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Abstract 

 

Product Market Competitiveness and Return Dynamics 

 

Xiang Liu, Ph.D. 

The University of Texas at Austin, 2019 

 

Supervisor:  Clemens Sialm 

 

This dissertation examines whether stock performance of rivals is informative 

about a firm’s future stock return, and how the strength of predictability relates to product 

market competitiveness. My analysis reveals a short-lived yet pronounced stock return 

predictability between one firm and its rivals: a hedged portfolio that is long in the 

quintile of stocks with the highest prior rival returns and short in the quintile of stocks 

with the lowest prior rival returns yields an average monthly return of 1.79%. This 

pattern is stronger among small firms and firms with high arbitrage costs, consistent with 

the notion that gradual information flow induces predictability. Furthermore, it varies 

systematically with the degree of product market competitiveness that a firm faces: 

competitive and dynamic industries where rivals produce similar products are associated 

with stronger rival momentum. My findings contribute to the understanding of asset 

return dynamics and have important implications in the current environment of increasing 

industry concentration in the U.S. economy. 
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Chapter 1 

Introduction 

1.1 OVERVIEW 

Grossman and Stiglitz (1980) make the case that due to the need to incentivize 

arbitrageurs to actively acquire and process information, financial markets can be at 

best “nearly efficient”. This rationale, coupled with institutional trading frictions and 

investor behavioral biases, gives rise to gradual information diffusion that lies behind 

many asset pricing anomalies. One channel of information flow is across firms in the 

same industry. Industry peers share many characteristics and they are exposed to 

common industry- or economy-wide shocks. At the same time, they compete on the 

product market and stand to gain from each other’s weakened position should it 

happen. Indeed, there have been studies that look at intra-industry momentum. One 

question that has not yet been answered, is whether this predictability is homogenous 

across industries and over time. More specifically, I focus on one particular industry 

feature, the degree of product market competitiveness, and link it to the direction and 

the magnitude of predictability. Using a novel mapping of product market competition 

relationships that is more precise than the traditional industry classifications, I find 

that lagged stock performance of rivals positively predicts focal firm’s returns, and 

this effect weakens as the product market matures or gets more concentrated. This 

study contributes to the literature by deepening our understanding of stock return 

dynamics, which is especially relevant against the backdrop that over the past several 

decades, the U.S. economy has witnessed an increasing market concentration and a 

declining number of publicly listed firms. 

1.2 LITERATURE REVIEW 

This dissertation is related to several strands of literature. In this section, I 

provide a critical review of relevant papers and discuss my contribution. 
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1.2.1 Mutual Influence Among Industry Rivals 

The first strand of literature examines how news about one firm affects other 

firms in the same industry. Early studies along this line look at other firms passively, 

that is, they assume other firms are merely passive recipients of such shocks and 

inspect how the stock prices respond. In other words, do investors learn across 

competing firms? Later research, in contrast, looks at how other firms act strategically 

towards each other after experiencing a shock and thinks through equilibrium 

consequences.  

The news that have been studied covers a wide range of corporate events, such 

as earnings announcements, bankruptcy filings, and stock offerings. The unified 

theme is that signals conveyed by individual firms can be transmitted to their 

corresponding industry: they contain information not only about the firm itself, but 

also about the corresponding industry. In addition, many studies find the effect to vary 

by both the type of the event and the competition status among firms. Specifically, the 

reaction is more palpable if the event is not idiosyncratic in nature and if other firms 

are already in a financially vulnerable state. 

A seminar work on this topic is Foster (1981), who examines the impact of a 

firm’s earnings releases on the stock prices of its competitors. The results suggest a 

significant information transfer that occurs between the earnings release firm and the 

other firms in its industry. The magnitude of such impact is more significant in cases 

where the announcing firm and the responding firms have a higher percentage of their 

revenues in the same line of business. 

Similarly, Lang and Stulz (1992) investigate the effect of bankruptcy 

announcements on the stock price of the bankrupt firms’ competitors. On average, 

bankruptcy announcements decrease the value of a value-weighted portfolio of 

competitors by 1%. This negative effect is significantly larger for highly levered 

industries and industries where the unconditional stock returns of the non-bankrupt 

and bankrupt firms are highly correlated. A notable exception is that the effect turns 

positive in the subsample of highly concentrated industries with low leverage, the 

likely interpretation being that in such industries competitors benefit from the 

difficulties of the bankrupt firm. 
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Akhigbe et al. (1997) document significantly negative valuation effects of 

bond rating downgrades throughout the industry. Furthermore, the intra-industry 

effects are shown to depend on the characteristics of the bond downgrade, the 

downgraded firm, and industry rivals. Specifically, the negative intra-industry effects 

are more pronounced when (1) the downgraded firm experiences a more severe stock 

price response to the rating downgrade, (2) the downgraded firm is dominant in the 

industry, (3) the downgraded firm is more closely related to its rivals, and (4) the 

downgrade is caused by a deterioration in the firm’s capacity for debt payment. 

Likewise, Laux et al. (1998) study how the stock prices of industry rivals 

respond following a firm’s announcement of dividend revision. They find that 

although the effects are near-zero on average, their magnitude differs systematically 

across the firms in the industry. On one end of the spectrum are rival firms that are 

unlikely to be affected by competitive realignments within the industry; they tend to 

experience stock price effects in the same direction as the announcing firm. On the 

other end, firms are likely to be affected and show changes of the opposite sign and 

statistically insignificant.  

Tawatnuntachai and D'Mello (2002) look at whether favorable information 

conveyed by stock split announcements transfers to non-splitting firms within the 

same industry. On average, non-splitting firms experience positive and significant 

abnormal returns following such news. In addition, industry-wide and firm-specific 

characteristics account for some of the differential. The stock price reaction is more 

positive when the industry has a low level of concentration, when the degree of 

homogeneity between splitting and nonsplitting firms is high as measured by earnings 

correlation, and when nonsplitting firms have a high degree of information asymmetry 

as measured by return variance.  

Hadlock and Sonti (2012) study how exogenous shocks to a firm’s liability 

structure caused by asbestos litigation propagate through product market competition 

links. They find that competitor stocks tend to react in sympathy with their asbestos-

tainted competitors on the day of the information revelation. In other words, investors 

perceive exogenous increases in asbestos liabilities of one firm as negative news for 

that firm’s close competitors. They interpret this evidence as supportive of the “debt-
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makes-you-aggressive” hypothesis. For smaller competitors, market reactions are 

more pronounced in more concentrated industries.  

More recent studies shift the focus away from the impact on firm valuation, 

and instead analyze the impact on other firm’s real decisions. For instance, Dessaint et 

al. (2018) find that firms significantly reduce their investment in response to 

nonfundamental drops in the stock price of their product market peers. They attribute 

this result to managers’ limited ability to filter out the noise in the stock prices when 

using them as signals to learn about their investment opportunities. The ensuing losses 

of capital investment and shareholders’ wealth are economically large and even affect 

firms not facing severe financing constraints or agency problems. Their findings offer 

a novel perspective on how stock market inefficiencies can affect the real economy. 

Grieser and Liu (2019) study the relation between firm investment policies 

and competitor financial constraints. They identify competitors based on both cross-

firm patent citations and product similarities, and find that firms increase investment 

spending, patenting application, and opportunistic hiring when competitor constraints 

become more binding. In addition, firms adjust their investment composition in terms 

of product and patent portfolios to compete more aggressively with their financially 

compromised competitors.  

More broadly speaking, even without arrival of shocks, a firm’s operational 

and financial choices in equilibrium appear to take the choices of its industry rivals 

into account. For example, MacKay and Phillips (2005) document that in addition to 

standard industry fixed effects, financial structure also depends on a firm’s position 

within its industry. In competitive industries, a firm’s financial leverage depends on 

the following factors: its natural hedge (defined as its proximity to the median 

industry capital–labor ratio), the actions of other firms in the industry, and its status as 

entrant, incumbent, or exiting firm. In concentrated industries, financial leverage is 

higher and less dispersed, strategic debt interactions are also stronger, but a firm’s 

natural hedge is not significant. Their results suggest that financial structure, 

technology, and risk are jointly determined within industries.  

Leary and Roberts (2014) show that peer firms play an important role in 

determining corporate capital structures and financial policies. In large part, firms’ 

financing decisions are responses to the financing decisions of peer firms. These peer 
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effects are more important for capital structure determination than most previously 

identified determinants. Furthermore, smaller, less successful firms are highly 

sensitive to their larger, more successful peers, but not vice versa. The externalities 

generated by peer effects can amplify the impact of changes in exogenous 

determinants on leverage by over 70%. 

Hoberg et al. (2014) examine how product market threats influence firm 

payout policy and cash holdings. Their main measure of competitive threats, product 

market fluidity, captures changes in rival firms’ products relative to the firm’s 

products. More intense product market threats lower a firm’s propensity to make 

payouts via dividends or repurchases and increases firm cash holdings, especially for 

firms with limited access to financial markets. These results are consistent with the 

hypothesis that firms’ financial policies are significantly shaped by product market 

dynamics. 

1.2.2 Industry Groupings and Asset Prices 

Industry affiliation has been shown to at least partially explain important 

asset-pricing anomalies like the lead-lag effects, momentum1, and the value premium. 

Moskowitz and Grinblatt (1999) are among the first to document a strong and 

prevalent momentum effect in industry components of stock returns which accounts 

for much of the individual stock momentum anomaly. Specifically, momentum 

investment strategies, which buy past winners and sell past losers, are significantly 

less profitable after controlling for industry momentum. By contrast, industry 

momentum investment strategies, which buy stocks from past winning industries and 

sell stocks from past losing industries, are highly profitable and robust to inclusion of 

stock-level characteristics. 

Hou and Robinson (2006) show that firms in more concentrated industries 

earn lower returns, even after controlling for size, book-to-market, momentum, and 

other return determinants. They posit and find empirical support for two risk-based 

interpretations: either barriers to entry in highly concentrated industries insulate firms 

                                                 
1 See Jegadeesh and Titman (1993) for detailed discussion of the momentum anomaly. 
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from systematic distress risk, or firms in highly concentrated industries are less risky 

because they engage in less innovation, and thereby command lower expected returns.  

Hong et al. (2007) investigate whether the returns of industry portfolios 

predict stock market movements. In the U.S., a significant number of industry returns, 

including retail, services, commercial real estate, metal, and petroleum, forecast the 

stock market for up to two months. Moreover, the propensity of an industry to predict 

the market is correlated with its propensity to forecast various indicators of economic 

activity. The eight largest non-US stock markets show remarkably similar patterns. 

These findings suggest that stock markets react with a delay to information contained 

in industry returns about their fundamentals and that information diffuses only 

gradually across markets. 

Hou (2007) proposes that the slow diffusion of industry information is a 

leading cause of the lead-lag effect in stock returns. He finds that the lead-lag effect 

between big firms and small firms is predominantly an intra-industry phenomenon. 

Moreover, this effect is driven by slow adjustment to negative information and is 

robust to alternative determinants of the lead-lag effect. Small, less competitive and 

neglected industries experience a more pronounced lead-lag effect. The lead-lag effect 

is related to the post-announcement drift of small firms following the earnings 

releases of big firms within the industry. 

Giroud and Mueller (2011) find that the level of industry concentration is a 

key factor in determining whether the difference in corporate governance quality 

leads to a spread in equity returns between firms. Specially, they show that weak 

governance firms have lower equity returns, worse operating performance, and lower 

firm value, but only in non-competitive industries. When exploring the causes of 

inefficiency, they find that weak governance firms have lower labor productivity and 

higher input costs, and make more value-destroying acquisitions, but, again, only in 

non-competitive industries. The same set of firms are also more likely to be targeted 

by activist hedge funds, suggesting that investors take actions to exploit the 

inefficiency. 

Novy-Marx (2011) suggests that the value premium puzzle is mainly an intra-

industry phenomenon. Using a novel measure of operating leverage, he documents 

that operating leverage predicts returns in the cross-section, and that strategies formed 
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by sorting on operating leverage earn significant excess returns. Operating leverage 

also explains why the value premium is weak and nonmonotonic across industries, but 

strong and monotonic within industries. Intra-industry differences in the book-to-

market ratio are driven by differences in operating leverage, giving rise to expected 

return differences. Industry differences in the book-to-market ratio, on the contrary, 

are driven by differences in the capital intensity of production unrelated to returns. 

Morellec (2017) shows that the degree of competition a firm faces feeds back 

into its cash flows and affects the values of the stock options it issues. Through its 

effects on stock prices, product market competition affects the prices of options on 

equity and naturally leads to an inverse relationship between equity returns and 

volatility, generating a negative volatility skew in option prices. He provides 

empirical support for this finding and demonstrates the importance of accounting for 

product market competition when explaining the cross-sectional variation in option 

skew. 

Croce et al. (2019) compute conditional measures of lead-lag relationships 

between GDP growth and industry-level cash-flow growth in the U.S. They find that 

firms in leading industries pay an average annualized return 4% higher than that of 

firms in lagging industries. This result can be rationalized in a model in which agents 

price growth news shocks, and leading industries provide valuable resolution of 

uncertainty about the growth prospects of lagging industries. 

Grullon et al. (2019) show that in the last two decades, over 75% of U.S. 

industries have experienced an increase in concentration levels. They find that firms 

in industries with the largest increases in product market concentration have enjoyed 

higher profit margins and more profitable M&A deals. At the same time, they do not 

find evidence of a significant increase in operational efficiency, which suggests that 

market power is becoming an important source of value. They also show that the 

higher profit margins associated with an increase in concentration result in higher 

returns to shareholders.  
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1.2.3. Alternative Industry Classifications 

Another line of literature that expands quickly in recent years is the 

development of alternative industry classification methods. Traditionally, industry 

affiliations are assigned by either supervisory agencies such as the U.S. Securities and 

Exchange Commission (SEC) to facilitate regulation, or asset management firms in 

search of more precise benchmarking. Newer and superior methods show up as more 

detailed, high-quality data become available and stored in easy-to-analyze forms. 

These data are sourced either from firm’s own filings or online search behavior on the 

part of investors or job seekers, and they cover various aspects of a firm’s operations 

such as labor composition, patent portfolios, and product mix.  

These methodological innovations add value to researchers and practitioners 

for several reasons. First, they reflect the increasingly more important roles that 

human capital and technology input are playing in the production process. Until 

lately, these elements have been largely ignored in identifying cross-firm links. 

Second, they take the entire product set into consideration, instead of relying 

exclusively on the segment that is the largest revenue contributor. Third, they 

incorporate the perspectives of firm’s stakeholders other than the management team. 

One notable innovation in this regard is Hoberg and Phillips (2010). In this 

paper, they analyze product descriptions on 10-K filings to examine whether firms 

exploit product market synergies through asset complementarities in mergers and 

acquisitions. Transactions are more likely to happen between firms that use similar 

product market language. Transaction stock returns, ex post cash flows, and growth in 

product descriptions all increase for transactions with similar product market 

language, especially in competitive product markets. The gains are larger when 

targets are less similar to acquirer rivals and when targets have unique products. Their 

findings are consistent with firms merging and buying assets to exploit synergies to 

create new products that increase product differentiation. 

