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Layoff announcements are important corporate events that have, on average, been shown to

negatively affect a firm’s stock value.1 Despite an average negative effect, there is substantial

heterogeneity in market reactions because layoffs can be either good or bad for the firm. For

example, a company making the announcement of a large layoff may be either seeking to become

more efficient or in financial trouble. While the firm specific nature of the news can be observed

in the movement of announcers’ stock prices, it is harder to isolate industry effects. To better

understand the industry-specific components of layoff announcements, we investigate their effects

on the announcing firm’s competitors.

An unexpected mass layoff announcement can affect a firm’s competitors in two ways. First,

the layoff could be contagious within an industry if the announcement is the result of a systematic

shock to the entire industry (e.g. technology shocks, market conditions, customer preferences). In

such cases the announcement by one firm will also reveal relevant information about its competitors.

Second, the unexpected announcement could signal a strengthening (weakening) of the announcer’s

position in the industry. In such cases the announcement triggers a redistribution of wealth across

firms in the industry. We follow Lang and Stulz (1992) and measure contagion (competitive) effects

as a positive (negative) correlation of stock price reactions between the announcing firm and their

competitors. We examine these countervailing contagion and competitive effects by decomposing

when each effect is strongest following unexpected layoff announcements.

Using an event-study approach, we show that layoff announcements overwhelmingly reveal

industry-wide information, i.e., the contagion effects of an announcement dominate the competitive

effects. We also find that, on average, 40-50% of announcers see an increase in their stock value

following their announcement. This significant variation in the announcer’s stock price reaction

across events indicates that measuring an average effect for the overall sample may bias our results

downward.2 To avoid such bias, we further explore industry effects in two different settings that are

based on the announcer’s stock reaction: good news and bad news announcements.3 The contagion

1See Worrell, Davidson, and Sharma (1991), Abowd, Milkovich, and Hannon (1990), Farber and Hallock (2009)
among others.

2For example, if we are looking at the competitors’ average stock reaction to an announcement and nearly 50%
of the sample reacts in the opposite direction to the remaining sample, we will have a bias towards no results.

3A layoff announcement is classified as good news (bad news) for the announcer if the firm has a positive (negative)
3-day cumulative abnormal stock return.

1



effects persist and dominate competitive effects irrespective of whether the layoff announcement is

good news or bad news for the announcer. In other words, even though there is variation in non-

announcers’ market responses to a layoff announcement, their average reaction is always positively

associated with the announcer’s reaction.

Next, we find that competitor characteristics, both within and across events, help to explain

their stock price reaction through their expected ability to respond to industry shocks. By control-

ling for liquidity, size and growth characteristics, we find that the net contagion effects are stronger

for growth firms within an industry. That is, when layoff announcements reveal information about

industry prospects, competitors whose value depend on growth opportunities are affected the most.

Digging deeper, when the layoff announcement is seen as good news for the announcer, competitors

with positive investments in R&D respond more positively than other peer firms. In particular,

we observe that competitors with positive investment in R&D see a 1.15% cumulative abnormal

return (CAR) in the 3-day window around the mass layoff announcement. The effect is strongest

in highly competitive (1.19%) and growth-oriented (1.27%) industries. Differently, the effect for

other competitors is statistically insignificant. On the other hand, when layoff announcements con-

vey bad news for the announcer, competitors with high sales growth experience the most negative

responses. In particular, firms at the top quartile of the sales growth distribution see a CAR of

-1.09% in the three-day window around the layoff announcement. Similar to the case with good

news, the effect is strongest in highly competitive (-1.16%) and growth-oriented (-1.29%) industries.

The impact on low sales growth competitors is not statistically significant for all the mentioned

cases. Our results are robust to both event fixed effects models and random effects models where

we allow for layoff- and announcer-specific characteristics to impact non-announcer responses. The

fact that our results are stronger in less concentrated industries, where we would expect peers to

have more similar sets of underlying investments, corroborates the idea that results are mainly due

to perceived industry-wide unexpected shocks.

