗∗ 0.007 ∗∗∗

(10.147) (17.557) (11.934) (9.025) (17.898) (10.416) 
RETCOR 0.061 ∗∗∗ 0.036 ∗∗∗ 0.030 ∗∗∗ 0.055 ∗∗∗ 0.036 ∗∗∗ 0.031 ∗∗∗

(33.437) (18.308) (15.230) (20.056) (20.997) (20.172) 
ROECOR 0.009 ∗∗∗ 0.006 ∗∗∗ 0.005 ∗∗∗ 0.008 ∗∗∗ 0.010 ∗∗∗ 0.009 ∗∗∗

(13.596) (9.070) (7.883) (16.879) (14.842) (13.986) 
VOLCOR 0.021 ∗∗∗ 0.010 ∗∗∗ 0.009 ∗∗∗ 0.021 ∗∗∗ 0.014 ∗∗∗ 0.013 ∗∗∗

(13.281) (15.527) (16.898) (17.153) (15.645) (15.583) 
DLEVER -0.008 ∗∗∗ -0.003 ∗∗∗ -0.003 ∗∗∗ -0.009 ∗∗∗ -0.001 -0.000 

(-9.452) (-4.789) (-5.225) (-9.401) (-1.623) (-0.523) 
DPRC -0.014 ∗∗∗ -0.010 ∗∗∗ -0.009 ∗∗∗ -0.012 ∗∗∗ -0.010 ∗∗∗ -0.010 ∗∗∗

(-12.056) (-14.265) (-13.974) (-9.858) (-8.917) (-9.771) 
DINDEX 0.007 -0.022 ∗∗∗ -0.022 ∗∗∗ 0.013 ∗∗∗ -0.015 ∗∗∗ -0.015 ∗∗∗

(1.511) (-9.767) (-9.277) (3.909) (-6.708) (-7.581) 
DLIST -0.002 0.014 ∗∗∗ 0.013 ∗∗∗ 0.003 0.018 ∗∗∗ 0.018 ∗∗∗

(-0.527) (8.514) (7.687) (0.849) (7.558) (10.672) 
DINDUSTRY 0.038 ∗∗∗ 0.090 ∗∗∗ 0.085 ∗∗∗ 0.044 ∗∗∗ 0.082 ∗∗∗ 0.081 ∗∗∗

(8.231) (18.073) (18.409) (12.815) (16.069) (17.088) 
Intercept 0.325 ∗∗∗ 0.034 ∗∗∗ 0.029 ∗∗∗ 0.286 ∗∗∗ 0.043 ∗∗∗ 0.034 ∗∗∗

(21.808) (8.479) (7.534) (23.264) (10.285) (9.991) 
N 889,696 889,696 889,696 867,783 867,783 867,783 
Adj. R 2 0.221 0.153 0.119 0.241 0.180 0.144 

Additionally, following Lo and Wang (20 0 0) , we calculate share turnover as a proxy of trading activities. Specifically, the 

turnover is calculated as the logarithm of the number of the shares traded divided by the total number of shares outstanding 

each day. Similarly, the correlation of the turnover ratio is calculated for each month using the daily turnover ratio. Panel 

B of Table 9 presents the Fama and MacBeth (1973) regression results with the correlations of the turnover ratio as the 

dependent variables. The MCS positively predicts the correlation of the turnover ratio of stock pairs in month t and month 

t+1. The coefficients of MCS range from 2.0% to 4.3%, with t-statistics above 15. Based on the significant association between 

the MCS and the comovement of trading activities, we can conclude that investors trade on the correlated fundamental 

information contained in news items, thus generating comovement in stock returns for the stocks mentioned in the same 

news items. 

4. Alternative explanations 

4.1. MCS And category trading habitat 

Barberis and Shleifer (2003) argue that investors allocate capital at the level of asset categories rather than individual 

stocks. Firms are mentioned frequently in the same news articles, which may be because they are viewed as being in 
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Table 9 
MCS and Trading Activity Comovement. This table reports the Fama and 
MacBeth (1973) estimates of monthly cross-sectional regressions of the 
trading activity comovement on MCS and other controls. The measure of 
trading activity comovement is the correlation of order flow in Panel A 
and correlation of turnover ratio in Panel B. Order flow is constructed fol- 
lowing Lee and Ready (1991) . Turnover ratio is defined as the logarithm of 
number of shares traded divided by total number of shares outstanding. 
All control variables are same as in Table 7 . All independent variables ex- 
cept dummy variables are rank-transformed and normalized to have unit 
standard deviation. Newey and West (1987) adjusted t-statistics are pre- 
sented in parentheses. ∗∗∗ , ∗∗ and ∗ indicate significance at 1%, 5%, and 
10% levels, respectively. 