Lewellen (2012) takes a slightly different approach. He introduces firm-

specific industries (FSIs) that relax the transitivity constraints inherent in traditional 

industry classifications. He hand-collects data from firms’ public SEC filings and 

extracts the set of product market competitors that each reporting firm discloses. FSIs 
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are shown to have much a higher explanatory power for the cross-sectional variations 

in corporate capital structure and stock returns.  

Rauh and Sufi (2012) construct the set of other firms producing the same 

output for each firm, using product market competitors listed in the firm’s SEC 

filings. In addition, they improve the measurement of capital structure by explicitly 

accounting for leased capital. These two modifications boost the explanatory power of 

the average capital structure of other firms producing similar output on a firm’s capital 

structure by 50%, compared to using only the average unadjusted debt ratio of other 

firms in the same three-digit SIC code. They provide evidence that the large 

explanatory power of the capital structure is related to the assets used in the 

production process. Their findings suggest that what a firm produces and the assets 

used in production are the most important determinants of capital structure in the 

cross section. 

Lee, Ma, and Wang (2015) apply a “co-search” algorithm to Internet traffic at 

the SEC's EDGAR website and develop a novel method for identifying economically 

related peer firms and for measuring their relative importance. They define Search-

Based Peers (SBPs) as firms that appear in chronologically adjacent searches by the 

same individual and show that SBPs dominate GICS6 industry peers in explaining 

cross-sectional variations for the focal firms of variable such as stock returns, 

valuation ratios, growth rates, R&D expenditures, and profitability. Their results 

highlight the value of the collective wisdom of investors in addressing longstanding 

benchmarking problems in finance. 

Li (2017) proposes a novel measure of firms that draw from the same talent 

pool analyzing employees’ internet co-search patterns on two major online labor 

markets: Glassdoor and LinkedIn. He classifies co-searched firms as labor market 

peer firms (LMPs). LMPs (1) overlap but differ from standard product-market-based 

industry groupings; (2) exhibit significant incremental power to explain stock return 

and earning comovements; (3) outperform standard industry groupings to explain 

return comovements when LMPs share more labor market skills. Firms that are 

central in the LMP network pay higher salaries. His results showcase the potential of 

using the perspectives of employees to detect fundamental linkages that are otherwise 

difficult to identify. 
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Lee, Mauer, and Xu (2018) employ a classic measure of technological 

closeness between firms. They show that the returns of technology-linked firms have 

strong predictive power for focal firm returns. A long-short strategy based on this 

effect yields a monthly alpha of 117 basis points. This effect is distinct from industry 

momentum and is not easily attributable to risk-based explanations. It is more 

pronounced for focal firms that: (a) have a more intense and specific technology 

focus, (b) receive lower investor attention, and (c) are more difficult to arbitrage. 

Their results are broadly consistent with sluggish price adjustment to more nuanced 

technological news. 

Lee et al. (2018) construct a measure of the pairwise relatedness of firms’ 

human capital to examine whether human capital relatedness is a key factor in 

mergers and acquisitions. They find that mergers are more likely to happen and 

succeed when firms have related human capital. These relations are stronger or only 

present in acquisitions where the merging firms do not operate in the same industries 

or product markets. Reductions in employment and wages following mergers with 

high human capital relatedness suggest that the merged firm has greater ability to 

layoff low quality and/or duplicate employees and reduce labor costs.  

Liu and Wu (2018) construct a time-varying labor market competitor network 

based on the job postings of all U.S. public companies. They show the importance of 

this network for transmitting labor and industry shocks. There are three main findings. 

First, the overlap is less than 20 percent between firms’ labor competitors and product 

market rivals. Second, firm returns strongly respond to both the contemporaneous and 

lagged labor market shocks proxied by returns of the labor competitors. A long-short 

strategy exploiting the lagged response generates an average annualized excess return 

of 9.36 percent. Third, shocks to an industry can affect firms outside the industry 

through the labor network. 

1.2.4 Contribution to the Literature 

Three papers are closely related to this dissertation.  

The first one is Hoberg and Phillips (2018), which tests the hypothesis that 

low-visibility shocks to text-based network industry peers can explain industry 
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momentum. They consider industry peer firms identified through 10-K product text 

and focus on economic peer links that are not revealed by SIC codes. Shocks to less 

visible peers generate larger and more persistent momentum profits than both SIC-

based peers and own-firm momentum variables. Their findings are consistent with 

momentum profits arising partially from investor inattention to economic links of less 

visible industry peers. 

This paper sheds light on one particular link that resource-constrained 

investors fail to consider: product similarity. The stock price movement of a related 

firm falls into the group of publicly available (strictly speaking) but less-salient 

information that is costly to process. My dissertation relies on the same definition of 

product market relatedness as theirs to identify pockets of return predictability on the 

stock market, but differs from their research by asking a new question that is 

motivated by the industry organization literature: how does the competition position 

on the product market a firm faces affect the strength of return predictability. This 

angle allows me to develop hypotheses that connect industry concentration and 

heterogeneity to return predictability and uncover evidence not yet provided. 

A second closely related paper is Scherbina and Schlusche (2018). The authors 

identify all return leader–follower pairs among individual stocks using Granger 

causality regressions. Thus-identified leaders reliably predict their followers’ returns 

out of sample, and the return predictability works at the level of individual stocks 

rather than industries. Their results indicate that, independent of its size, any firm may 

emerge as a return leader by being at the center of an important news development 

that has ramifications for other firms. Indeed, stocks undergoing news generating 

developments see an increase in the number of stocks whose returns they lead. 

Scherbina and Schlusche (2018) broaden the collection of intuition-guided 

channels of lead-lag effects between individual stocks. Given the inherent randomness 

of news arrival, any firm can be the first to resolve uncertainty and thus become a 

leader in (potentially local) return dynamics. My dissertation echoes their findings 

that the lead-lag anomaly does not necessarily go in the direction from big to small 

firms. My approach is different from their econometric analysis in that I provide 

economic explanations why return predictability exists between firm of similar size, 

or even from small to big firms.  
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A third recent paper, Ali and Hirshleifer (2019), identifies stock connections 

by shared analyst coverage. The authors find that a connected-stock (CS) momentum 

factor generates a monthly alpha of 1.68%. In spanning regressions, the alphas of 

industry, geographic, customer, customer/supplier industry, single- to multi-segment, 

and technology momentum factors are insignificant/negative after controlling for CS 

momentum. Sell-side analysts are slow to incorporate news about linked stocks. The 

effects are stronger for complex and indirect linkages. These results suggest that the 

various momentum spillover effects2 previously documented represent a unified 

phenomenon that is captured by shared analyst coverage. 

Ali and Hirshleifer (2019) provide an over-arching mechanism that is 

purported to encapsulate all the main return predictability phenomena based on 

fundamental relatedness between firms. The story is intuitively appealing given that 

equity analysts are the front and center in the price discovery process. Although being 

product market peers is among the connections that are considered in their paper, I 

have different a focus than Ali and Hirshleifer (2019). My analysis aims at explaining 

the cross-sectional and time-series variation in the strength of return predictability. 

Put differently, if the proposed connected-stock (CS) momentum factor is valid, my 

empirical findings contribute towards understanding the dispersion in loadings on this 

factor, and how the factor premium evolves over time.  

 

 

 

 

 

 

 

 

 

 

 

                                                 
2 See Menzly and Ozbas (2006), Cohen and Frazzini (2008), Cohen and Lou (2012), and Parsons, 

Sabbatucci, and Titman (2016) for further details. 
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Chapter 2 

Size Asymmetry in Rival Momentum 

 

This chapter examines whether the past stock return of rivals conveys 

incremental information about a firm’s future stock performance and how this 

predictive power varies with firm characteristics. In particular, I address a concern 

that is often raised in this literature, namely, whether this effect is entirely due to the 

lead-lag effects between large- and small-cap firms. I start with a detailed description 

of the data set and the calculation of average past rival returns, and then present 

empirical results of both portfolio analysis and Fama-MacBeth regressions. In 

robustness check, I provide suggestive evidence that is consistent with the notion of 

slow information transfer across rivals, and evidence that is against the possibility that 

this phenomenon arises from purely mechanical reasons. The last section concludes. 

2.1 THE DATA 

The sample construction starts with the intersection of CRSP-listed common 

stocks and stocks covered by the “text-based network industry classifications”, or 

TNIC3, from the Hoberg and Phillips Data Library 

(http://hobergphillips.tuck.dartmouth.edu/). This latter data set spans fiscal years 

1996-2015. Hoberg and Phillips (2010a) develop this data set by scrapping the text in 

the product description section of corporate 10-K filings from the SEC EDGAR 

website. For each fiscal year, they extract the words and phrases that each firm uses to 

describe its products and services rendered for revenue and compile a dictionary by 

taking the union of the strings used by all reporting firms. For each pair of firms, their 

product closeness is defined as the cosine similarity score between the two product 

offering string vectors. Two firms are rivals if their similarity score exceeds a 

threshold, which is determined in advance so that this novel industry classification has 

the same granularity as the SIC three-digit codes. That is, for two firms randomly 

chosen out of the universe of all stocks traded on NYSE, AMEX, and NASDAQ, the 

likelihood of them being considered as rivals according to this data file is the same as 

that of these two firms sharing one SIC three-digit code.  

http://hobergphillips.tuck.dartmouth.edu/
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Next, I merge the sample with supplementary data that include CRSP monthly 

prices and returns, accounting information from Compustat, and analysts’ earnings 

estimates from I/B/E/S. To address the concern that any predictability, if observed, is 

driven by micro-cap, illiquid stocks, I drop stock-months if the share price at the end 

of the prior month is below $1. In robustness checks, I also exclude stock-months if 

the firm’s market cap in the prior month falls below the 10th percentile of NYSE-

listed companies. The results are similar and summarized in Table B1 in Appendix B. 

Using TNICs for this study offers many benefits over the traditional industry 

classifications, such as SIC, NAICS, GICS, and Fama-French industries. One 

advantage is that it captures the competitive landscape in a more timely and accurate 

manner. TNIC3 handles better cases where firms are operating in multiple business 

lines, or quickly evolving their product mix. A prominent example to illustrate the 

second case is Amazon. During the 20 plus years after going public initially as an 

online bookseller, the firm continually added new sources of growth and revenue such 

as cloud computing and advertisement. As Business Insider reported on February 7, 

2019, UPS and FedEx, two companies that used to claim Amazon as simply their 

customer, now monitor Amazon as a competitor in the space of transportation and 

logistics services3. 

Another advantage of using TNIC3 to study product market competitiveness is 

that it allows for varying degrees of closeness between firms. Standard industry 

classifications, in contrast, consider all firms that fall within an industry equally 

similar. Under SIC, as long as three firms are categorized as members of the same 

industry, the distance between firm A and firm B is by definition the same as that 

between firm B and firm C. This creates a problem because it ignores more nuanced 

differences. For instance, among the Air Transportation industry (SIC Code 4512), 

Frontier Airlines is likely to view other low-fare regional carriers such as JetBlue and 

Southwest as close competitors, not full-service international airlines such as 

American Airlines.  

To ensure that the resulting intersection is not a biased representation of the 

CRSP universe, I compare the rival data set against all CRSP-listed common stocks. 

Figure 1 plots the coverage ratio in terms of the number of firms and the market cap 

                                                 
3 https://www.businessinsider.my/amazon-annual-filing-indicates-fedex-ups-competitors-2019-2/ 
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in each December in Figure 1. Both ratios are fairly stable across the years except the 

last year, where the dip is due to the limited availability of reports. Table 1 presents 

more detailed summary statistics based on monthly data. As readily observed in Panel 

A, across all the months being tested, the proportions of number of stocks in the 

sample relative to the CRSP universe fall in a range between 33% and 56%, and those 

of total market value between 59% and 80%, which also indicates that my sample tilts 

slightly towards large firms. This is expected considering that large firms are less 

likely to miss a 10-K report or file a report with missing product description.  

 

[Insert Figure 1 here.] 

 

Panel B of Table 1 shows that the firms in my sample are relatively evenly 

distributed across the CRSP universe, in terms of size, book-to-market ratio and rival 

firm properties. Specifically, at the end of each year, I map the firms in the sample 

into size and book-to-market percentiles according to the CRSP universe and 

calculate pooled statistics across all firms and years. The mean and median of size and 

book-to-market ratios are close to the 50th percentile; the lower quartile Q1 and 

higher quartile Q3 are not far from 25% and 75% respectively.  

 

[Insert Table 1 here.] 

2.2 CONSTRUCTION OF RIVAL MOMENTUM MEASURES 

For each firm in each fiscal year, I follow three criteria to identify rivals and 

assemble the corresponding rival set: (1) all the firms that are paired up with the focal 

firm in the TNIC3 rival data set (“all rivals”), (2) the top ten rivals with the highest 

similarity score with the focal firm (“top10score”), and (3) the top ten rivals with the 

largest sales (“top10sales”). Note that each criterion focuses on a particular aspect of 

the intensity of product market competition a firm is facing. Criterion 1 is the broadest 

definition – except for the focal firm itself, all the firms that are identified by TNIC3 

as its rivals are included. Rivals that are identified by criterion 2 are closest to the 
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focal firm in the product market space. Criterion 3 selects rivals that are industry 

leaders. 

It’s worth pointing out here that, for firms with a small pool of rivals, the three 

criteria have significant overlap. However, given that the mean and median number of 

rivals for a given firm is 146 and 52, respectively, for the majority of the firms in my 

sample, these three criteria create three rival sets with substantial differentiation. For 

ease of presentation, I show the main results using “all rivals” as the default set and 

reserve the other two definitions for robustness check. The portfolio analysis results 

based on the alternative rival definition of “top10score” and “top10sales” uncover a 

similar monotonic pattern. I present the two sets of results in Table 8 and Table B2 in 

Appendix B, respectively. 

Next, I aggregate the past returns of the corresponding rival firms into a 

measure of average rival past performance. This is accomplished in three steps. First, 

I calculate each stock’s past return over three windows: Ret (−1, 0) (return in last 

month), Ret (−7, −2) (cumulative stock return from the prior 2nd through 7th month), 

and Ret (−36, −13) (cumulative return from the prior 13th through 36th month). Varying 

the horizon captures different information about a firm and allows me to test the effect 

of one firm’s price movement on its rivals in strength and duration. Second, I add 

stocks’ past returns based on the set of rivals identified. I require that the rival firm’s 

most recent fiscal year-end be at least six months earlier, to make sure that market 

participants have adequate time to acquire and process the information disclosed in 

the latest 10-K reports. The final step is to calculate the equal-weighted average of 

past returns across all rivals identified for a given firm. I denote them EWRRet (−1, 0), 

EWRRet (−7, −2), and EWRRet (−36, −13) respectively, with the second letter “R” 

denoting “rivals”. I will refer to these average past returns as “rival momentum 

measures”. 