Apart from competitor characteristics, information transfers can also be affected by announcer

and layoff characteristics. Using a random effects regression model allows us to measure the im-

portance of announcer and announcement characteristics. However, this model demands stricter

2



restrictions on the correlation between unobserved event characteristics and other controls. We

compare the fixed effects and random effects methodologies using a Wald Test and find that the

random effects model is no worse than the fixed effects model. We show that our main results about

non-announcer characteristics are robust to the choice of regression model. This corroborates our

conclusion that competitor characteristics are important determinants of information transfers in

our sample. Moreover, apart from the announcer’s CAR, which has a positive and significant coef-

ficient, indicating the importance of contagion effects, no other announcer or layoff characteristics

seems to significantly impact competitors’ stock reaction.

We also replicate our analysis applying the methodology implemented in the current litera-

ture to demonstrate the power of our analysis. We measure competitors’ responses to a layoff

announcement using a value-weighted and equal-weighted portfolio for all sample announcements.

While results are consistent with contagion effects dominating the competitive effects, we fail to

find significant average effects of competitor characteristics on portfolio returns. Based on these

findings, we conclude that within-event heterogeneity among competitors is more important in ex-

plaining their response to the layoff than announcer, event or industry characteristics. Moreover,

these results highlight how our empirical approach may address common pitfalls of information

transfer studies. The use of a value-weighted portfolio of competitors, while allowing researchers

to evaluate an average impact on competitors, washes away any relevant heterogeneity in indi-

vidual competitor characteristics. This drawback can be particularly costly in industries where

non-announcer responses exhibit large cross-sectional variation. Another issue with this commonly

used “average” approach is that it does not take into account potential event-specific unobserved

effects.4 This potentially biases the results by considering all sample events to be substantially

similar. We overcome these limitations by utilizing event-specific fixed effects while including in-

dividual competitors’ characteristics. We also split the sample and/or include interactions with

respect to announcer’s responses whenever it seems appropriate based on our economic intuition.

This paper also contributes to the existing literature on information transfers by studying

4Notice that, even though the literature tries to correct the potential correlation across observations in the same
industry by working with a value-weighted or equally-weighted portfolio of industry competitors instead of individual
competitors, these studies do not address the issue of event specific unobserved effects. In fact, most papers average
the competitor responses across all events within the same industry.
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the industry effects of layoff announcements. Mass layoff announcements represent a powerful

setting to examine information transfers for three important reasons. First, frictions in the labor

market make it costly for firms to adjust the size of their labor force. This implies that firms will

undertake a mass layoff only if they expect that the reasons for adjustment are long-lived. Second,

the quality of a firm’s labor force is an important factor for firm pricing, such that changes in labor

force composition should affect stock prices.5 Third, layoffs are unique from other firm-specific

news announcements previously studied, in that they can signal either good or bad news for the

announcer. This makes for a compelling setting since pooling observations and disaggregating into

sub-samples based on information content potentially provide vastly different results.6 Significant

variation in announcers’ reactions provides a unique opportunity to study information transfers.

It is in this context that we identify and analyze the association between peer characteristics and

intra-industry information transfers.

1 Related Literature

A market value represents a consensus expectation of discounted future cash flows for a com-

pany. However, forming an accurate consensus is a difficult process due to information asymmetry

and uncertainty. As such, markets are constantly revising valuations based on updated information.

Announcements by industry peers have proven to be a rich source of information in this process. An

extensive literature exists on intra-industry information transfers between peers for many different

types of news events. In this literature, the goal is to evaluate the impact of a firm’s announcement

on the average stock price reaction of its industry competitors, given the industry and announcer

characteristics. This methodology has been applied to announcements of bankruptcy (Lang and

Stultz (1992) and Ferris, Jayaraman, and Makhija (1997)), mergers (Eckbo (1983)), corporate cap-

ital investments (Chen, Ho, and Shih (2007)), financial misrepresentation (Goldman, Peyer, and

Stefanescu (2012)), dividend initiations (Howe and Shen (1998)), dividend changes (Firth (1996),

5See Merz and Yashiv (2007) and Bazdrech, Belo, and Lin (2013).
6Bankruptcy announcements (Lang and Stulz (1992), Ferris, Jayaraman, and Makhija (1997)) financial misrep-

resentation (Goldman, Peyer, and Stefanescu (2012)), dividends (Firth (1996), Laux, Starks, and Yoon (1998)) and
corporate capital investment announcements (Chen, Ho, Shih (2007)).
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Laux, Starks, and Yoon (1998)), and security offerings (Szewczyk (1992)) among others. In most

cases, the contagion effect dominates, with the competitors’ stock price reactions in the same direc-

tion as the announcer’s stock price reaction (with the exception of corporate capital investment).