Panel A: DepVar: Correlation of order flow 

Month t Month t + 1 

MCS 0.006 ∗∗∗ 0.003 ∗∗∗ 0.007 ∗∗∗ 0.004 ∗∗∗

(9.367) (5.929) (9.116) (6.339) 
FCAP 0.004 ∗∗∗ 0.004 ∗∗∗

(5.809) (5.751) 
CAC 0.001 ∗∗∗ 0.001 ∗∗

(2.877) (1.941) 
Intercept 0.010 ∗∗∗ 0.005 ∗∗∗ 0.011 ∗∗∗ 0.005 ∗∗∗

(7.471) (4.812) (9.663) (3.613) 
Other Controls NO YES NO YES 
N 1,961,979 1,468,970 1,892,066 1,457,878 
Adj. R 2 0.001 0.011 0.002 0.012 

Panel B: DepVar: Correlation of turnover 

Month t Month t + 1 

MCS 0.046 ∗∗∗ 0.026 ∗∗∗ 0.043 ∗∗∗ 0.020 ∗∗∗

(21.442) (16.334) (19.362) (18.881) 
FCAP 0.025 ∗∗∗ 0.013 ∗∗∗

(17.883) (15.316) 
CAC 0.006 ∗∗∗ 0.009 ∗∗∗

(6.997) (10.432) 
Intercept 0.161 ∗∗∗ 0.202 ∗∗∗ 0.111 ∗∗∗ 0.153 ∗∗∗

(22.346) (31.633) (22.563) (24.362) 
Other Controls NO YES NO YES 
N 2,346,523 1,749,362 2,346,510 1,747,752 
Adj. R 2 0.053 0.088 0.099 0.174 

the same asset category by market participants including news media and investors. Alternatively, investors view of asset 

categories could be influenced by the frequency of stocks being mentioned together in news articles. In either case, investors 

trading in and out of media-connected stocks that are viewed as in the same category could induce excessive comovement 

in their returns beyond fundamentals. Given that our MCS can predict investors’ correlated trading, one concern is that our 

findings are due to the alternative hypothesis that investors simply trade on media-connected stock pairs even when there 

is no many fundamental similarities among those stock pairs. 

We conduct several analyses to address the concern about category trading habitat as the mechanism of the MCS mea- 

sure, so as to predict return comovement. First, as is argued by Barberis et al. (2005) , if some investors are noise traders 

that conduct category trading due to correlated sentiment, then their correlated trading should induce excessive comove- 

ment regardless of any fundamental similarities among stock pairs. This suggests that if our MCS indeed captures investors’ 

category trading habitat, we should see a stronger effect of the MCS on return comovement during high-sentiment periods. 

However, the results in Table 8 show that the predictability of our MCS remains basically the same during periods of both 

low and high sentiment. Hence, the mechanism for the use of the MCS measure to predict return comovement is not likely 

to be category trading induced from non-fundamental biases, such as correlated sentiment. 

In addition, the inclusion of FCAP in the regressions of Table 7 , which captures investors’ category trading habitat to some 

extent, suggests that the correlated trading does not affect the predictability of the MCS. Nevertheless, this measure may 

not be sufficient to exclude the category trading explanation. Thus, we repeat the regressions in Table 7 by replacing the 

correlations of order flow (OFCOR) or the correlations of turnover in one month (TOCOR) with the similarities in turnover 

(SAMETO) and the correlations of turnover in the preceding 60 months (VOLCOR) to control for the correlated flow-induced 

trading caused by category trading habitat. The correlated trading can be better captured in time by the construction of 

TOCOR than of VOLCOR, which is calculated based on historical information in the past 60 months. Table 10 shows that after 

controlling for these two direct measures of category trading, the regression coefficients of MCS for return comovement are 

still positive and highly significant, which is not different from the coefficients of MCS for return comovement in Table 7 . 
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Table 10 
MCS and Categorical Trading Habitat. This table reports the Fama and Mac- 
Beth (1973) estimates of monthly cross-sectional regressions of the return 
correlation between pair of stocks on MCS, proxies of categorical trading, 
and other controls. The measure of categorical trading is the correlation of 
order flow in Panel A and correlation of turnover ratio in Panel B. Order 
flow is constructed following Lee and Ready (1991) . Turnover ratio is de- 
fined as the logarithm of number of shares traded divided by total number 
of shares outstanding. All control variables except SAMETO are the same 
as in Table 7 . All independent variables except dummy variables are rank- 
transformed and normalized to have unit standard deviation. Newey and 
West (1987) adjusted t-statistics are presented in parentheses. ∗∗∗ , ∗∗ and 
∗ indicate significance at 1%, 5%, and 10% levels, respectively. 