Other firm characteristics used in this dissertation are the following. Three risk 

factor loadings (“Mktrf Beta, “SMB Beta”, and “HML Beta”) are the coefficients in 

an OLS regression of last month daily return on Fama-French three factors. Stock 

price is the absolute value of the price variable in the CRSP database at the end of the 

previous month. Analyst coverage is the number of analysts following the firm in the 

previous month. Analyst estimate dispersion is the standard deviation of analyst 
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forecasts in the previous month scaled by the prior year-end stock price. Institutional 

ownership is the percentage of common stocks owned by institutions in the previous 

quarter. Idiosyncratic volatility is the standard deviation of the residuals of the Fama-

French 3-factor model estimated using the daily stock returns over the previous 

month. Illiquidity is the monthly illiquidity measure calculated following Amihud 

(2002) and measured over the previous month. Market Share is the percentage of total 

market value of stocks within a group relative to the whole market at the end of the 

previous month.  

Panel C of Table I shows how the rival momentum measures correlate with 

firm characteristics. I rank stocks into rival momentum quintiles by EWRRet (−1,0) in 

each month and calculate the equal-weighted average of firm characteristics first in 

each month and then across all months in the sample period. Out of all variables being 

considered, only one shows a monotonic relationship with the rival momentum 

measure firm’s own return in the previous month, Ret (−1, 0).  

Lastly, I calculate the three proxies for the degree of product market 

competitiveness: (1) the Herfindahl-Hirschman Index (see equations below), defined 

as the sum of squared market shares measured by either total assets or sales, (2) the 

number of rival firms, and (3) the equal-weighted and value-weighted average 

similarity score between all the rivals and the focal firm.   

 

𝐻𝐻𝐼𝐴𝑠𝑠𝑒𝑡𝑠,   𝑖𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐼 = ∑ (
𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠𝑖

∑ 𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠𝑖𝑖 ∈ 𝐼
)

2

𝑖 ∈ 𝐼

 

𝐻𝐻𝐼𝑆𝑎𝑙𝑒𝑠,   𝑖𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐼 = ∑ (
𝑇𝑜𝑡𝑎𝑙 𝑆𝑎𝑙𝑒𝑠𝑖

∑ 𝑇𝑜𝑡𝑎𝑙 𝑆𝑎𝑙𝑒𝑠𝑖𝑖 ∈ 𝐼
)

2

𝑖 ∈ 𝐼

 

 

Table 2 reports the correlations between main firm characteristics and the 

industry concentration measures. The average Herfindahl-Hirschman index based on 

total assets and sales is 0.25 and 0.24, respectively. The emphasis here is the lack of 

strong relationship between firm size and the degree of industry concentration: the 

correlation is -0.02 between size and number of rivals, and -0.01 between size and the 

HHI based on total sales. Both values are statistically insignificant. In other words, 

within the TNIC3 competitor network, larger firms do not necessarily have more 
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rivals, nor do they face more fierce competition on the product market. This alleviates 

a potential concern that an astute reader might have, which is that if size correlates 

with the level of product market competitiveness, then the return predictability 

associated with rivals could be a mere rehash of the well-established lead-lag effects 

between large and small firms. 

 

[Insert Table 2 Here.] 

2.3 MAIN FINDINGS 

To answer the question whether there is a cross-sectional variation in future 

returns associated with the average past rival returns, I examine the performance of 

hedged portfolios constructed based on this hypothesis, assuming that the focal firm’s 

stock price will react in the same direction as that of its rivals. I also run Fama-

MacBeth regressions to control for other firm characteristics that are commonly 

shown to predict stock returns. 

2.3.1 The Return to Rival Momentum 

At the beginning of each month, I rank stocks according to the average past 

stock performance of all its rivals, and form a zero-cost long-short portfolio by buying 

the 20% stocks with the highest average past performance of rival firms, and short 

selling the 20% stocks with the lowest average past performance of rival firms. Both 

equal-weighted and value-weighted portfolios are considered. I denote this strategy 

“rival momentum”.  

Panel A of Table 3 shows that the average monthly return to an equal-

weighted rival momentum portfolio is 1.79%, statistically significant at the 1% level. 

To adjust for serial correlation, I compute robust Newey-West (1987) t-statistics. The 

lag length used for the Newey-West adjustment is set to be the integer part of the 

number of months to the one-fourth power. For the entire sample period (240 

months), the lag length is 3, and for subperiod analysis (48 months), the lag length is 

2. As shown in rows 3 through 12, adjusting for risk factors by the CAPM model, the 

Fama French (1992) three-factor model, the Carhart (1997) four-factor model, the 
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Fama French (2015) five-factor model, or adjusting for firm characteristics as per 

Daniel et al. (1997) does not reduce the magnitude meaningfully.  

Panel B of Table 3 reports the performance of a value-weighted rival 

momentum strategy. The stark difference between Panel A and Panel B reveals the 

importance of weighting scheme: the average monthly return to a value-weighted 

rival momentum portfolio is 0.29 and is not statistically different from zero. A casual 

reader might quickly conclude here that this effect is a phenomenon that only exists in 

small-cap stocks and therefore not worthy of any further research attention. I examine 

this issue in detail in section 2.3.2 and provide evidence that suggests otherwise. 

 

[Insert Table 3 Here.] 

 

In order to examine the sensitivity of the rival momentum strategy, I 

experiment with finer or coarser sample cuts. Table B3 in Appendix B reports the raw 

and risk-adjusted returns of a similarly constructed hedged portfolio that is long in the 

top 10% stocks and short in the bottom 10% stocks. Average monthly raw return is at 

1.25% and characteristic-adjusted return is at 0.96%. Table B4 in Appendix B reports 

the performance of a rival momentum portfolio that trades across the entire stock 

universe; it buys the top half stocks and shorts the bottom half stocks. The average 

monthly raw return is 1.04% and the characteristic-adjusted return is 0.81%. The 

results are as expected: finer partition leads to a higher return to the hedged portfolio 

because it can better take advantage of the cross-sectional variation in expected 

returns by such sorting. Coarser partition, on the other hand, creates a smaller spread 

which is nevertheless economically large and statistically significant. The findings in 

these two tables are supportive of a robust return predictability based on past rival 

stock performance. 

A caveat is in order here. Although the magnitude of the spread in returns is 

striking between stocks with high past rival return and those with low past rival 

return, this does not mean a profitable arbitrage strategy can be easily implemented. 

Rebalancing at a monthly frequency leads to high turnover and naturally high 

transaction costs as well, which can quickly erode all the profits, especially for small-

sized portfolios. To determine whether this strategy can deliver alpha in a realistic 
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setting, it is necessary to estimate the associated trading costs or equivalently the 

minimum capital size for this strategy to be viable.  

A few papers have looked at this issue. Frazzini, Israel, and Moskowitz (2015) 

estimate the real-world transactions costs and price impact function that a large 

quantitative asset manager faces and apply them to size, value, momentum, and short-

term reversal strategies. They find that value and momentum are more scalable than 

size, and that short-term reversal is the most constrained by trading costs. The 

estimated per unit trading cost is around 20 bps for large caps and 30 bps for small 

caps. From a turnover perspective, the strategy most comparable with rival 

momentum is likely to be short-term reversal.  

Edelen, Evans, and Kadlec (2013) tackle the same problem but work with a 

larger sample consisting of all open-end domestic equity mutual funds. They develop 

a comprehensive measure of trading costs by aggregating the brokerage commission, 

the bid-ask spread, and the price impact for each position change between quarters. 

The per unit trading cost differs by fund style, ranging from 42 bps (large-cap blend) 

to 164 bps (small-cap value). Sialm and Zhang (2019) use the estimates in this paper 

to study the relation between mutual funds’ prior tax burden and trading costs. 

The discrepancy in trading cost estimates between the two papers is 

presumably due to sample difference: compared with the average domestic equity 

mutual fund, a large arbitrageur has much more sophisticated teams and algorithms to 

minimize market impact. I rely on the former paper for a back-of-the-envelope 

estimate of after-cost returns of the rival momentum strategy. I make two other 

assumptions to be conservative: both the long leg and short leg consist of small caps 

only, and the strategy has a monthly turnover of 100%, which is the maximum level. 

In addition, in order to reflect the cost associated with leverage and short selling, I 

follow Sorensen, Hua, and Qian (2007) and Sialm and Sosner (2018) and assume 

financing costs of 100 bps per unit of leverage. For the long-short rival momentum 

portfolio, the leverage is 100%, which would have a cost of 100 bps per year, or 8.3 

bps per month. Under this scenario, the long leg of the portfolio delivers a Fama-

French five-factor alpha of 0.84% (1.14% - 0.30%), and the short leg of the portfolio 

delivers a Fama-French five-factor alpha of 0.387% (0.77% - 0.30% - 0.083%). 
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Therefore, after taking trading costs into account, the strategy yields 1.227% per 

month. 

In summary, an equal-weighted portfolio sorted on past average rival returns 

delivers large differences in subsequent returns. This pattern is not driven by 

differences in risk factor loadings or firm characteristics.  

2.3.2 Size Effect in Rival Momentum 

Small- and micro-cap stocks are susceptible to return predictability for reasons 

that are unrelated to information transmission across firms. These stocks trade 

infrequently and receive less analyst coverage, which leads to a delay in stock price 

updates. In fact, the effects of other factors, such as value and momentum, are also 

stronger in small stocks (see Loughran (1997) for size-value interactions and Chen, 

Hong, and Stein (2002) for size-momentum interactions). To make sure this is not the 

entire story, I independently sort all the stocks into 25 groups by firm size and average 

past rival return and examine within each size group the performance of both the 

equal-weighted and value-weighted rival momentum portfolios. 

The results are presented in Table 4, with returns of the equal-weighted 

portfolios in the left panel and returns of the value-weighted portfolios in the right 

panel. The rival momentum phenomenon manifests in all stocks other than the largest 

20%. Although the magnitude of rival momentum profit declines moving from the 

smallest to the largest stocks, it is statistically significant even among the second-to-

largest quintile. In other words, this return predictability exists among both mid-cap 

and small-cap stocks and is not driven by market microstructural reasons. 

 

[Insert Table 4 Here.]  

2.3.3 Fama-MacBeth Regressions 

I use Fama-MacBeth (1973) cross-sectional regressions as another way to 

investigate the relationship between past rival return and focal firm returns. I compute 

the percentile rank of sales of the focal firm against all the rivals. The percentile rank 

is bounded between 0 and 1, and the higher the value, the larger a firm relative to its 
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rivals. The regressions include both past rival return, percentile rank of sales, and the 

interaction term. All four specifications employ the same set of control variables 

including commonly cited firm characteristics that have been shown to predict 

returns: the betas on the Fama-French three factors, size, the book-to-market ratio, the 

return in the past month, and the cumulative return over the past 2 to 7 months. The 

first specification, which uses rival return in the past one month, can be written out as 

follows: 

 

𝑅𝑖,𝑡  =  𝛼 + 𝛽1𝐸𝑊𝑅𝑅𝑒𝑡𝑖,𝑡−1 + 𝛽2𝑆𝑎𝑙𝑒𝑠𝑅𝑎𝑛𝑘𝑖,𝑡−1

+ 𝛽3𝐸𝑊𝑅𝑅𝑒𝑡𝑖,𝑡−1 × 𝑆𝑎𝑙𝑒𝑠𝑅𝑎𝑛𝑘𝑖,𝑡−1 +  𝐶𝑡𝑟𝑙𝑠𝑖,𝑡−1 

 

Table 5 presents the regression results. To facilitate comparison, I include the 

base-case specification without the interaction effect in the second column. The 

coefficient on the past rival return term is 0.100 with a t-statistic of 8.03, which is 

consistent with the rival momentum effect thus far documented: higher past rival 

return predicts better stock performance for the focal firm in the subsequent month. 

Columns 3 to 6 report four specifications with interaction effects. In specification 1, 

the coefficient on the interaction term is -0.130 with a t-statistic of -6.15; that is, a 

one-standard-deviation increase from the mean in the percentile rank by sales (mean = 

0.52, std. dev. = 0.25) is associated with a significant decrease in the slope on past 

rival return, from 0.0954 to 0.0629. This confirms the size effect that the rival 

momentum is more pronounced among small firms. Size plays a similar albeit smaller 

mitigating role in other specifications shown in columns 2 to 4. Table B5 in Appendix 

B reports the regression estimates when sales rank is substituted by percentile rank of 

total assets. The results do not change materially. 

 

[Insert Table 5 Here.] 

2.3.4 Rival Momentum and Arbitrage Costs 

Given that such return predictability exists, the next question to ask is, why 

does the mispricing arise and why is it not traded away? For the purposes of this 
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analysis, I will test whether the extent of investor inattention or limits to arbitrage 

help explain it. 

Analyst coverage is a natural proxy for investor inattention: more analysts 

following corporate news and issuing analyst reports lead to greater exposure and 

more investor attention. As argued by Pontiff (1996, 2006), four other variables, 

idiosyncratic volatility, the Amihud illiquidity measure, institutional ownership, and 

stock price are closely related to the trading or holding costs faced by arbitrageurs and 

hence commonly used to proxy for arbitrage costs.  

At the beginning of each month, I use independent sorts to rank stocks into 5 

groups based on each of the above five proxies. I reverse the order for analyst 

coverage, institutional ownership, and stock price so that across all five proxies, a 

higher value is associated with higher arbitrage cost. I then test the rival momentum 

strategy separately within each group. Panel A of Table 6 reports the return of the 

long-short rival momentum portfolio for each proxy quintile. Consistent with the 

notion that this return predictability arises from investor inattention and limits to 

arbitrage, Panel A shows that the magnitude of the rival momentum profit varies 

monotonically with all five proxies, with the only exception being the highest quintile 

of the Amihud illiquidity measure and institutional ownership. Furthermore, the 

difference in the rival momentum profit between the highest and lowest proxy quintile 

is significant at the 1% level and of the expected sign - stocks with high idiosyncratic 

volatility, high Amihud illiquidity measure, low institutional ownership, and low price 

level are difficult to trade because of the associated unsystematic risk, illiquidity 

issue, high short selling costs, and large bid-ask spreads. 

 

[Insert Table 6 Here.] 

2.4 ROBUSTNESS CHECK 

The empirical findings presented so far point to the existence of return 

predictability based on the prior stock performance of rival firms, and that this effect 

is much stronger among small firms. In this section, I provide further evidence that 
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shows that these results are robust to modifications to either the window used to 

compute portfolio returns or the rule to identify rivals. 

 

2.4.1 Weekly Returns to Rival Momentum 

Stale price is a microstructural issue that affects mostly small and illiquid 

stocks. In order to demonstrate that the rival momentum effect is not due to this 

particular problem, I provide two pieces of evidence: first I measure portfolio returns 

in the holding month with the first week skipped, and second, I break down the 

original portfolio returns over the entire month week by week. Table 7 summarizes 

these results. 