Unfortunately, the average competitors’ stock price reaction delivers only the net impact of the

news on competitors, showing only which effect - contagion or competition - predominated and by

how much. While this aggregation may solve issues of the potential correlations across competitors,

it removes any cross-sectional differences thus inhibiting our understanding of which competitor

characteristics predict different reactions. This methodology also threatens to mask results in very

heterogeneous industries in which different competitors may have offsetting stock price reactions

to the announcer’s news.

Another drawback in the literature is that, in most of the cases, the impact of the news on

the announcer’s stock price is easily determined as either positive (corporate capital investment,

dividends) or negative (bankruptcy, financial misrepresentation, security offerings). Differently, in

the case of layoff announcements, although the impact of a firm’s labor force and its adjustment

cost on firm performance is undisputed (Merz and Yashiv (2007), Bazdrech, Belo, and Lin (2013)),

the information content of mass layoffs on the announcer is ambiguous. In this sense, before we

are able to analyze the impact of the announcement on rivals and the magnitude of contagion and

competitive effects, we need to evaluate the informational content of the layoff on the announcer

itself. This differential informational content of the announcement generates an even greater reason

to investigate the drivers of investor responses at industry peers.

The literature on the impact of mass layoffs has up to now focused mainly on the impact of

layoff announcements on the announcer’s stock return. Most of the earlier literature (see Worrell,

Davidson, and Sharma (1991), Abowd, Milkovich, and Hannon (1990), among others) has found

a negative impact of mass layoff announcements on stock returns. However, more recent work

by Farber and Hallock (2009) shows that the impact of layoff announcements on the average

stock returns of announcers has varied over time, being extremely negative during the 1970s while

approaching zero in later periods. This pattern seems to be partially reverted from 2000 on. Hallock,

Strain, and Webber (2011) extended the database used by Farber and Hallock (2009) until 2007.
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They show that stock price reaction to job loss announcements are less negative in the 1980s and

1990s compared to the 1970s, but the 2000s are not statistically different from the 1970s. In our

data, we can also see a clear reversal of this attenuating pattern in the last decade, with announcer’s

stock market reaction becoming again, on average, negative and statistically significant.

However, notice that this literature focuses on the average impact of layoff announcements on

the announcer’s stock return. As we show in this paper, while the impact is on average negative,

there is a wide dispersion in announcers’ stock reactions, varying from −28.95% to +26.81% in

our sample. Moreover, the fraction of announcers with positive 3-day cumulative abnormal returns

(CAR) in a given year has been usually above 40% with an upward trend going up to nearly 45% by

the end of our sample period, as shown in Figure 1.A. In this sense, even though the average reaction

to a layoff announcement may be negative, the informational content of a given announcement can

vary significantly from very negative to very positive.

Finally, the literature that looks at the impact of mass layoffs on the announcing firm’s com-

petitors is quite small. Studying a sample of 403 layoff announcements, Bhabra, Bhabra, and Boyle

(2011) show evidence of intra-industry effects of layoff announcements. They find that information

spillover effects are observed for low leverage, high Tobin’s q rivals in cases where the layoff an-

nouncement contained adverse industry information. Differently, rivals that are large and efficient

see a positive return when the layoff announcement did not contain adverse industry information.

Although their paper touches on the importance of studying intra-industry information transfers

around layoff announcements, we argue that our methodology adds some critical improvements.

Even though they deviated from the previous literature by looking at individual competitors in-

stead of aggregating in value weighted portfolios, they do not cluster the standard errors in their

regressions, which generates biased estimates due to an omitted variable bias. Moreover, while they

divide their sample in terms of the announcing firm’s expressed reasons for the mass layoff, they

do not divide in terms of the market’s reaction to the layoff. While there is some evidence that the

announced reasons for the layoff affect investors’ reaction to the layoff announcement (Palmon, Sun,

and Tang (1997) and Faber and Hallock (2009)), it is far from unambiguous. In fact, in interview

data from senior investors and managers, Hallock (2003) shows that investors seem quite skeptical
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about the actual validity of these announced reasons. Our approach proposes a methodology and

a partition of the sample to avoid the problems observed in Bhabra et. al. (2011). In unreported

results, we also control for the announced reasons in the analysis in which their coefficients would

not be absorbed. Since they are insignificant, we do not report these results here, but they are

available upon request.