Panel A: Controlling for correlation of order flow (OFCOR) 

Month t Month t + 1 

FF3 FF5 FF3 FF5 
MCS 0.011 ∗∗∗ 0.011 ∗∗∗ 0.010 ∗∗∗ 0.011 ∗∗∗

(9.356) (10.211) (10.312) (10.146) 
FCAP 0.012 ∗∗∗ 0.011 ∗∗∗ 0.011 ∗∗∗ 0.011 ∗∗∗

(11.647) (10.750) (10.003) (9.109) 
CAC 0.048 ∗∗∗ 0.044 ∗∗∗ 0.045 ∗∗∗ 0.044 ∗∗∗

(29.509) (30.409) (27.498) (25.452) 
OFCOR 0.005 ∗∗∗ 0.005 ∗∗∗ 0.005 ∗∗∗ 0.005 ∗∗∗

(7.860) (7.625) (7.448) (7.775) 
Intercept 0.043 ∗∗∗ 0.036 ∗∗∗ 0.038 ∗∗∗ 0.036 ∗∗∗

(15.136) (14.413) (12.629) (11.469) 
Other Controls YES YES YES YES 
N 1,467,213 1,467,213 1,454,835 1,454,835 
Adj. R 2 0.171 0.136 0.182 0.144 

Panel B: Controlling for correlation of turnover (TOCOR) 

Month t Month t + 1 

FF3 FF5 FF3 FF5 
MCS 0.011 ∗∗∗ 0.011 ∗∗∗ 0.010 ∗∗∗ 0.011 ∗∗∗

(10.114) (10.103) (10.234) (10.006) 
FCAP 0.012 ∗∗∗ 0.011 ∗∗∗ 0.011 ∗∗∗ 0.011 ∗∗∗

(11.788) (10.952) (9.621) (9.336) 
CAC 0.048 ∗∗∗ 0.044 ∗∗∗ 0.045 ∗∗∗ 0.044 ∗∗∗

(29.518) (30.415) (27.463) (25.835) 
TOCOR 0.001 ∗∗∗ 0.001 ∗∗∗ 0.001 ∗∗∗ 0.001 ∗∗∗

(4.061) (3.444) (4.145) (3.733) 
Intercept 0.043 ∗∗∗ 0.035 ∗∗∗ 0.038 ∗∗∗ 0.035 ∗∗∗

(15.136) (14.185) (12.263) (11.332) 
Other Controls YES YES YES YES 
N 1,749,312 1,749,312 1,746,836 1,746,836 
Adj. R 2 0.170 0.135 0.181 0.143 

These results indicate that the category trading hypothesis is not likely to be the main mechanism of the predictive power 

of our MCS measure. 

We conduct an additional analysis to show that a non-fundamental-based category trading hypothesis seems implausible. 

If a comovement is caused by media connection through category trading instead of correlated fundamental information, 

the category trading activity may temporarily lead the prices of two media-connected stocks to move above (below) their 

fundamental value at the same time through the comovement in price pressure, leading to overprice (underprice) at this 

period and a possible price reversal in the next period. Hence, we construct a trading strategy based on the principle that 

we buy (sell) a stock that has gone up (down) together with its peer stocks jointly covered by multi-firm news articles. More 

specifically, for a given month, we first define a media-connected portfolio return for each stock as the weighted average 

return of the media-connected peers, whose weight is the number of multi-firm news articles covering this focal stock and a 

given peer stock. Then at the end of each month, we independently sort stocks into quintiles based on the focal stock’s own 

return and its media-connected portfolio return. We calculate the equally weighted returns on these 25 composite portfolios 

for the next month. 