 

[Insert Table 7 Here.] 

 

In Panel A of Table 7, the return to the rival momentum strategy from week 2 

through week 4 is 0.93%, which is roughly half of the magnitude of the return 

reported in Table 3. This is in line with the gradual information diffusion hypothesis: 

although a good amount of new information gets incorporated in stock prices during 

the first week, information continues to flow during the remaining three weeks of the 

month. In other words, stale prices or other microstructure issues are unlikely to 

explain this phenomenon. 

Panel B of Table 7, on the other hand, decomposes the monthly returns into 

weekly returns. Consistent with what Panel A reveals, the slow dissipation of 

information spreads across the entire month with declining strength. The rival 

momentum profit decays from the initial 0.84% per week, to 0.52% during the second 

week, and to 0.21% and 0.17% in the third and fourth weeks. Although weeks 3 and 4 

do not test significantly on their own, the combination of week 2 through week 4 is 

statistically significant. 
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2.4.2 Alternative Definitions of Rivals 

Given the large dispersion in the number of rivals in the cross section, a 

natural question is whether the rival momentum effect arises from purely mechanical 

reasons. The argument is as follows: for firms with a large number of rivals, the 

average past rival return constitutes a more precise measure of industry shocks, 

because the idiosyncratic components in the rival stock returns cancel out. In contrast, 

for firms with only a handful of rivals, the average past rival return is a noisier proxy 

of industry news. This difference could generate a lead-lag type of effect simply 

because the signal for one group of stocks is “purer” than that for another group.  

 

[Insert Table 8 Here.] 

 

To address this concern, I use the third definition to identify rivals: firms with 

the top 10 highest similarity scores. For firms with fewer than 10 rivals, I keep them 

all.  This constrains the size of the rival set to be at most 10 for each focal firm and 

therefore alleviates the concern of measurement error. As shown in Panel A of Table 

8, after the modification the rival momentum weakens only slightly from 1.79% to 

1.61% per month. The statistical significance measured using the t-statistic actually 

increases slightly from 3.96 to 4.26. Panel B of Table 8 reports that narrowing the set 

of rivals further down to firms with the top 5 highest similarity scores reduces the 

rival momentum from 1.79% to 1.45% per month.  

The modest decline in rival momentum returns moving from all rivals to 

closest rivals suggests that a large portion of information can be gleaned from the 

subset of most similar rivals. To the best of my knowledge, this dissertation is the first 

to document this finding. 

2.4.3 Nonsynchronous Trading 

Following Scholes and Williams (1977) and Dimson (1979) to account for 

bias due to nonsynchronous trading of small stocks, I re-estimate market beta (“Mktrf 

Beta”) by regressing daily firm returns on daily current, lead, and lagged market 

returns over the previous month and summing the three coefficients. Thin trading 
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causes a downward bias in the beta estimate because the delayed response to market 

movement cannot be reflected in the concurrent stock price changes. As shown in 

Table 9, replacing the standard market beta estimate with the Dimson beta produces 

only a negligible difference in both the coefficient on market beta itself, but also on 

other variables.  

 

[Insert Table 9 Here.] 

2.5. CONCLUSION 

This chapter explores the question whether information regarding one firm’s 

future stock returns can be gleaned from the past performance of the stocks of the 

firm’s rivals. The empirical evidence reveals a pronounced albeit short-lived 

predictability between rivals on the product market: a long-short portfolio that is long 

in the quintile of stocks with the highest prior rival returns and short in the quintile of 

stocks with the lowest prior rival returns yields an average monthly return of 1.79%. 

This anomaly cannot be explained by risks or characteristics, nor is it driven by 

micro-cap or illiquid stocks. In addition, rival momentum exhibits a size effect, and its 

magnitude is positively related to the extent of investor inattention and limits to 

arbitrage, as measured by analyst coverage, idiosyncratic volatility, the Amihud 

illiquidity measure, institutional ownership, and stock price. The collective evidence 

suggests that information flow is more likely to be gradual among small firms.    
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Chapter 3 

Product Market Competitiveness and Rival Momentum 

 

This chapter delves deeper into rival momentum by looking at whether it 

varies by the degree of competitiveness a firm faces on the product market. I consider 

two opposing forces at play: the competition effect and the contagion effect. The 

former refers to the fact that one firm benefits from another’s compromised 

competition position, whereas the latter refers to the fact that they are susceptible to 

systemwide shocks that spread in the industry. I discuss three empirically testable 

hypotheses motivated by prior studies, and empirically test them with a few proxies 

for product market competitiveness: the Herfindahl-Hirschman Index of the industry, 

the number of rivals a firm has, the average similarity score of product and services 

with a firm’s rivals, and the mean and dispersion of rival firm age. The Fama-

MacBeth regressions reveal that in less concentrated industries, the contagion effect 

dominates, leading to a stronger rival momentum phenomenon. 

3.1 HYPOTHESIS DEVELOPMENT 

News about rivals contains valuable information for the investors of a firm. 

The news could be either systematic, foreshadowing upcoming changes that will 

touch the industry and even the entire economy, or idiosyncratic, pertaining only to 

the firm in question and affecting other firms indirectly in the sense of “your loss is 

my win”, or a mixture of both. The former is often referred to as the “contagion 

effect” and the latter as the “competition effect”. What is more, even in the case of 

industry-wide news which will affect all the firms in the industry in the same 

direction, some firms might stand to gain disproportionally more than others, resulting 

in a redistribution of market power. 

Previous studies have investigated this issue and found mixed results. Since 

Foster (1981), a growing body of literature has been looking at how firms’ stock 

prices react to the news release of their industry rival firms, such news covering a 

variety of corporate events such as earnings announcements, mergers and 
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acquisitions, dividend policy revisions, etc. Most studies document a net contagion 

effect: stock prices of rival firms subsequently move in the same direction as the 

announcing firm (Akhigbe et al. (1997), Tawatnuntachai and D'Mello (2002)). Other 

studies find a mixed effect of contagion and competition. For instance, Lang and Stulz 

(1992) find that despite a negative stock price reaction in most industries following a 

bankruptcy announcement, firms in oligopolistic industries respond positively, 

implying that the relative strength of contagion and competitive effects varies across 

industries. Laux et al. (1998) show that upon dividend announcements, diverse 

responses on the part of rival firms are detected even within the same industry: firms 

that are not affected by the shift in competitive landscape respond in the same 

direction, whereas other firms respond weakly in the opposite direction.  

In this chapter, I link the strength of industry momentum to the competition 

structure within industries. Without knowing the nature of the underlying corporate 

news that drives stock price movements, I investigate whether the product market 

competitiveness affects how a firm’s stock price changes following rivals’ stock 

performance in the recent past. Specifically, I ask the following questions: Do the 

direction and magnitude of the focal firm’s stock price changes differ between a 

competitive industry and a concentrated one? Which effect of the two, contagion and 

competition, dominates and when? I formulate the following three hypotheses. 

 

Hypothesis 1: The more competitive the industry is, the more important the 

contagion effect. In the extreme case of a perfectly competitive industry, all firms are 

infinitesimal, and the competition effect is non-existent. 

Product market competitiveness has a role to play here because it defines the 

relative importance between firms. Assuming two industries, one highly concentrated 

(think AT&T versus Verizon Wireless) and one highly competitive (think 

restaurants), other things being equal, the same piece of news regarding one firm will 

have disparate effects on other firms in the two industries.  

 

Hypothesis 2: The more similar two firms’ products and services are, the 

more important the contagion effect becomes. 

http://www.ibisworld.com/industry/default.aspx?indid=1267
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Compare two firms A and B, that are both affected by the news to a third firm 

C. Assume that firm A has a higher overlap in terms of product mix with firm C. 

Other things being equal, compared to firm B, firm A is more likely to respond in 

same way. That is, there is a larger portion of “transferrable” stock price adjustment 

between firm A and firm C.  

 

Hypothesis 3: The more dynamic an industry is, the weaker the contagion 

effect becomes. 

By dynamic industries I refer to industries that are experiencing rapid changes 

and have a continual flow of incoming and exiting firms, and as a result, tend to be 

subject to reshuffling of market power among firms. Newcomers and incumbent are 

in different phases of lifecycle and likely have diverse responses to industry news. 

3.2 MEASURES OF PRODUCT MARKET COMPETITIVENESS 

I capture the degree of product market competitiveness by the following 

metrics: (1) the Herfindahl-Hirschman Index (HHI), defined as the sum of squared 

market share by total sales, (2) the number of rivals a firm has, (3) the average 

similarity score between the focal firm and its rivals, and (4) the dispersion of firm 

age amongst all the rivals. Note that given that each firm has a distinct set of rivals, all 

the measures are firm-specific. The first two measures are commonly used to measure 

a firm’s market power. The average similarity score is a proxy for the extent to which 

two firms are viewed by customers as interchangeable. The average firm age reflects 

how young the industry is: emerging industries tend to be quickly evolving. The 

dispersion of firm age, on the other hand, indicates how heterogeneous the firms are. 

3.3 EMPIRICAL RESULTS 

3.3.1 Rival Momentum and Industry Concentration 

I first investigate how industry concentration affects the strength of rival 

momentum by portfolio analysis. Specifically, at the beginning of each month, I 

independently sort all the stocks into 5 by 5 subgroups, by the average past rival 
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return and the Herfindahl-Hirschman index based on revenue at the most recent fiscal 

year-end. I then compute the return to the equal-weighted rival momentum strategy in 

the following month.  

Panel A of Table 10 reports the equal-weighted portfolio returns in each 

subgroup, and the right-most column “5-1” is the return of the rival momentum 

strategy within each HHI quintile. P1 includes industries with the lowest HHI quintile, 

i.e., the most competitive industries, and P5 includes industries with the highest HHI, 

i.e., the most concentrated industries. Two conclusions can be drawn here. First, the 

rival momentum effect manifests across all HHI quintiles. Second, the magnitude of 

the rival momentum returns decreases monotonically from the most to the least 

competitive industries. 

Panel B of Table 10 answers the same question with Fama-MacBeth 

regressions (see equation below) of monthly stock return on average past rival return, 

the Herfindahl-Hirschman index based on sales at the most recent fiscal year-end, and 

the interaction term. The usual control variables are included as well. Although HHI 

by itself has no explanatory power, the coefficient on the interaction term is -0.164 (t 

= -5.45), statistically significant at the 1% level. That is, a one-standard-deviation 

increase from the mean in the Herfindahl-Hirschman index (mean = 0.24, std. dev. = 

0.26) is associated with a significant decrease in the slope on past rival return, from 

0.123 to 0.080. Other things being equal, higher industry concentration reduces the 

return predictability based on average past rival return. This aligns well with the result 

in Panel A that rival momentum is weaker among highly concentrated industries.  

 

𝑅𝑖,𝑡  =  𝛼 + 𝛽1𝐸𝑊𝑅𝑅𝑒𝑡𝑖,𝑡−1 + 𝛽2𝐻𝐻𝐼_𝑆𝑎𝑙𝑒𝑠𝑖,𝑡−1

+ 𝛽3𝐸𝑊𝑅𝑅𝑒𝑡𝑖,𝑡−1 × 𝐻𝐻𝐼_𝑆𝑎𝑙𝑒𝑠𝑖,𝑡−1 +  𝐶𝑡𝑟𝑙𝑠𝑖,𝑡−1 

 

[Insert Table 10 Here.] 

3.3.2 Size Asymmetry Revisited 

Chapter 2 discusses a size effect in rival momentum: the return to the rival 

momentum strategy is much larger among small-cap stocks. I revisit this pattern by 



 31 

looking at whether the extent to which rival momentum varies by industry 

concentration is a function of firm size as well. To do so, I conduct a triple sort – all 

the stocks are first split into two subsamples by size measured at the beginning of the 

month, and then within each size subsample, the stocks are sorted independently by 

average past rival return and the Herfindahl-Hirschman Index.  

The results are summarized in Table 11. Panel A reports the rival momentum 

return among firms with above-median size, and Panel B reports that among firms 

that are below median size. Put together, the two panel reveals two patterns: (1) the 

rival momentum return is larger in the below-median size subsample, and this is true 

across all HHI quintiles. (2) The spread in rival momentum return between the most 

competitive and the most concentrated industries is larger among small firms 

compared to the large firm subsample.  

 

[Insert Table 11 Here.] 

3.3.3 Other Proxies of Industry Concentration 

Aside from the Herfindahl-Hirschman Index, I also test the relationship 

between industry concentration and rival momentum with two other proxies: the 

average similarity score between one firm and its rivals, and the mean and standard 

deviation of firm age in the industry. Table 12 reports the Fama-MacBeth regressions 

with the first proxy. The coefficient estimate on the interaction term is 1.283 (t = 

3.58), statistically significant at the 1% level. Other things being equal, if a firm’s 

products and services more closely resemble those offered by its rivals, the rival 

momentum is much stronger.  

 

[Insert Table 12 Here.] 

 

The mean and standard deviation of the age of a firm’s rivals captures the 

industry dynamics and arguably can serve as a proxy for industry competitiveness. A 

key defining feature of competitive industries is low entry barriers, leading to a 
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constant influx of new firms and a potentially low average and high dispersion in 

terms of firm age, compared to other industries. 

Table 13 reports the Fama-MacBeth regressions with two age-based proxies. 

All four specifications include standard deviation of rival age, average past rival 

return, and their interaction with past rival return. Specification 1 is expressed in the 

equation below, where I add two additional control variables - the Herfindahl index 

by sales and its interaction with past rival return. I also include the proportion of IPOs 

among rivals in the recent one, three, or five years and its interaction with past rival 

return in specifications 2 to 4, respectively.  

 

𝑅𝑖,𝑡  =  𝛼 + 𝛽1𝐸𝑊𝑅𝑅𝑒𝑡𝑖,𝑡−1 + 𝛽2𝑠𝑡𝑑𝐴𝑔𝑒𝑖,𝑡−1 + 𝛽3𝐸𝑊𝑅𝑅𝑒𝑡𝑖,𝑡−1 × 𝑠𝑡𝑑𝐴𝑔𝑒𝑖,𝑡−1

+ 𝛽4𝑚𝑒𝑎𝑛𝐴𝑔𝑒𝑖,𝑡−1 + 𝛽5𝐸𝑊𝑅𝑅𝑒𝑡𝑖,𝑡−1 × 𝑚𝑒𝑎𝑛𝐴𝑔𝑒𝑖,𝑡−1

+   𝛽6𝐻𝐻𝐼_𝑆𝑎𝑙𝑒𝑠𝑖,𝑡−1  +  𝛽7𝐸𝑊𝑅𝑅𝑒𝑡𝑖,𝑡−1 × 𝐻𝐻𝐼_𝑆𝑎𝑙𝑒𝑠𝑖,𝑡−1  

+  𝐶𝑡𝑟𝑙𝑠𝑖,𝑡−1 

 

The coefficients in Table 13 indicate that a high standard deviation of age of 

rivals is associated with stronger rival momentum, whereas a high mean of age of 

rivals is associated with weaker rival momentum. However, the interaction effects 

with age and standard deviation of age become mostly insignificant after including the 

interaction with HHI. Thus, it seems that firm age does not have much explanatory 

power once controlling for industry concentration. 