2 Overall Impact and Decomposition based on Announcer Reac-

tion

As mentioned before, the informational content of a mass layoff is complex, with the poten-

tial for either good or bad news for the announcer and the industry. We evaluate the effect on

competitors by splitting the sample based on the announcer’s stock price reaction. We classify

a positive abnormal announcer reaction as the “good news case” and a negative abnormal reac-

tion as the “bad news case”. We evaluate the potential impact of competitors’ characteristics in

these two mutually exclusive cases. Following the analysis by Lang and Stultz (1992), we consider

the possibility of contagion and competition effects on peers. The contagion effect, representing

industry-wide shocks, is observed when the competitor’s stock price reaction is in the same direction

as the announcer’s. Differently, a competition effect, indicating potential redistribution of market

share across competitors, is observed when the competitor’s stock price reacts in the opposite

direction of the announcer’s stock. We discuss the potential impact of different competitor char-

acteristics on their reactions under both the good and bad news cases in the subsequent sections.

Table 1 summarizes the discussion. We consider the following vector of competitor characteristics,

measured at the start of the period, meant to capture non-announcers’ liquidity, size, and growth

opportunities: book leverage, cash holdings scaled by assets, the log of total assets, firm age, total

number of employees, market-to-book ratio, return on assets, a dummy to indicate R&D expenses,

sales growth, number of sectors in which the firm operates, and measures of financial constraint

and bankruptcy risk including the Whited-Wu index and Altman’s Z-score. We also control for

competitors’ membership in the S&P 500 index at the time of the announcement. Details about
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the construction of these variables are described in the next section, as well as in Table 3.

2.1 Announcer’s Good News Case

In this case, the mass layoff announcer’s stock price reaction is positive. To the extent that we

consider workers to be valuable assets to a firm, this positive reaction appears contradictory. There

are a few possible explanations for this result. First, the firm may be operating inefficiently, keeping

a sub-optimally large labor force. In this case, a reduction of the firm’s payroll is welcomed by the

market. A second possibility is that the layoff is a positive productivity shock in an oligopolistic

product market in which the announcer optimally chooses to cut costs instead of expand production.

Finally, we can imagine a positive shock on capital productivity in a market in which capital and

labor are substitutes. In terms of our classification of the informational content of the layoff

announcement, we would expect the first explanation generating a competitive effect, while the

next two would imply a contagion effect. As previously explained, a contagion effect indicates an

improvement for the sector, positively affecting peer companies. Differently, a competitive effect

indicates that the announcer is now an improved rival, to the detriment of its peers. Although the

direction of these effects is the same for all competitors, the magnitude of the effect depends on

the rival’s characteristics.

In terms of the competitive effect, we expect that large, liquid, growth-oriented competitors are

relatively less affected by the layoff announcement. In particular, large firms – proxied by both

logarithm of total assets and the number of employees – are expected to be in a better position

to face a stronger competitor, all else equal, than their smaller counterparts, due to better access

to resources as well as a strong existing sales infrastructure. Moreover, as pointed out by Zingales

(1998), size might be a proxy for efficiency, because only efficient firms become big. Larger firms

may also have more bargaining power on the product market as well as easier access to financing.

In this sense, larger firms have a longer reaction period before they are driven out of the market

compared to smaller peers. Similarly, more liquid firms – i.e., firms with large cash holdings and

low leverage – are in a better position to face a stronger competitors. Liquid firms have enough

resources to implement any necessary investment and are able to face a slow down in cash flows
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without defaulting on their interest payments, as pointed out by Fresard (2010) and Campello

(2006). Even though there is an argument to support that firms may use debt as a commitment to

more aggressive behavior in the product market, as pointed out by Brander and Lewis (1986), most

empirical evidence has supported the hypothesis that debt weakens a firm competitive position, as

suggested by Bolton and Scharfstein (1990).7 Moreover, growth firms – i.e. firms with high market-

to-book, positive R&D expenses, and high sales growth – are in a better shape to face stronger

competition, all else equal. Growth firms not only have more growth opportunities to implement in

order to face a restructured competitor, but also have lower capital adjustment costs in the short

term. Overall, a smaller fraction of their current valuation is attached to short-term performance,

as pointed out by Zhang (2005). Finally, we would expect that high cost firms – proxied both by

the ratio of costs of goods sold (COGS) over sales, and selling, general, and administrative expenses

(SG&A) over sales – as well as struggling firms – captured by the Altman’s Z-score and a measure

of distance to delisting (following Bakke, Jens, and Whited (2012)) may be more negatively affected

by a stronger competitor. Since distance to delisting is not significant, we decide to omit from the

tables. Finally, we would like to emphasize that the magnitude of the competitive effect should

be greater in more concentrated industries, where competition is likely to be imperfect. In more

competitive industries, firms lack market power and have very slim profit margins. Consequently,

the fact that any particular competitor has become stronger or weaker should be only a minor

impact on any competitor’s prospects.