Table 11 presents the Fama and French (2015) five-factor alphas on these 25 composite portfolios, which generally in- 

crease as one moves from low to high connected returns within an own-return quintile. Anton and Polk (2014) argue that 

the excessive return comovement induced by common mutual fund ownership is driven by investors’ correlated trading 

demands and exploit a similar trading strategy. As is shown in their Table V, alphas on the composite portfolios increase 

from high to low mutual-fund-connected stock returns, which strongly supports their argument that common ownership 
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Table 11 
MCS-based Trading Strategies This table presents the profitability of a trading strategy exploiting 
media connection. We independently sort stocks into quintiles based on their own returns over 
the last month and the returns of their media-connected portfolio over the last month. The media- 
connected portfolio return is defined as the MCS-weighted return of the media-connected stocks. 
ALL portfolio returns are equal-weighted and rebalanced on a monthly basis. The table reports the 
Fama and French (2015) five-factor alphas on these 25 composite portfolios. We also report the 
average alphas on a connected-stock trading strategy (HH-LL) that buys the high own-return high 
connected-return composite portfolio (HH) and sells the low own-return low connected-return 
composite portfolio (LL). Newey and West (1987) adjusted t-statistics are presented in parentheses. 

Own return 

Low 2 3 4 High H-L 

Low -0.10 -0.21 -0.26 -0.34 -0.35 -0.25 
(-0.35) (-0.92) (-1.12) (-1.64) (-1.50) (-1.55) 

2 -0.05 -0.14 -0.12 -0.30 -0.41 -0.36 
Connected (-0.19) (-0.82) (-0.62) (-1.76) (-1.34) (-1.36) 
portfolio 3 0.21 0.20 0.24 0.05 -0.20 -0.41 
return (1.44) (1.30) (1.34) (0.33) (-0.67) (-1.87) 

4 0.36 0.22 0.15 0.20 0.19 -0.17 
(2.48) (1.68) (0.80) (1.61) (1.26) (-0.55) 

High 0.63 0.23 0.34 0.33 0.31 -0.32 
(2.52) (1.83) (2.05) (1.96) (2.07) (-1.46) 

H-L 0.73 0.44 0.60 0.67 0.66 0.41 HH-LL 
(2.66) (1.88) (2.33) (2.53) (2.31) (2.08) 

causes comovement through price pressure. However, our result is opposite to that of Anton and Polk (2014) , indicating that 

correlated trading demand caused by category trading is unlikely to be the underlying mechanism in our case. 

In addition, within each connected-return quintile, the alphas on these composite portfolios generally decrease as one 

moves from low to high own-return portfolios. Our MCS-based trading strategy, which we denote by HH-LL, buys the com- 

posite high portfolio (high own return and high connected portfolio return) and sells the composite low portfolio (low own 

return and low connected portfolio return). The five-factor alpha of this strategy is 0.41% per month with a t-statistic of 

2.08, which is inconsistent with the expected price reversal, as is mentioned above under the category trading mechanism. 

Overall, these results suggest that investor category trading habitat is unlikely to be the mechanism for the result of our 

MCS measure, even though we may not be able to completely rule it out. 5 

4.2. Robustness tests on other possible explanations 

So far, the results show that stock returns of firms mentioned in the same piece of news exhibit a high degree of return 

comovement. In this section, based on the existing literature, we further conduct robustness tests to rule out other possible 

explanations of the stock return comovement. 

Pirinsky and Wang (2006) reveal that the stock prices tend to co-move when their headquarters are located at the same 

place. Therefore, a dummy variable is introduced to our regression to verify whether our results will be affected if two 

stocks mentioned in the same piece of news are headquartered in the same U.S. county. In Column 1 of Table 12 , consistent 

with Pirinsky and Wang (2006) , firms located in the same county tend to exhibit excess return comovement in the following 

month, and the economic magnitude is comparable to that of the MCS. However, the addition of this dummy indicator has 

no effect on the predictability of the MCS in return correlation. 

Hoberg and Phillips (2010, 2016) construct a new text-based industry classification according to the production descrip- 

tion of 10,0 0 0 annual reports, which leads to a finding that this classification is more informative than such traditional 

industry classifications as SIC or NAICS when various firm characteristics are explained, including profitability, Tobin’s Q 

and dividends. Our MCS is also able to capture such a dimension. Using this data, we control for two test-based industry 

similarity scores whose calibrations of the classifications are as granular as the two-digit and three-digit SIC codes in our 

regression models to investigate whether our findings can be accounted for by the similarities of products. As shown in 

Columns 2 and 3 of Table 12 , the economic magnitude attached to the coefficient of our MCS measure is weaker, while the 

coefficient remains significant at the 1% level. Furthermore, consistent with the findings of Hoberg and Phillips (2010, 2016) , 

the product similarity score is closely associated with excess return comovement. 