 

[Insert Table 13 Here.] 

3.4 THE TIME SERIES OF RIVAL MOMENTUM 

3.4.1 Rival Momentum over Sub-Periods 

Multiple recent studies (see Grullon et al. (2018), and Akcigit and Ates 

(2019)) have pointed out a secular trend in the U.S. economy over the past few 

decades, where most industries are becoming more concentrated and top firms in each 

industry are amassing large market power. Indeed, the number of publicly listed firms 

on main stock exchanges has reached its highest level in year 1996 and declined 
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steadily ever since. Given the evidence that the product market competitiveness has a 

strong effect on rival momentum, it would be interesting to see how the magnitude of 

rival momentum return varies over time. 

 

[Insert Table 14 Here.] 

 

In Table 14, the entire sample is split into five sub-periods, each with a length 

of four years. Except for years from 2001 to 2004, magnitude of rival momentum 

return exhibits a declining trend. In the earliest subperiod from 1997 to 2000, the 

monthly equal-weighted rival momentum portfolio return is 4.43%. In contrast, the 

strategy delivers a monthly return of only 1.65% during the third sub-period from 

2005 to 2008, 0.95% during the fourth sub-period from 2009 to 2012, and 0.72% 

during the last sub-period from 2013 to 2016. Admittedly, this is not direct evidence 

of high concentration leading to low rival momentum return, it is nevertheless 

consistent with that pattern. 

3.4.2 Rival Momentum over Business Cycles 

A few papers, such as Kacperczyk et al. (2016), have argued that during 

recession times aggregate shocks makes up a large fraction information contained in 

the stock returns. Following Sialm, Starks, and Zhang (2015), I use four indices to 

represent the level of economic activities and the overall market conditions: (1) 

NBER recession indicators, (2) the Chicago Federal Reserve National Activity Index 

(CFNAI), (3) the University of Michigan Consumer Sentiment Index (UMSI), and (4) 

the CBOE Implied Volatility Index (VIX). High values of NBER and VIX, and low 

values of UMSI and CFNAI correspond to economic downturns. All the proxies 

except the NBER recession indicators are standardized (Z-score) to make the 

coefficients easier to interpret.  

I run panel regressions with clustered standard errors by time. The results are 

shown in Table 15. Across all the proxies, the sign of the coefficient on the interaction 

term is in line with the prior: the coefficients on the interaction terms rival past return 

by CFNAI and rival past return by UMSI are negative, and the coefficients on the 
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interaction terms rival past return by NBER and rival past return by VIX are positive. 

However, none of the coefficient is statistically significant, possibly to due to low 

statistical power. Over the entire sample period from 1997 to 2016, there are only two 

recessions – the Dotcom bubble burst and the 2008 financial crisis.  

 

[Insert Table 15 Here.] 

 

In addition, it should be noted here that the regression with NBER Recession 

indicators has a look-ahead bias because the National Bureau of Economic Research 

could be late to recognize a peak or a trough by a lag of 12 months, so it should be 

interpreted with caution because it cannot be used in an investable strategy. 

3.5 CONCLUSION 

This chapters tackles the question of whether the product market competition 

affects the strength of rival momentum. How one firm’s stock price reacts to news at 

rival firms depends on two factors: the nature of the shocks (industry-wide or firm-

specific) and the tension between firms (how closely are they competing for market 

share). Unconditionally the contagion effect dominates; the stock price moves in the 

same direction for rival firms. Conditional on industry competitiveness, as proxied by 

the HHI, the number of rivals, the average similarity score and the dispersion of firm 

age, I find that the more concentrated an industry is, the stronger the competition 

effect and consequently the weaker the rival momentum. 
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Figure 1: Coverage of TNIC3 relative to CRSP Over Time 

This figure plots the percentage of number of firms and total market cap included in 

the sample relative to the CRSP universe, from year 1997 to 2016.  
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Table 1: Summary Statistics 

This table shows the summary statistics. The text-based product market rival dataset covers 

fiscal year 1996 to 2015. Panel A and Panel B report the sample summary as of December of 

each year. Size is the month-end market value of equity. Book-to-market is the fiscal yearend 

book value of common equity divided by the calendar yearend market value of equity. Panel 

C reports the firm characteristics across quintiles sorted on the equal-weighted average of all 

rivals’ last month returns: EWRRet (-1, 0). Time-series averages of the cross-sectional mean 

are reported. MKTRF_Beta, SMB_Beta and HML_Beta are estimated using Fama-French 3-

factor model on last month daily returns. ME is the firm’s market capitalization at the end of 

last June. Ret (-1, 0) is the stock return in the prior month. Ret (-7, -2) is the cumulative stock 

return from the prior 2nd through 7th month. Stock price is at the end of last month. 

Illiquidity is the monthly illiquidity measure calculated following Amihud (2002) and 

measured at month t-1. Institutional Ownership is the percentage of common stocks owned by 

institutions in the previous quarter. Analyst Coverage is the number of analysts following the 

firm in the previous month. Analyst Dispersion is the standard deviation of analyst forecasts 

in the previous month scaled by the prior year-end stock price. Market Share (%) is the time-

series average of portfolio market value relative to total market value at the end of last month. 
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Panel A: Time Series (Annual Observations, 1997-2015) 

Panel B:  Firms (Pooled Firm-Year Observations) 

Panel C:  Firm Characteristics across Rivals’ Last Month Return Quintiles 

  Mean SD Min Q1 Median Q3 Max 

Number of firms in the sample per year  3703 551 2354 3336 3734 3981 4758 

(%) number of firms included / CRSP universe 50 5 33 48 51 53 56 

(%) market cap of firms included / CRSP universe 75 4 59 74 75 76 80 

 Mean SD Min Q1 Median Q3 Max 

Firm size percentile 0.59 0.27 0.01 0.37 0.62 0.82 1.00 

Firm book-to-market percentile  0.46 0.27 0.01 0.23 0.46 0.69 1.00 

Number of rivals per firm 146.41 199.76 1 11 52 198 969 

 Q1 Q2 Q3 Q4 Q5 

EWRRet (-1, 0)  -0.070 -0.021 0.007 0.038 0.103 

Mktrf_Beta 0.902 0.790 0.774 0.783 0.865 

SMB_Beta 0.734 0.604 0.556 0.605 0.731 

HML_Beta 0.202 0.187 0.235 0.208 0.294 

LnME 5.566 5.619 5.701 5.668 5.597 

LnBM -0.779 -0.686 -0.662 -0.685 -0.748 

Ret (-1, 0) -0.038 -0.013 0.008 0.031 0.067 

Ret (-7, -2) 0.052 0.057 0.056 0.070 0.096 

Stock Price 19.116 21.262 22.659 21.980 21.655 

Illiquidity 5.123 4.402 5.129 4.935 4.944 

Institutional Ownership 0.439 0.429 0.452 0.449 0.449 

Analyst Coverage 6.628 6.523 6.806 6.806 6.704 

Analyst Dispersion 4.625 3.414 3.271 3.167 4.657 

Market Share (%)  0.176 0.198 0.213 0.213 0.201 
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Table 2: Correlation Between Firm Characteristics and Industry Concentration Measures 

This table reports the time-series average of both Pearson and Spearman correlations among listed variables over all Decembers. The Pearson 

correlations are shown above the diagonal with Spearman correlations below the diagonal. ME is the firm’s market capitalization at the end of last 

June. BM is the fiscal yearend book value of common equity divided by the calendar yearend market value of equity. Size is the total market cap at 

the beginning of the month. HHI_Assets and HHI_Sales are the Herfindahl-Hirschman Index by total assets and sales respectively, at the end of the 

most recent fiscal year end. nRival is the number of rivals. EWScore and VWScore are the equal-weighted and value-weighted average similarity 

score between one firm and its rivals. AssetsRank and SalesRank are the percentile rank of one firm among its rivals in term of total assets and sales 

respectively. 
 

 

  LnME LnBM size HHI_Assets HHI_Sales nRival EWScore VWScore AssetsRank SalesRank 

                      

N 3626 3623 3745 3746 3744 3748 3748 3746 3745 3701 

MEAN 6.20 -0.70 3,965.48 0.25 0.24 145.02 0.04 0.04 0.51 0.52 

STD 1.89 0.89 16,963.34 0.26 0.26 194.95 0.04 0.04 0.25 0.25 

                      

LnME 1.00 -0.27 0.47 -0.09 -0.10 -0.09 -0.08 0.07 0.72 0.69 

LnBM -0.31 1.00 -0.10 -0.04 -0.04 0.09 0.09 0.07 -0.02 -0.06 

size 0.98 -0.29 1.00 -0.01 -0.01 -0.02 -0.02 0.06 0.28 0.28 

HHI_Assets -0.07 -0.09 -0.07 1.00 0.96 -0.46 -0.20 -0.15 -0.09 -0.09 

HHI_Sales -0.08 -0.12 -0.08 0.93 1.00 -0.46 -0.20 -0.15 -0.10 -0.10 

nRival -0.01 0.04 -0.01 -0.79 -0.81 1.00 0.56 0.35 0.11 0.07 

EWScore 0.00 0.12 0.01 -0.51 -0.54 0.60 1.00 0.82 0.05 0.00 

VWScore 0.10 0.11 0.11 -0.52 -0.52 0.53 0.84 1.00 0.14 0.10 

AssetsRank 0.71 -0.06 0.70 -0.10 -0.12 0.14 0.12 0.21 1.00 0.89 

SalesRank 0.69 -0.10 0.68 -0.09 -0.10 0.13 0.07 0.16 0.89 1.00 
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Table 3: Rival Momentum Strategy 

This table reports the calendar time abnormal returns. At the beginning of each month, all stocks are sorted into quintiles based on the equal-weighted 

average of all rivals’ last month returns: EWRRet (-1, 0). Panel A reports the results for the equal-weighted and Panel B reports the value-weighted 

portfolio returns. Average return is measured in monthly percentage terms. CAPM alphas, FF-3 alphas and Carhart-4 alphas are calculated using 

CAPM, Fama-French 3-factor model and Carhart (1997) 4-factor model, respectively. Characteristics-adjusted returns are calculated using DGTW 

(1997) benchmarks. The portfolio formation period is from January 1997 to December 2016. To adjust for serial correlation, robust Newey-West 

(1987) t-statistics are reported in brackets. The symbols *, **, *** denote significance at the 10%, 5% and 1% levels, respectively. 
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Monthly Portfolio Returns Sorted on Equal-Weighted All Rivals' Last Month Returns 

  Q1 Low 2 3 4 Q5 High (5-1) 

  Panel A. Equal-Weighted Portfolio Returns (%) 

Raw returns 0.16 0.60 1.05 1.36 1.95 1.79*** 

  (0.32) (1.42) (2.72) (3.38) (3.63) (3.96) 

CAPM Alpha -0.77 -0.20 0.29 0.62 1.12 1.89*** 

  (-2.88) (-0.86) (1.32) (2.70) (3.12) (4.23) 

FF-3 Alpha -0.91 -0.37 0.11 0.45 0.96 1.86*** 

  (-4.04) (-2.10) (0.84) (2.88) (3.57) (4.32) 

Carhart-4 Alpha -0.72 -0.25 0.20 0.53 1.06 1.78*** 

  (-3.48) (-1.57) (1.50) (3.40) (4.11) (4.43) 

FF-5 Alpha -0.77 -0.32 0.10 0.46 1.14 1.91*** 

  (-2.97) (-1.57) (0.72) (2.89) (3.77) (3.79) 

DGTW Alpha -0.74 -0.34 -0.00 0.21 0.66 1.39*** 

  (-4.86) (-2.75) (-0.03) (2.22) (2.78) (3.97) 

  Panel B. Value-Weighted Portfolio Returns (%) 

Raw returns 0.53 0.88 0.77 0.82 0.83 0.29 

  (1.31) (2.66) (2.60) (2.71) (2.22) (0.87) 

CAPM Alpha -0.33 0.13 0.08 0.12 0.08 0.41 

  (-1.70) (1.04) (0.81) (0.92) (0.42) (1.20) 

FF-3 Alpha -0.32 0.14 0.04 0.09 0.08 0.40 

  (-1.64) (1.17) (0.47) (0.78) (0.48) (1.23) 

Carhart-4 Alpha -0.26 0.17 0.06 0.08 0.05 0.31 

  (-1.29) (1.51) (0.69) (0.69) (0.31) (0.97) 

FF-5 Alpha -0.23 0.11 -0.04 0.06 0.08 0.31 

  (-1.11) (0.82) (-0.45) (0.42) (0.41) (0.84) 

DGTW Alpha -0.12 0.13 -0.06 -0.03 0.02 0.14 

  (-0.97) (1.47) (-0.90) (-0.35) (0.19) (0.69) 
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Table 4: Size Effect in Rival Momentum Strategy 

This table reports the calendar time abnormal returns of double sorted portfolios, both equal-weighted and value-weighted. Average return is 

measured in monthly percentage terms. Each month, stocks are first sorted on their last June’s market value (ME) into quintiles and then sorted within 

each ME quintile into quintiles based on its rival’s last month returns. The portfolio formation period is from January 1997 to December 2016 and 

return data up to December 2016 are used. To adjust for serial correlation, robust Newey-West (1987) t-statistics are reported in brackets. The 

symbols *, **, *** denote significance at the 10%, 5% and 1% levels, respectively. 
 

  Q1 Low Q3 Q5 High (5-1)   Q1 Low Q3 Q5 High (5-1) 

Size EW Portfolio Returns (%)   VW Portfolio Returns (%) 

P1 Small 0.15 1.20 2.86 2.71***   -0.22 1.10 2.72 2.94*** 

  (0.29) (2.59) (4.34) (6.02)   (-0.40) (2.30) (4.24) (5.93) 

P2 -0.11 1.00 2.16 2.27***   -0.10 1.00 2.04 2.14*** 

  (-0.21) (2.43) (3.68) (4.77)   (-0.19) (2.52) (3.50) (4.25) 

P3 -0.10 1.11 1.85 1.95***   -0.06 1.03 1.71 1.77*** 

  (-0.19) (2.76) (3.55) (3.95)   (-0.13) (2.65) (3.28) (3.34) 

P4 0.33 0.98 1.34 1.01**   0.21 0.92 1.24 1.03** 

  (0.67) (2.57) (2.79) (2.17)   (0.45) (2.56) (2.66) (2.26) 

P5 Large 0.49 0.99 1.05 0.55   0.59 0.76 0.74 0.15 

  (1.06) (2.87) (2.49) (1.37)   (1.46) (2.57) (2.00) (0.43) 
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Table 5: Rival Momentum and Relative Firm Size by Sales 

This table reports the monthly Fama-MacBeth regressions results of stock returns. The 

dependent variable is monthly stock return. EWRRet (-1, 0) is the equal-weighted last month 

return of all rivals. SalesRank is the percentile rank of the focal firm's sales at the most recent 

fiscal year end relative to those of its rival firms. Control variables include the following. 