In terms of contagion effect, the picture is less clear. Firms with large cash holdings, high sales

growth, high market-to-book, and positive R&D are expected to do well in the case of good industry

news, since these firms are more likely to have the resources and knowledge to take advantage of the

new growth opportunities.8 Similarly, firms with a larger labor force as well as firms with a high

production cost would benefit from labor-saving growth opportunities in the industry. However,

the impact of good industry news on firms with large assets and high leverage is ambiguous. On

one hand, firms with more assets may be better able to capture growth opportunities due to their

7For empirical evidence on how debt weakens a firm’s competitive position, see Khanna and Tice (2000), Zingales
(1998), and Chevalier (1995), among others.

8See Aghion and Howitt (1992), Abel and Eberly (2012), Fresard (2010), among others.
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economies of scale. On the other hand, these firms may be entrenched in current production

processes and less adaptable to capitalize on the positive industry news. Similarly, leverage can

have a positive impact by scaling up the impact of new growth opportunities on equity. At the same

time, leverage can also reduce the possibility that the firm can undertake those growth opportunities

due to cash constraints to meet debt obligations as well as increases the agency problem between

manager, shareholder, and debt holders that may deter the firm to invest in NPV positive projects

(see Myers (1977), Stulz (1990), among others).

2.2 Announcer’s Bad News Case

We now consider the case in which a mass layoff is received as bad news for the announcer by

investors in the announcing firm. As before, we decompose the effect on non-announcers into two

effects: a contagion effect, in which the mass layoff represents some bad news about the industry

overall, and a competitive effect, in which the mass layoff conveys that the announcer is now a

weaker competitor. We again study the impact of competitors’ own characteristics on their stock

price reactions to the layoff announcement.

In terms of competitive effect, we expect that firms with greater assets, large cash holdings,

positive R&D expenses, and high sales growth benefit the most by the weakened position of the

announcer. This indicates that large firms with enough resources and knowledge to implement

policies that allow then to steal market share from a weak competitor are in the best position once

the competitive redistribution occurs in the sector. However, the effect of the remaining variables

is unclear. For example, while firms with high market-to-book may benefit from better growth

opportunities, low market-to-book firms, by being distressed firms, may benefit relatively more due

to a reduction in the likelihood of bankruptcy. In a similar manner, while a weaker competitor may

mean good news for a distressed, highly leveraged rival, high leverage and distress by themselves

may also imply that the firm would have a hard time raising funds to take advantage of the excess

of demand left by the weakened competitor.9 As before, we should again expect that these effect

would be the strongest in concentrated markets.

9See Bolton and Scharfstein (1990).
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In terms of a contagion effect, we expect that more liquid firms – proxied both by high cash hold-

ings as well as by low leverage – are the least affected by the bad industry news, since they are less

likely to default on payments or face bankruptcy. The effect of other characteristics is ambiguous.

For example, if a mass layoff indicates a permanent reduction in demand for the industry, growth

firms would proportionally suffer more, since their value comes from future industry opportunities

instead of assets in place. However, a literature that tries to explain the value premium puzzle

(see Zhang (2005), Kapadia (2011), Campbell, Hilscher, Szilagyi (2008), among others) indicates

that this may not be the case, due to higher adjustment costs of capital, as well as a high corre-

lation of human capital costs (due to a higher likelihood of unemployment) paired with the high

bankruptcy cost of value firms. Similarly, firms with a greater workforce can downsize their staff

without threatening self destruction.10 On the other hand, large firms may be the most susceptible

to rapidly changing tastes due to the challenges of re-tooling.11

3 Data and Sample Selection

3.1 Sample Construction

Our initial sample consists of layoff announcements between 1979 and 2010 for all firms listed

in the S&P 500 at any point in that time period and their competitors from the same three-digit

SIC code.12 Table 2 outlines our sample selection procedure.