Finally, Lee et al. (2015) reveal that stocks co-searched by the investors on the EDGAR website have a higher fundamen- 

tal similarity than traditional industry classifications. As the measure of EDGAR co-search on firm pairs by investors can 

subsume our measure of MCS as the predictor of excess return comovement, this co-search measure is incorporated into 

5 Israelsen (2016) establishes the casual link between excess return comovement and common analyst coverage based on exogenous changes in com- 
monality in analyst coverage around brokerage firm mergers. Unfortunately, in our case, we do not have the data for exogenous shocks in common media 
coverage. 

16 



Z. Chen, L. Guo and J. Tu Journal of Economic Dynamics & Control 130 (2021) 104191 

Table 12 
Robustness. This table reports the Fama and MacBeth (1973) estimates of monthly cross-sectional 
regressions of the abnormal return correlations between pair of stocks on MCS and other controls. 
The abnormal return correlation is computed monthly using daily residuals from regressing daily 
raw return on daily Fama and French (2015) five-factor model. 15 valid observations with non- 
missing returns are required for calculation. Same County is an dummy variable indicating if two 
stocks are located in a county using firm’s headquarter location. TNIC3 (calibrated to be as gran- 
ular as three-digit SIC codes) and TNIC2 (calibrated to be as granular as two-digit SIC codes) are 
the text-based network industry classifications from Hoberg and Phillips (2010) and Hoberg and 
Phillips (2016) . EDGAR is the number of common searches on a pair of stocks from EDGAR log 
file. All independent variables except dummy variables are rank-transformed and normalized to 
have unit standard deviation. Newey and West (1987) adjusted t-statistics are presented in paren- 
theses. ∗∗∗ , ∗∗ and ∗ indicate significance at 1%, 5%, and 10% levels, respectively. 

DepVar: abnormal return correlation 

(1) (2) (3) (4) (5) (6) 

MCS 0.011 ∗∗∗ 0.007 ∗∗∗ 0.006 ∗∗∗ 0.010 ∗∗∗ 0.008 ∗∗∗ 0.006 ∗∗∗

(10.578) (4.598) (3.271) (9.829) (4.809) (3.940) 
FCAP 0.009 ∗∗∗ 0.013 ∗∗∗ 0.018 ∗∗∗ 0.013 ∗∗∗ 0.012 ∗∗∗ 0.013 ∗∗∗

(9.401) (7.510) (7.923) (13.648) (6.446) (4.960) 
CAC 0.042 ∗∗∗ 0.047 ∗∗∗ 0.054 ∗∗∗ 0.048 ∗∗∗ 0.039 ∗∗∗ 0.045 ∗∗∗

(28.520) (21.121) (22.742) (240.632) (24.106) (19.731) 
Same County 0.012 ∗∗∗ -0.010 ∗∗∗ -0.010 ∗∗

(6.401) (-2.830) (-2.535) 
TNIC2 0.020 ∗∗∗ 0.021 ∗∗∗

(14.528) (11.446) 
TNIC3 0.016 ∗∗∗ 0.016 ∗∗∗

(12.187) (10.534) 
EDGAR 0.008 ∗∗∗ 0.008 ∗∗∗ 0.008 ∗∗∗

(5.197) (5.649) (5.142) 
Intercept 0.032 ∗∗∗ 0.072 ∗∗∗ 0.072 ∗∗∗ 0.048 ∗∗∗ 0.069 ∗∗∗ 0.068 ∗∗∗

(12.033) (18.952) (14.847) (13.690) (20.919) (17.035) 
Other Controls YES YES YES YES YES YES 
N 1,757,479 397,597 269,566 1,555,418 335,790 227,519 
Adj. R 2 0.134 0.171 0.174 0.112 0.164 0.170 

our regression. However, the return correlation predictability of our MCS remains significant controlling for this EDGAR co- 

search measure. In the final two columns of Table 12 , all variables are included in the regression model, which shows that 

our MCS remains statistically significant when all these variables are subject to control, although with a weaker economic 

magnitude. Overall, our results are robust to these alternative sources of stock return comovement. 

5. Conclusions 

In this study, based on news data from Thomson Reuters, we construct a media connection strength (MCS) measure 

across two given firms, which is defined as the number of multi-firm news articles covering those two firms. We find that 

the MCS measure is correlated with fundamental similarity and can significantly explain and forecast return comovement 

for media-connected firm pairs. Further analyses show that our results are less likely to be driven by investors’ category 

trading activities or various other alternative channels. Overall, we illustrate that media news connection can be a proxy for 

(complex) fundamental similarities across firms not captured by various documented variables, and this may hence provide 

a new mechanism explaining return comovement beyond what has been proposed in existing studies. 
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