MKTRF_Beta, SMB_Beta and HML_Beta are estimated using Fama-French 3-factor model 

on last month daily returns. ME is the firm’s market capitalization at the end of last June. BM 

is the fiscal yearend book value of common equity divided by the calendar yearend market 

value of equity. Ret (-1, 0) is the stock return in the prior month. Ret (-7, -2) is the cumulative 

stock return from the prior 2nd through 7th month. Ret (-36, -13) is the cumulative stock return 

from the prior 36th through 13th month. All independent variables are winsorized each month 

at 0.5% level. The testing period is from January 1997 to December 2016. To adjust for serial 

correlation, robust Newey-West (1987) t-statistics are reported in brackets. The symbols *, 

**, *** denote significance at the 10%, 5% and 1% levels, respectively. 

 

Variables Baseline (1) (2) (3) (4) 

Intercept 0.012** 0.012** 0.013** 0.015** 0.013** 

  (2.23) (2.43) (2.41) (2.46) (2.54) 

SalesRank   0.010*** 0.007 0.007*** 0.005 

    (3.40) (1.53) (2.97) (1.14) 

EWRRET (-1,0) 

0.100**

* 0.163***     0.152*** 

  (8.03) (9.68)     (10.71) 

EWRRET (-1,0)   × SalesRank   -0.130***     -0.117*** 

    (-6.15)     (-5.77) 

EWRRET (-7,-2)     0.048***   0.044*** 

      (6.18)   (6.83) 

EWRRET (-7,-2)   × SalesRank     -0.057***   -0.057*** 

      (-4.93)   (-5.10) 

EWRRET (-36,-13)       -0.007*** -0.004** 

        (-3.17) (-2.46) 

EWRRET (-36,-13)   × 

SalesRank       0.005* 0.003 

        (1.72) (0.91) 

Controls YES YES YES YES YES 

Adjusted R2 0.059 0.061 0.061 0.060 0.068 
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Table 6: Rival Momentum and the Limits to Arbitrage 

This table reports the interactions between rivals’ past return and the arbitrage cost measures. Each month, stocks are independently sorted on 

EWRRet (-1, 0) into quintiles, and sorted on each arbitrage cost measure into quintiles. Equal-weighted (5-1) spread (%) are reported for each arbitrage 

cost quintile. Panel B reports the results of Fama-MacBeth regressions by including the interaction terms of EWRRet (-1, 0) and arbitrage cost 

measures. Analyst Coverage is the number of analysts following the firm in the previous month. Idiosyncratic volatility is the standard deviation of 

the residuals of the Fama-French 3-factors model estimated using the daily stock returns over the previous month.  Illiquidity is the monthly 

illiquidity measure calculated following Amihud (2002) and measured at month t-1. Institutional Ownership is the percentage of common stocks 

owned by institutions in the previous quarter. Price is the closing price at the end of month t-1. The sorting order is reversed for analyst coverage, 

institutional ownership, and stock price so that across all five proxies, a high value is associated with higher arbitrage cost. Equal-weighted average 

returns are reported. The return testing period is from January 1997 to December 2016. To adjust for serial correlation, robust Newey-West (1987) t-

statistics are reported in brackets. The symbols *, **, *** denote significance at the 10%, 5% and 1% levels, respectively. 

 

  

Analyst 

Coverage  

(-) 

Idiosyncratic 

Volatility 

(+) 

Amihud 

Measure 

(+) 

Institutional 

Ownership 

(-) 

Stock 

Price 

(-) 

G1 - Low 0.67 0.83*** 0.67 0.57 0.71 

  (1.48) (4.24) (1.43) (1.43) (1.63) 

G2 1.13** 0.98*** 1.19** 1.12** 1.05** 

  (2.38) (3.81) (2.26) (2.41) (2.38) 

G3 1.78*** 1.44*** 1.96*** 1.81*** 1.59*** 

  (3.87) (3.85) (3.69) (3.41) (3.40) 

G4 2.04*** 1.67*** 2.76*** 2.75*** 1.68*** 

  (4.47) (3.76) (5.73) (5.64) (3.85) 

G5 - High 2.82*** 2.44*** 2.59*** 2.60*** 3.15*** 

  (4.87) (4.78) (5.64) (5.30) (5.69) 

G5 - G1 2.15*** 1.61*** 1.92*** 2.03*** 2.44*** 

  (5.09) (3.61) (5.41) (5.88) (6.78) 
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Table 7: Weekly Returns to Rival Momentum Strategy 

This table reports the calendar time abnormal returns. At the beginning of each month, all stocks are sorted into quintiles based on the equal-weighted 

average of all rivals’ last month returns: EWRRet (-1, 0). Panel A reports the returns of the equal-weighted portfolios formed after a one-week gap. 

Panel B reports the returns of the equal-weighted portfolios during each week of the month. Average return is measured in monthly percentage terms. 

CAPM alphas, FF-3 alphas and Carhart-4 alphas are calculated using CAPM, Fama-French 3-factor model and Carhart (1997) 4-factor model, 

respectively. Characteristics-adjusted returns are calculated using DGTW (1997) benchmarks. The portfolio formation period is from January 1997 to 

December 2016 and return data up to December 2016 are used. To adjust for serial correlation, robust Newey-West (1987) t-statistics are reported in 

brackets. The symbols *, **, *** denote significance at the 10%, 5% and 1% levels, respectively. 
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Panel A. Monthly Portfolio Returns with First Week Skipped Sorted on Equal-Weighted All Rivals' Last Month Returns 

  Q1 Low 2 3 4 Q5 High (5-1) 

  Equal-Weighted Portfolio Returns (%) 

Raw returns 0.39 0.65 0.89 1.00 1.32 0.93*** 

  (1.05) (2.05) (3.22) (3.45) (3.41) (2.87) 

CAPM Alpha -0.37 -0.02 0.25 0.39 0.63 1.00*** 

  (-1.25) (-0.07) (1.27) (1.96) (2.24) (3.06) 

FF-3 Alpha -0.44 -0.13 0.13 0.26 0.51 0.94*** 

  (-1.52) (-0.54) (0.74) (1.54) (2.14) (2.92) 

Carhart-4 Alpha -0.21 0.03 0.23 0.36 0.63 0.84*** 

  (-0.73) (0.14) (1.40) (2.15) (2.64) (2.60) 

  Value-Weighted Portfolio Returns (%) 

Raw returns 0.38 0.68 0.47 0.43 0.42 0.04 

  (1.22) (2.99) (2.16) (2.08) (1.65) (0.15) 

 

 

 

Panel B. Weekly Portfolio Returns Sorted on Equal-Weighted All Rivals' Last Month Returns 

  Q1 Low 2 3 4 Q5 High (5-1) 

Raw returns Equal-Weighted Portfolio Returns (%) 

Week 1 -0.17 0.01 0.22 0.43 0.68 0.84*** 

  (-0.60) (0.03) (1.10) (2.17) (2.97) (4.05) 

Week 2 -0.27 -0.06 0.04 0.16 0.25 0.52** 

  (-1.03) (-0.27) (0.23) (0.91) (1.19) (2.58) 

Week 3 0.09 0.19 0.24 0.23 0.30 0.21 

  (0.37) (1.04) (1.36) (1.35) (1.52) (1.14) 

Week 4 0.25 0.21 0.32 0.34 0.42 0.17 

  (1.30) (1.32) (2.11) (2.19) (2.25) (1.24) 
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Table 8: Rival Momentum Strategy Based on Closest Rivals 

This table reports the calendar time abnormal returns. At the beginning of each month, all stocks are sorted into quintiles based on the equal-weighted 

average of last month returns of a narrower set of rival firms. Panel A reports the returns of the equal-weighted portfolios based on 10 rivals with the 

highest similarity score. Panel B reports the returns of the equal-weighted portfolios based on 5 rivals th the highest similarity score. Average return is 

measured in monthly percentage terms. CAPM alphas, FF-3 alphas and Carhart-4 alphas are calculated using CAPM, Fama-French 3-factor model 

and Carhart (1997) 4-factor model, respectively. Characteristics-adjusted returns are calculated using DGTW (1997) benchmarks. The portfolio 

formation period is from January 1997 to December 2016 and return data up to December 2016 are used. To adjust for serial correlation, robust 

Newey-West (1987) t-statistics are reported in brackets. The symbols *, **, *** denote significance at the 10%, 5% and 1% levels, respectively. 
 

Panel A. Monthly Portfolio Returns Sorted on Equal-Weighted Last Month Returns of 10 Closest Rivals 

  Q1 Low 2 3 4 Q5 High (5-1) 

  Equal-Weighted Portfolio Returns (%) 

Raw returns 0.22 0.73 1.00 1.32 1.83 1.61*** 

  (0.46) (1.80) (2.64) (3.41) (3.55) (4.26) 

CAPM Alpha -0.72 -0.07 0.26 0.58 1.00 1.72*** 

  (-2.90) (-0.32) (1.25) (2.79) (3.02) (4.63) 

FF-3 Alpha -0.84 -0.22 0.07 0.40 0.84 1.68*** 

  (-4.32) (-1.61) (0.59) (3.41) (3.62) (4.64) 

Carhart-4 Alpha -0.66 -0.11 0.17 0.50 0.94 1.60*** 

  (-3.74) (-0.89) (1.45) (4.16) (4.29) (4.81) 

DGTW Alpha -0.68 -0.25 -0.08 0.19 0.60 1.28*** 

  (-5.29) (-2.90) (-1.10) (2.79) (2.91) (4.24) 

  Value-Weighted Portfolio Returns (%) 

Raw returns 0.52 0.77 0.81 0.84 0.78 0.26 

  (1.28) (2.38) (2.80) (2.86) (2.09) (0.89) 
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Panel B. Monthly Portfolio Returns Sorted on Equal-Weighted Last Month Returns of 5 Closest Rivals 

  Q1 Low 2 3 4 Q5 High (5-1) 

  Equal-Weighted Portfolio Returns (%) 

Raw returns 0.27 0.78 1.05 1.28 1.72 1.45*** 

  (0.56) (1.92) (2.86) (3.30) (3.42) (4.35) 

CAPM Alpha -0.66 -0.02 0.31 0.53 0.89 1.54*** 

  (-2.74) (-0.10) (1.67) (2.54) (2.86) (4.73) 

FF-3 Alpha -0.78 -0.19 0.13 0.35 0.73 1.51*** 

  (-4.31) (-1.44) (1.29) (3.08) (3.53) (4.76) 

Carhart-4 Alpha -0.61 -0.07 0.22 0.44 0.84 1.44*** 

  (-3.54) (-0.63) (2.26) (3.87) (4.27) (4.83) 

DGTW Alpha -0.66 -0.2 -0.02 0.18 0.51 1.17*** 

  (-5.38) (-2.91) (-0.37) -2.57 -2.89 -4.38 

  Value-Weighted Portfolio Returns (%) 

Raw returns 0.48 0.84 0.90 0.87 0.66 0.18 

  (1.15) (2.53) (3.15) (3.03) (1.84) (0.68) 
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Table 9: Fama-MacBeth Regressions with Dimson Beta 

This table reports the monthly Fama-MacBeth regressions results of stock returns. The dependent variable is monthly stock return. EWRRet (-1, 0) is 

the equal-weighted last month return of all rivals. Control variables include the following. Dimson_Beta is the Scholes-Williams-Dimson beta 

obtained from regressing daily firm return on daily current, lead, and lagged market returns over the previous month. SMB_Beta and HML_Beta are 

estimated using Fama-French 3-factor model on last month daily returns. ME is the firm’s market capitalization at the end of last June. BM is the 

fiscal yearend book value of common equity divided by the calendar yearend market value of equity. Ret (-1, 0) is the stock return in the prior month. 

Ret (-7, -2) is the cumulative stock return from the prior 2nd through 7th month. Ret (-36, -13) is the cumulative stock return from the prior 36th through 

13th month. All independent variables are winsorized each month at 0.5% level. The testing period is from January 1997 to December 2016. To 

adjust for serial correlation, robust Newey-West (1987) t-statistics are reported in brackets. The symbols *, **, *** denote significance at the 10%, 

5% and 1% levels, respectively. 
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Variables (1) (2) (3) (4) (5) (6) (7) (8) 

Intercept 0.012** 0.011** 0.013** 0.011** 0.012** 0.012** 0.014** 0.011** 

 (2.24) (2.05) (2.31) (2.03) (2.29) (2.10) (2.35) (2.08) 

EWRRET (-1,0) 0.085***     0.080*** 0.084***     0.078*** 

 (7.55)     (8.60) (7.23)     (8.27) 

EWRRET (-7,-2)   0.017***   0.015***   0.018***   0.015*** 

   (3.61)   (3.79)   (3.73)   (3.91) 

EWRRET (-36,-13)     

-

0.004*** -0.003**     -0.004*** -0.003** 

     (-2.74) (-2.32)     (-2.68) (-2.28) 

Mktrf_Beta -0.001 -0.001 -0.001 -0.001         

 (-0.81) (-1.00) (-0.89) (-0.88)         

Dimson_Beta         -0.000 -0.000 -0.000 -0.000 

          (-0.63) (-0.76) (-0.65) (-0.62) 

SMB_Beta -0.001 -0.001* -0.001 -0.001* -0.001 -0.001 -0.001 -0.001 

 (-1.60) (-1.72) (-1.50) (-1.75) (-1.48) (-1.55) (-1.39) (-1.62) 

HML_Beta -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 

 (-0.26) (-0.01) (-0.33) (-0.40) (-0.58) (-0.42) (-0.62) (-0.74) 

LnME -0.000 -0.000 -0.000 -0.000 -0.001 -0.001 -0.001 -0.000 

 (-0.80) (-0.78) (-0.74) (-0.67) (-0.97) (-0.95) (-0.91) (-0.84) 

LnBM 0.002** 0.002** 0.002 0.002** 0.002** 0.002** 0.002 0.002** 

 (2.11) (2.12) (1.53) (2.39) (2.14) (2.14) (1.58) (2.41) 

Ret (-1, 0) 

-

0.031*** 

-

0.026*** 

-

0.025*** 

-

0.032*** -0.031*** -0.027*** -0.026*** -0.032*** 

 (-6.26) (-5.20) (-4.91) (-6.55) (-6.38) (-5.31) (-5.01) (-6.70) 

Ret (-7, -2) -0.000 -0.001 0.000 -0.002 0.000 -0.001 0.000 -0.002 

 (-0.00) (-0.34) (0.02) (-0.45) (0.01) (-0.36) (0.04) (-0.47) 

Adjusted R2 0.056 0.056 0.055 0.062 0.054 0.054 0.053 0.060 
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Table 10: Industry Concentration and Rival Momentum 

This table reports the interactions between strength of rival momentum and industry concentration measured by the Herfindahl-Hirschman Index. 