During the sample period, 1,269 unique firms were at some point listed in the S&P 500 index.

For each of these firms, we use Factiva to search for mass layoff announcements published in the

Wall Street Journal. Following Farber and Hallock (2009), we focus only on Wall Street Journal

announcements since we believe that any significant news relating to S&P 500 firms will be reported

in the Wall Street Journal. Additionally, since we are primarily concerned with the effect of layoff

announcements on competitors, we are not interested in unannounced layoffs. We search Factiva

10One way we can control for that is by examining the magnitude of the impact on the announcer’s CAR,
conditional on the layoff’s size.

11A leading example of this difficulty of re-tooling for a large firm is the Kodak case.
12Even though there are concerns about using SIC codes to identify industries and some alternatives were suggested

by the literature (see Hoberg and Phillips (2010)), we decided to use the 3-digit SIC not only to be able to compare
our results to previous literature, but also because we wanted a classification that would be likely to be used by
investors to identify potential competitors.
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for the following keywords: “layoff”, “layoffs”, “lay-off”, “laid off”, “restructure”, “restructured”,

“restructuring”, “downsize”, “downsizing”, “downsized”, “plant closure”, and “plant closing”. We

collect 2,367 layoff announcements by 502 distinct firms. For each layoff announcement, we doc-

ument the date of the layoff announcement, the size of the layoff, the reason given for the layoff,

and the type of worker laid off.

We obtain firm-specific financial data for announcers and competitors from Compustat. Our

sample is restricted to only US firms. Further, we exclude financial firms (SIC 6000-6799) and

utility firms (SIC 4610-4991) due to their highly regulated nature, as well as firms without industry

classification (SIC 9999). For each firm announcing a mass layoff, we determine a group of competi-

tors based on their classification in the same three-digit SIC code. Our initial sample consists of

2,367 layoff announcements with competing firms. We include additional restrictions to isolate the

information content of the layoff announcements. First, we eliminate any layoff announcements in

which the layoff firm had made earnings, stock splits, or dividends announcements within a [−5,+5]

window around the layoff announcement date since these concurrent announcements may impact

short-run returns. Moreover, we eliminate any competitor that made one of these announcements

within the same event window. Second, in order to focus on layoff announcements that bring new

information, we eliminate any layoff that explicitly refers to a previous announcement, as well as

any layoff that occurs within 100 days of a previous layoff by the same firm. Third, we restrict our

sample to firms listed in one of the three main exchanges (AMEX, NYSE, and Nasdaq). Moreover,

since there is a clear distinction in how much attention firms that are currently in the S&P 500

receive from the media and investors, relative to firms that were previously members of the index

as well as candidates for inclusion, we focus on announcers that are actively in the S&P 500 index

on the date of announcement. Fourth, we eliminate firms that delist within 180 days from the

announcement. Since exchanges are required to communicate delisting decisions 180 days prior to

the event, we exclude these cases to avoid any contamination of the layoff announcement effect.

Finally, we eliminate any observation in which we have missing values for variables relevant to our

analysis. Our final baseline sample consists of 676 layoff announcements by 251 distinct firms and a

sample of 3,127 unique competitors, representing 27,379 firm-event observations during our sample
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period, 1979-2010.

We use lagged independent variables so that we can control for the accounting and financial

position of firms prior to the layoff announcement. These include leverage, firm size (measured

in terms of the log of total assets), firm age, market-to-book ratio, sales growth, cash holdings,

number of employees, R&D, ROA, COGS, SG&A, as well as measures of distress (e.g Altman’s

Z-score) and measures of financial constraint (e.g. Kaplan-Zingales and Whited-Wu indexes).13,14

Details on the construction of the variables are presented in Table 3. All our variables are adjusted

for inflation (constant 2000 dollars). We also winsorize control variables at the 2% level to reduce

the effect of extreme outliers. Our results are robust to changes in the winsorization level.

For our event study, we collect daily returns data from the Center for Research in Security Prices

(CRSP). We use the market-adjusted returns model to calculate cumulative abnormal returns. Our

pre-event estimation window is up to 200 days long (minimum 3 days) and it ends 101 days before

the layoff announcement. We calculate cumulative abnormal returns for short-run event windows

of 3, 5, and 11 days, centered on the day of the layoff announcement. Since results are qualitatively

similar across the event windows, we present results using the 3 day event window in our analysis.

This window choice allows us to compare our results with previous results in the literature.

3.2 Summary Statistics: Announcer and Layoff Characteristics

Before we discuss competitors’ characteristics, we summarize the financial characteristics of the

announcers in the sample as well as some key characteristics of the layoff announcements. This

analysis is important due to the fact that we observe a lot of variation in the announcer’s market

reaction to its own layoff announcement (CAR), with the fraction of announcers with positive CAR

in any given year in our sample being usually above 40%, as shown in Figure 1.A.

In Table 4, Panel A, we report summary statistics for announcers. We show not only the sum-

mary statistics for all announcements, but we also divide across announcements with positive and

13Unfortunately Compustat’s wage data is quite incomplete, so we are unable to control for wages directly. How-
ever, we have indirect controls for labor costs, for both production workers – through COGS – and non-production
workers, by SG&A. Moreover, due to the wage-size premium, firm size is also a proxy for the wage bill

14Kaplan-Zingales index was constructed by Lamont, Polk, and Saá -Requejo (2001) based on regression coefficient
estimates in Kaplan and Zingales (1997). Whited-Wu index is presented in Whited and Wu (2006).
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negative stock price reactions. As we can see from the “All Announcements” table, although the

mean and the median for the CAR is negative, there is a huge variation across announcers, with

CARs varying from −28.95% to +26.81%. Compared to competitors (shown in Panel B), announc-

ers are bigger, more leveraged, and older.15 This is not surprising since all the announcers are

listed in the S&P 500 index at the time of the announcement, while only 11.66% of the competitors

are S&P500 members. However, we obtain qualitatively similar results if we restrict our sample

to competitors from the S&P 500, presented in Panel C. The differences between announcers and

competitors are statistically significant, even after taking into account the clustered nature of the

data. In terms of profitability, we see that, although announcers have lower ROA than S&P 500

competitors, they outperform the average/median of the overall competitor group. This result cor-

roborates what has been found in the literature. Analyzing the evolution of mass layoff announcers

before and after the layoff, Chen et al. (2001) show that announcers are not under-performers com-

pared to their industry rivals. Finally, in terms of the distinctions between announcers with good

and bad market reactions, we do not observe a clear distinction across their average characteristics.

This is important since it reveals that a layoff announcement adds information that could not be

easily discerned by observing financial characteristics.

In terms of the layoff characteristics, we observe a wide variation in both the number of em-

ployees displaced as well as the fraction of the firm’s labor force affected. In terms of the layoff size,

we see a range in the sample from 50 to 24,600, with a median layoff size of 675. We also see that

layoffs that generated good announcer news are slightly larger in number. However, there is no clear

distinction in the fraction of the labor force displaced between good and bad news announcements.

In both cases, we can see that, on average, the layoff announcement affects 5% of the firm’s labor

force, while the median announcement affects 3%.

3.3 Summary Statistics: Competitors

Panels B and C of Table 4 describe summary statistics for overall and S&P competitors, respec-

tively. Since all of our announcers have been listed in the S&P 500 at the time of the announcement

15Announcers are bigger in terms of total assets as well as number of employees.
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and only a small fraction of the overall sample of competitors are S&P 500 members, it is important

for us to distinguish between S&P 500 and non-S&P 500 competitors when studying the contagion

and competitive effects of layoff announcements. When compared to non-S&P competitors, S&P

500 competitors are bigger – in terms of employees and total assets – more profitable, more di-

versified across segments, older, and more leveraged. Another important point to highlight is that

competitors’ stock price reaction move, on average, in the same direction as the announcer’s reac-

tion. This is a first indication that contagion effect dominates the competitive effect. Moreover, the

fraction of competitors with positive CARs in any given announcement increases over time as we

can see in Figure 1.B, following a pattern similar to the one observed for announcers in Figure 1.A.

Finally, the standard deviation of competitors’ reactions have also increased over time – as we can

observe in Figure 2 – suggesting that industry peers became more heterogeneous with time, while

demonstrating that layoff announcements became more “newsworthy”, as pointed out by Hallock

and Mashayekhi (2006).