HHI_Sales is the sum of squared market share by sales. Panel A reports the results of independent double sort. Each month, stocks are independently 

sorted on EWRRet (-1, 0) into quintiles, and sorted on HHI into quintiles. Equal-weighted (5-1) spread (%) are reported for each HHI quintile. Panel B 

reports the results of Fama-MacBeth regressions by including the interaction terms of EWRRet (-1, 0) and the Herfindahl-Hirschman Index. Equal-

weighted average returns are reported. The return testing period is from January 1997 to December 2016. To adjust for serial correlation, robust 

Newey-West (1987) t-statistics are reported in brackets. The symbols *, **, *** denote significance at the 10%, 5% and 1% levels, respectively. 
   

Panel A. Double-Sorted Portfolio Performance 

  Q1 Low Q2 Q3 Q4 Q5 High (5-1) 

HHI EW Portfolio Returns (%) 

P1 Low -0.29 0.69 1.09 1.52 2.06 2.34*** 

  (-0.51) (1.55) (2.95) (3.79) (3.43) (3.84) 

P2 0.03 0.39 1.12 1.32 2.22 2.19*** 

  (0.05) (0.90) (2.85) (3.04) (3.64) (3.47) 

P3 0.04 0.63 0.94 1.20 1.97 1.93*** 

  (0.08) (1.33) (2.12) (2.62) (3.27) (3.55) 

P4 0.15 0.76 1.10 1.32 1.89 1.74*** 

  (0.29) (1.75) (2.56) (3.08) (3.69) (4.71) 

P5 High 0.58 0.78 1.09 1.21 1.66 1.08*** 

  (1.32) (1.89) (2.88) (2.99) (3.53) (3.86) 

(High - Low) 0.87*** 0.09 0.00 -0.31 -0.39 -1.26*** 

  (3.04) (0.40) (0.02) (-1.45) (-1.29) (-2.90) 
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Panel B. Fama-MacBeth Regressions 

Variables (1) (2) (3) (4) 

Intercept 0.011** 0.010* 0.014** 0.010* 

 (2.06) (1.83) (2.34) (1.91) 

HHI_Sales 0.003 0.003 -0.002 0.002 

 (1.10) (1.36) (-0.89) (0.82) 

EWRRET (-1,0) 0.162***     0.156*** 

 (7.01)     (7.85) 

EWRRET (-1,0)   × HHI_Sales -0.164***     -0.157*** 

 (-5.45)     (-5.89) 

EWRRET (-7,-2)   0.025***   0.021*** 

   (2.85)   (3.21) 

EWRRET (-7,-2)   × HHI_Sales   -0.015   -0.011 

   (-1.35)   (-1.19) 

EWRRET (-36,-13)     -0.005* -0.004 

     (-1.68) (-1.41) 

EWRRET (-36,-13)   × HHI_Sales     0.004 0.003 

 (2.33) (2.20) (1.61) (2.69) 

Controls YES YES YES YES 

Adjusted R2 0.062 0.061 0.060 0.069 
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Table 11: Industry Concentration and Rival Momentum: Size Effect 

This table reports the interactions between rival momentum and industry concentration within size subsample. Panel A reports the results of 

independent double sort among firms below the median size at the beginning of the month and Panel B reports the results among firms above the 

median size at the beginning of the month. Equal-weighted (5-1) spread (%) are reported for each HHI quintile. Panel B reports the results of Fama-

MacBeth regressions by including the interaction terms of EWRRet (-1, 0) and HHI. Equal-weighted average returns are reported. The return testing 

period is from January 1997 to December 2016. To adjust for serial correlation, robust Newey-West (1987) t-statistics are reported in brackets. The 

symbols *, **, *** denote significance at the 10%, 5% and 1% levels, respectively. 
 

HHI Q1 Low Q2 Q3 Q4 Q5 High (5-1) 

  Panel A. Size Below Median 

P1 Low -0.76 0.43 0.99 2.01 3.05 3.79*** 

  (-1.05) (0.82) (2.42) (4.03) (3.91) (4.99) 

P2 -0.18 0.18 0.93 1.71 3.09 3.27*** 

  (-0.27) (0.39) (1.91) (3.16) (4.01) (4.67) 

P3 -0.34 0.49 0.98 1.66 2.62 2.96*** 

  (-0.58) (0.90) (1.83) (2.86) (3.61) (5.10) 

P4 0.28 0.68 1.28 1.67 2.32 2.03*** 

  (0.51) (1.40) (2.41) (3.32) (3.81) (5.28) 

P5 High 0.58 0.94 1.58 1.30 2.11 1.52*** 

  (1.18) (1.96) (3.35) (2.60) (3.70) (4.71) 

(High - Low) 1.26*** 0.50 0.60* -0.71** -0.94** -2.27*** 

  (2.91) (1.43) (1.75) (-2.25) (-2.15) (-3.66) 
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HHI Q1 Low Q2 Q3 Q4 Q5 High (5-1) 

  Panel B. Size Above Median 

P1 Low 0.04 0.97 1.11 1.23 1.49 1.45** 

  (0.07) (2.18) (3.11) (3.44) (2.78) (2.43) 

P2 0.05 0.62 1.13 1.05 1.55 1.50** 

  (0.10) (1.46) (3.12) (2.67) (2.79) (2.37) 

P3 0.32 0.69 1.02 1.03 1.43 1.11** 

  (0.62) (1.54) (2.54) (2.60) (2.75) (2.07) 

P4 0.18 0.71 0.94 0.98 1.43 1.25*** 

  (0.37) (1.68) (2.40) (2.47) (3.10) (3.12) 

P5 High 0.54 0.78 0.79 0.98 1.22 0.68** 

  (1.32) (2.00) (2.13) (2.64) (2.99) (2.45) 

(High - Low) 0.51* -0.18 -0.31 -0.25 -0.26 -0.77* 

  (1.85) (-0.88) (-1.37) (-1.15) (-0.91) (-1.84) 
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Table 12: Rival Momentum and Average Similarity Score 

This table reports the monthly Fama-MacBeth regressions results of stock returns. The dependent variable is monthly stock return. EWRRet (-1, 0) is 

the equal-weighted last month return of all rivals. EWScore is the equal-weighted average similarity score between the focal firm and each of its rival. 

MKTRF_Beta, SMB_Beta and HML_Beta are estimated using Fama-French 3-factor model on last month daily returns. ME is the firm’s market 

capitalization at the end of last June. BM is the fiscal yearend book value of common equity divided by the calendar yearend market value of equity. 

Ret (-1, 0) is the stock return in the prior month. Ret (-7, -2) is the cumulative stock return from the prior 2nd through 7th month. Ret (-36, -13) is the 

cumulative stock return from the prior 36th through 13th month. All independent variables are winsorized each month at 0.5% level. The testing 

period is from January 1997 to December 2016. To adjust for serial correlation, robust Newey-West (1987) t-statistics are reported in brackets. The 

symbols *, **, *** denote significance at the 10%, 5% and 1% levels, respectively.  
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Variables (1) (2) (3) (4) 

Intercept 0.014** 0.013** 0.013** 0.012** 

  (2.31) (2.13) (2.11) (2.12) 

EWScore -0.051* -0.037 0.014 -0.039 

  (-1.78) (-1.47) (0.51) (-1.55) 

EWRRET (-1,0) 0.059***     0.058*** 

  (6.04)     (7.20) 

EWRRET (-1,0)   × EWScore 1.283***     1.160*** 

  (3.58)     (3.62) 

EWRRET (-7,-2)   0.011**   0.011*** 

    (2.21)   (2.60) 

EWRRET (-7,-2)   × EWScore   0.326**   0.185 

    (2.32)   (1.63) 

EWRRET (-36,-13)     -0.005*** -0.004*** 

      (-3.00) (-2.72) 

EWRRET (-36,-13)   × 

EWScore 
    0.029 0.029 

      (0.50) (0.67) 

Controls YES YES YES YES 

Adjusted R2 0.063 0.062 0.061 0.070 
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Table 13: Rival Momentum and Mean and Dispersion of Firm Age 

This table reports the monthly Fama-MacBeth regressions results of stock returns. The dependent variable is monthly stock return. EWRRet (-1, 0) is 

the equal-weighted last month return of all rivals. STDAge is the standard deviation of age across a firm’s rivals. EWAge is the equal-weighted 

average of age across a firm’s rivals. IPO1y_pct, IPO3y_pct, and IPO5y_pct are the proportion of rival firms that went public in the recent 1, 3, and 5 

years respectively. MKTRF_Beta, SMB_Beta and HML_Beta are estimated using Fama-French 3-factor model on last month daily returns. ME is the 

firm’s market capitalization at the end of last June. BM is the fiscal yearend book value of common equity divided by the calendar yearend market 

value of equity. Ret (-1, 0) is the stock return in the prior month. Ret (-7, -2) is the cumulative stock return from the prior 2nd through 7th month. Ret (-36, -

13) is the cumulative stock return from the prior 36th through 13th month. All independent variables are winsorized each month at 0.5% level. The 

testing period is from January 1996 to December 2016. To adjust for serial correlation, robust Newey-West (1987) t-statistics are reported in brackets. 

The symbols *, **, *** denote significance at the 10%, 5% and 1% levels, respectively.  
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Variables (1) (2) (3) (4) 

Intercept -0.007 -0.006 0.006 -0.003 

  (-0.82) (-0.66) (0.68) (-0.26) 

EWRRET (-1,0) 0.189*** 0.183*** 0.243*** 0.107 

  (2.68) (2.60) (2.76) (1.17) 

STDAge 0.001 0.002 0.003** 0.002 

  (0.68) (1.27) (2.33) (1.18) 

EWRRET (-1,0)   × STDAge 0.040* 0.035* 0.047** 0.026 

  (1.96) (1.73) (2.23) (1.27) 

EWAge 0.004*** 0.003*** 0.001 0.003* 

  (3.19) (2.87) (0.63) (1.91) 

EWRRET (-1,0)   × EWAge -0.013 -0.011 -0.024 0.004 

  (-1.09) (-0.91) (-1.57) (0.22) 

HHI_Sales 0.003 0.003 0.003 0.003 

  (0.96) (0.96) (1.24) (1.08) 

EWRRET (-1,0)   × HHI_Sales -0.159*** -0.159*** -0.159*** -0.159*** 

  (-4.55) (-4.60) (-4.67) (-4.71) 

IPO1y_pct   -0.024     

    (-1.09)     

EWRRET (-1,0)   × IPO1y_pct   -3.151     

    (-0.93)     

IPO3y_pct     -0.018***   

      (-3.08)   

EWRRET (-1,0)   × IPO3y_pct     -0.035   

      (-0.47)   

IPO5y_pct       -0.005 

        (-1.00) 

EWRRET (-1,0)   × IPO5y_pct       0.079 

        (1.40) 

Controls YES YES YES YES 

Adjusted R2 0.067 0.068 0.068 0.068 
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Table 14: Rival Momentum over Subperiods 

This table reports the magnitude of rival momentum over subperiods. Each subperiod spans four 

years. Equal-weighted average returns are reported. To adjust for serial correlation, robust 

Newey-West (1987) t-statistics are reported in brackets. The symbols *, **, *** denote 

significance at the 10%, 5% and 1% levels, respectively. 
 

  Q1 Low 2 3 4 Q5 High (5-1) 

Sample period Equal-Weighted Portfolio Returns 

1997-2000 -1.09 -0.29 0.96 1.87 3.34 4.43** 

  (-0.84) (-0.27) (1.07) (1.92) (1.97) (2.60) 

2001-2004 1.24 1.56 1.80 2.11 2.45 1.20 

  (0.94) (1.48) (1.93) (2.36) (2.19) (1.15) 

2005-2008 -1.49 -1.09 -0.56 -0.31 0.16 1.65*** 

  (-1.30) (-1.13) (-0.62) (-0.35) (0.20) (3.00) 

2009-2012 1.45 1.43 1.72 1.99 2.40 0.95** 

  (1.39) (1.54) (1.81) (2.10) (2.09) (2.45) 

2013-2016 0.66 1.38 1.32 1.14 1.38 0.72 

  (0.93) (2.58) (2.85) (2.18) (2.12) (1.39) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 59 

Table 15: Rival Momentum over Business Cycles 

This table reports the interactions between rival momentum and business cycles. The dependent 

variable is monthly stock return. EWRRet (-1, 0) is the equal-weighted last month return of all 

rivals. Four proxies for business cycles are (1) NBER recession indicators (NBER), (2) the 

Chicago Federal Reserve National Activity Index (CFNAI), (3) the University of Michigan 

Consumer Sentiment Index (UMSI), and (4) the CBOE Implied Volatility Index (VIX). The 

symbols *, **, *** denote significance at the 10%, 5% and 1% levels, respectively. 

 

Variables NBER CFNAI UMSI VIX 

Intercept 0.018*** 0.017*** 0.017*** 0.014*** 

  2.73 2.62 2.74 2.20 

Proxy -0.011 0.006 0.000 0.003 

  -0.72 0.87 0.06 0.63 

EWRRET (-1,0) 0.128*** 0.149*** 0.170*** 0.126*** 

  2.64 3.45 3.75 2.60 

EWRRET (-1,0)  × Proxy 0.181 -0.035 -0.012 0.053 

  1.40 -0.73 -0.28 1.34 

EWRRET (-7,-2) 0.006 -0.002 0.000 0.023 

  0.35 -0.11 0.00 1.49 

EWRRET (-7,-2)  × Proxy -0.041 0.011 0.009 -0.026 

  -0.69 0.49 0.59 -1.58 

EWRRET (-36,-13) -0.004 -0.003 -0.005 -0.005 

  -0.76 -0.67 -0.84 -1.02 

EWRRET (-36,-13)  × Proxy -0.004 0.008 -0.004 0.002 

  -0.21 0.94 -0.74 0.29 

Controls YES YES YES YES 
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APPENDIX A: VARIABLE DEFINITIONS 

 
EWRRet (-1, 0) equal-weighted last month return of all rivals 

Size month-end market value of equity.  

Book-to-market the fiscal yearend book value of common equity divided by the calendar yearend market value of equity.  

MKTRF_Beta estimated using Fama-French 3-factor model on last month daily returns.  

SMB_Beta estimated using Fama-French 3-factor model on last month daily returns.  

HML_Beta estimated using Fama-French 3-factor model on last month daily returns.  

ME firm’s market capitalization at the end of last June.  

Ret (-1, 0) the stock return in the prior month.  

Ret (-7, -2) the cumulative stock return from the prior 2nd through 7th month.  

Stock price at the end of last month.  

Illiquidity monthly illiquidity measure calculated following Amihud (2002) and measured at month t-1.  

Institutional Ownership percentage of common stocks owned by institutions in the previous quarter.  

Analyst Coverage number of analysts following the firm in the previous month.  

Analyst Dispersion standard deviation of analyst forecasts in the previous month scaled by the prior year-end stock price.  

Market Share (%)  time-series average of portfolio market value relative to total market value at the end of last month 

Dimson_Beta estimated from regressing daily stock return on daily current, lead, and lagged market returns in month t-1. 

HHI_Assets Herfindahl-Hirschman Index by total assets at the end of the most recent fiscal year end.  

HHI_Sales Herfindahl-Hirschman Index by sales at the end of the most recent fiscal year end.  

nRival number of rivals.  

EWScore equal-weighted average similarity score between one firm and its rivals.  

VWScore value-weighted average similarity score between one firm and its rivals.  

AssetsRank percentile rank of one firm among its rivals in term of total assets. 

SalesRank percentile rank of one firm among its rivals in term of sales. 

STDAge standard deviation of age among a firm’s rivals. 

EWAge equal-weighted average of age among a firm's rivals. 
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APPENDIX B: ADDITIONAL TABLES 

Table B1: Rival Momentum Strategy Performance on Stocks above NYSE 10th Percentile Threshold 

This table reports Rival Momentum Strategy Performance on Stocks above NYSE 10th Percentile Threshold. At the beginning of each month, all 

stocks are sorted into quintiles based on the equal-weighted average of all rivals’ last month returns: EWRRet (-1, 0). Panel A reports the results for the 

equal-weighted and Panel B reports the value-weighted portfolio returns. Average return is measured in monthly percentage terms. CAPM alphas, 

FF-3 alphas and Carhart-4 alphas are calculated using CAPM, Fama-French 3-factor model and Carhart (1997) 4-factor model, respectively. 

Characteristics-adjusted returns are calculated using DGTW (1997) benchmarks. The portfolio formation period is from January 1997 to December 

2016 and return data up to December 2016 are used. To adjust for serial correlation, robust Newey-West (1987) t-statistics are reported in brackets. 

The symbols *, **, *** denote significance at the 10%, 5% and 1% levels, respectively. 
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Rival Momentum Strategy Performance on Stocks above NYSE 10th Percentile Threshold 

  Q1 Low 2 3 4 Q5 High (5-1) 

  Panel A. Equal-Weighted Portfolio Returns (%) 

Raw returns 0.21 0.71 1.08 1.20 1.46 1.25** 

  (0.42) (1.75) (2.99) (3.21) (2.90) (2.57) 

CAPM Alpha -0.75 -0.11 0.32 0.43 0.61 1.37*** 

  (-2.71) (-0.53) (1.67) (2.20) (1.85) (2.81) 

FF-3 Alpha -0.88 -0.27 0.16 0.28 0.47 1.36*** 

  (-3.57) (-1.63) (1.18) (2.19) (1.82) (2.88) 

Carhart-4 Alpha -0.73 -0.20 0.23 0.33 0.54 1.27*** 

  (-3.30) (-1.37) (1.86) (2.49) (2.20) (2.95) 

DGTW Alpha -0.58 -0.24 0.09 0.13 0.38 0.96*** 

  (-3.51) (-1.85) (1.05) (1.23) (1.58) (2.60) 

  Panel B. Value-Weighted Portfolio Returns (%) 

Raw returns 0.54 0.89 0.86 0.70 0.81 0.27 

  (1.31) (2.68) (2.87) (2.37) (2.10) (0.80) 

CAPM Alpha -0.33 0.14 0.18 -0.00 0.06 0.39 

  (-1.69) (1.07) (1.51) (-0.04) (0.30) (1.11) 

FF-3 Alpha -0.30 0.13 0.14 -0.00 0.06 0.36 

  (-1.52) (1.01) (1.40) (-0.02) (0.35) (1.06) 

Carhart-4 Alpha -0.25 0.13 0.15 -0.01 0.04 0.29 

  (-1.30) (1.09) (1.40) (-0.09) (0.24) (0.90) 

DGTW Alpha -0.12 0.08 0.08 -0.10 0.00 0.12 

  (-0.96) (0.88) (1.06) (-1.32) (0.01) (0.57) 
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Table B2: Rival Momentum Strategy Based on Top Sales Rivals 

This table reports the calendar time abnormal returns. At the beginning of each month, all stocks are sorted into quintiles based on the equal-weighted 

average of last month returns of the 10 rivals with largest sales: EWRRet (-1, 0). Panel A reports the results for the equal-weighted and Panel B reports 

the value-weighted portfolio returns. Average return is measured in monthly percentage terms. CAPM alphas, FF-3 alphas and Carhart-4 alphas are 

calculated using CAPM, Fama-French 3-factor model and Carhart (1997) 4-factor model, respectively. Characteristics-adjusted returns are calculated 

using DGTW (1997) benchmarks. The portfolio formation period is from January 1997 to December 2016 and return data up to December 2016 are 

used. To adjust for serial correlation, robust Newey-West (1987) t-statistics are reported in brackets. The symbols *, **, *** denote significance at 

the 10%, 5% and 1% levels, respectively. 
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Monthly Portfolio Returns Sorted on Equal-Weighted Last Month Returns of 10 Rivals with Largest Sales 

  Q1 Low 2 3 4 Q5 High (5-1) 

  Panel A. Equal-Weighted Portfolio Returns (%) 

Raw returns 0.41 0.70 1.09 1.30 1.61 1.20*** 

  (0.88) (1.67) (2.77) (3.16) (3.48) (3.80) 

CAPM Alpha -0.48 -0.10 0.34 0.51 0.78 1.26*** 

  (-1.92) (-0.46) (1.57) (2.46) (2.82) (4.02) 

FF-3 Alpha -0.64 -0.27 0.16 0.36 0.63 1.27*** 

  (-3.29) (-1.98) (1.20) (2.75) (3.39) (4.15) 

Carhart-4 Alpha -0.43 -0.16 0.25 0.45 0.72 1.15*** 

  (-2.45) (-1.26) (1.96) (3.23) (4.04) (4.10) 

DGTW Alpha -0.52 -0.32 -0.01 0.20 0.44 0.95*** 

  (-4.33) (-4.01) (-0.10) (2.13) (2.71) (3.73) 

  Panel B. Value-Weighted Portfolio Returns (%) 

Raw returns 0.66 0.63 0.82 0.79 0.80 0.13 

  (1.78) (1.87) (2.59) (2.46) (2.27) (0.48) 

CAPM Alpha -0.18 -0.12 0.10 0.06 0.04 0.22 

  (-1.11) (-1.12) (1.16) (0.49) (0.24) (0.77) 

FF-3 Alpha -0.19 -0.14 0.07 0.09 0.03 0.22 

  (-1.16) (-1.32) (0.82) (0.76) (0.21) (0.82) 

Carhart-4 Alpha -0.10 -0.17 0.06 0.08 0.06 0.16 

  (-0.60) (-1.52) (0.71) (0.71) (0.44) (0.62) 

DGTW Alpha -0.08 -0.05 0.01 -0.02 -0.03 0.05 

  (-0.77) (-0.55) (0.10) (-0.24) (-0.32) (0.25) 
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Table B3: Rival Momentum Strategy with Deciles 

This table reports the calendar time abnormal returns. At the beginning of each month, all stocks are sorted into deciles based on the equal-weighted 

average of all rivals’ last month returns: EWRRet (-1, 0). Panel A reports the results for the equal-weighted and Panel B reports the value-weighted 

portfolio returns. CAPM alphas, FF-3 alphas and Carhart-4 alphas are calculated using CAPM, Fama-French 3-factor model and Carhart (1997) 4-

factor model, respectively. Characteristics-adjusted returns are calculated using DGTW (1997) benchmarks. The portfolio formation period is from 

January 1997 to December 2016 and return data up to December 2016 are used. To adjust for serial correlation, robust Newey-West (1987) t-statistics 

are reported in brackets. The symbols *, **, *** denote significance at the 10%, 5% and 1% levels, respectively. 

 

  Q1 Low 2 3 4 5 6 7 8 9 Q10 High H_L 

  Panel A. Equal-Weighted Portfolio Returns (%) 

Raw returns 0.01 0.30 0.53 0.67 0.99 1.11 1.23 1.49 1.83 2.06 2.05*** 

  (0.02) (0.62) (1.22) (1.59) (2.56) (2.81) (3.21) (3.38) (3.54) (3.63) (4.45) 

CAPM Alpha -0.93 -0.62 -0.30 -0.11 0.22 0.35 0.51 0.73 1.02 1.22 2.15*** 

  (-3.18) (-2.33) (-1.24) (-0.43) (0.99) (1.54) (2.33) (2.69) (2.90) (3.19) (4.73) 

FF-3 Alpha -1.07 -0.74 -0.46 -0.28 0.05 0.17 0.33 0.57 0.88 1.04 2.11*** 

  (-4.35) (-3.26) (-2.38) (-1.55) (0.35) (1.16) (2.14) (2.88) (3.18) (3.67) (4.79) 

Carhart-4 Alpha -0.87 -0.57 -0.31 -0.19 0.16 0.25 0.41 0.65 0.98 1.15 2.02*** 

  (-3.77) (-2.70) (-1.74) (-1.15) (1.10) (1.64) (2.73) (3.27) (3.67) (4.14) (4.80) 

  Panel B. Value-Weighted Portfolio Returns (%) 

Raw returns 0.58 0.39 0.92 0.82 0.86 0.65 0.77 0.80 0.84 0.82 0.24 

  (1.36) (0.96) (2.47) (2.45) (2.76) (2.13) (2.66) (2.38) (2.41) (1.98) (0.60) 

CAPM Alpha -0.30 -0.46 0.15 0.10 0.16 -0.02 0.10 0.07 0.08 0.08 0.38 

  (-1.33) (-2.03) (0.81) (0.58) (1.26) (-0.15) (0.71) (0.42) (0.41) (0.36) (0.96) 

FF-3 Alpha -0.27 -0.49 0.17 0.09 0.12 -0.06 0.06 0.04 0.08 0.07 0.35 

  (-1.19) (-2.16) (0.88) (0.52) (1.04) (-0.51) (0.50) (0.28) (0.46) (0.31) (0.86) 

Carhart-4 Alpha -0.16 -0.44 0.23 0.09 0.13 -0.04 0.04 0.06 0.05 0.07 0.23 

  (-0.71) (-1.80) (1.28) (0.58) (1.09) (-0.38) (0.29) (0.37) (0.27) (0.34) (0.62) 
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Table B4: Rival Momentum Strategy with 50% Long and 50% Short 

This table reports the performance of Rival Momentum Strategy with 50% Long and 50% Short. At the beginning of each month, all stocks are sorted 

into deciles based on the equal-weighted average of all rivals’ last month returns: EWRRet (-1, 0). Panel A reports the results for the equal-weighted 

and Panel B reports the value-weighted portfolio returns. CAPM alphas, FF-3 alphas and Carhart-4 alphas are calculated using CAPM, Fama-French 

3-factor model and Carhart (1997) 4-factor model, respectively. Characteristics-adjusted returns are calculated using DGTW (1997) benchmarks. The 

portfolio formation period is from January 1997 to December 2016 and return data up to December 2016 are used. To adjust for serial correlation, 

robust Newey-West (1987) t-statistics are reported in brackets. The symbols *, **, *** denote significance at the 10%, 5% and 1% levels, 

respectively.  
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Rival Momentum Strategy with 50% Long and 50% Short 

  Q1 Low Q2 High (2-1) 

  Panel A. Equal-Weighted Portfolio Returns (%) 

Raw returns 0.50 1.54 1.04*** 

  (1.15) (3.55) (3.69) 

CAPM Alpha -0.34 0.77 1.11*** 

  (-1.51) (3.06) (3.95) 

FF-3 Alpha -0.50 0.60 1.10*** 

  (-2.97) (3.64) (4.02) 

Carhart-4 Alpha -0.35 0.69 1.04*** 

  (-2.34) (4.26) (4.05) 

DGTW Alpha -0.45 0.36 0.81*** 

  (-4.28) (3.03) (3.75) 

  Panel B. Value-Weighted Portfolio Returns (%) 

Raw returns 0.73 0.78 0.05 

  (2.14) (2.46) (0.25) 

CAPM Alpha -0.05 0.06 0.11 

  (-0.49) (0.53) (0.54) 

FF-3 Alpha -0.04 0.05 0.09 

  (-0.43) (0.50) (0.49) 

Carhart-4 Alpha -0.02 0.04 0.06 

  (-0.21) (0.40) (0.33) 

DGTW Alpha 0.00 -0.04 -0.04 

  (0.01) (-0.58) (-0.35) 
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Table B5: Rival Momentum and Relative Firm Size by Assets 

This table reports the monthly Fama-MacBeth regressions results of stock returns. The dependent variable is monthly stock return. 

EWRRet (-1, 0) is the equal-weighted last month return of all rivals. AssetsRank is the percentile rank of the focal firm's total assets at the 

most recent fiscal year end relative to those of its rival firms. Control variables include the following. MKTRF_Beta, SMB_Beta and 

HML_Beta are estimated using Fama-French 3-factor model on last month daily returns. ME is the firm’s market capitalization at the end 

of last June. BM is the fiscal yearend book value of common equity divided by the calendar yearend market value of equity. Ret (-1, 0) is the 

stock return in the prior month. Ret (-7, -2) is the cumulative stock return from the prior 2nd through 7th month. Ret (-36, -13) is the cumulative 

stock return from the prior 36th through 13th month. All independent variables are winsorized each month at 0.5% level. The testing 

period is from January 1997 to December 2016. To adjust for serial correlation, robust Newey-West (1987) t-statistics are reported in 

brackets. The symbols *, **, *** denote significance at the 10%, 5% and 1% levels, respectively. 
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Variables (1) (2) (3) (4) 

Intercept 0.012** 0.013** 0.014** 0.012** 

  (2.44) (2.33) (2.40) (2.36) 

AssetsRank 0.006** 0.004 0.005** 0.003 

  (2.24) (1.06) (2.04) (0.82) 

EWRRET (-1,0) 0.165***     0.153*** 

  (9.99)     (11.04) 

EWRRET (-1,0)   × AssetsRank 

-

0.135***     -0.122*** 

  (-6.10)     (-5.75) 

EWRRET (-7,-2)   0.047***   0.046*** 

    (6.53)   (7.40) 

EWRRET (-7,-2)   × AssetsRank   -0.055***   -0.059*** 

    (-5.10)   (-5.55) 

EWRRET (-36,-13)     -0.006*** -0.003* 

      (-3.11) (-1.95) 

EWRRET (-36,-13)   × AssetsRank     0.004 0.001 

      (1.35) (0.23) 

Controls YES YES YES YES 

Adjusted R2 0.060 0.060 0.059 0.067 
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