3.4 Summary Statistics: Layoffs - over time and across industries

In Panel D of Table 4, we show how layoff announcements are distributed across industries. As

expected, the majority of the layoffs occurred in manufacturing (84%) followed by services (8%),

and retail (5%). As we show in Section 5.3, our results are qualitatively the same if we restrict

our sample to only manufacturing firms. In terms of the average number of competitors, we also

see a significant difference across industries, with numbers varying from 187 in services to 2 in

mining. Once we restrict to competitors currently members of the S%P 500 index, the numbers

drop significantly, but there is still significant variability across industries. In terms of layoff sizes

as fractions of the pre-layoff labor force, we see that layoffs vary from .99% of the firm’s labor force

(in wholesale trade) to 6.73% in services. Finally, in terms of the distribution of layoffs over time,

we see in Table 5 that layoffs are spread out across the sample period. Based on initial clustering

analysis, we do not find clear time clusters in our sample.

Finally, Table 6 presents the correlation matrix across the relevant variables. It should be noted

that there exists significant partial correlation between most pairs of variables. Hence, our rich set
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of covariates should help us mitigate the possibility of spurious correlation between the explanatory

variables and the cumulative abnormal return.

3.5 Summary Statistics: Likelihood of Becoming an Announcer

Finally, in order to take into account the joint effect of the discussed variables, we run a probit

on the likelihood of a given firm announcing a mass layoff while controlling for year and industry

effects.16 As we can see in Table 7, the stylized facts presented above are confirmed by the probit.

Announcers tend to be larger, older, less efficient (higher COGS and SG&A), and more diversified

than their competitors. Moreover, announcers are also more likely to be value firms. Finally, since

we collected layoff announcements for all firms that were at the S&P 500 at any given point within

the 1979-2010 period, we have in the overall database announcements not only by firms that are

currently in the S&P 500, but also firms that were dropped from the index and firms that would

eventually be added to the index in the future. We restrict our main analysis to the sample of

announcements by firms currently in the index. However, in Table 7 we include all firms that are

in the index at any given point, while controlling for current membership using a dummy variable.

This dummy of current S&P 500 status loads positive and significant, justifying our concerns that

current members may have more exposure to the media and are more likely to have their layoffs

announced in the Wall Street Journal.

4 Methodology

In order to study the market’s response to the announcement of a layoff, we employ an event

study methodology. This approach is consistent with much of the prior literature on layoff an-

nouncements (i.e. Farber and Hallock 2009) and intra-industry information transfers (Madura et

al. 1995, Goins and Gruca 2008, Bhabra et al. 2011). We specifically focus on three-day cumulative

abnormal returns for non-announcing firms around the layoff announcement date, as reported by

the Wall Street Journal. Farber and Hallock (2009) also use Wall Street Journal announcements as

16In order to keep comparability in size, we restrict the competitors to the S&P 500 group. Standard errors are
clustered by layoff event.
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the “event date” and acknowledge the possibility of information leakage prior to the WSJ release;

if anything, leakage should bias against finding robust results.

Prior research has primarily focused on the impact of a news announcement on the average

stock price reaction of a value-weighted portfolio of competitors. We identify two econometric

concerns with this approach. First, pooling all observations does not allow researchers to evaluate

the impact of the announcement across firms within the same industry. Relatedly, it does not take

into account potential changes in the dispersion of stock price reaction across competitors within

industries. As we observe in Figures 1.B and 2, there is not only a wide dispersion in the reactions of

competitors to a particular announcement, but also this dispersion increased throughout the period

that we analyze. Second, this approach does not take into account the potential for event-specific

unobserved effects. This potentially introduces an omitted variable bias in the results, particularly

when studying events with heterogeneous outcomes like mass layoffs announcements.

In order to control for unobserved heterogeneity at the industry and time period levels, we take

advantage of the panel-like structure of the data, in which we usually observe several mass layoffs

per three-digit SIC industry classification across time where a significant number of the same firms

are observed at different time periods. In particular, we run the following model:

CARit = β ∗ xit + γ ∗ zevent + cevent + ui,t (1)

where CARit is the cumulative abnormal return for competitor i given a layoff announcement in

period t by one of its rivals, zevent are event-specific variables such as the characteristics of the

announcer and the industry in which the mass layoff announcement occurs, while cevent are char-

acteristics of the event that are unobserved by the econometricians. The control variables that

are specific to the competitor and will be included in xi,t are described in Table 3. Usually, the

literature considers two potential cases for the relationship between cevent and the observable vari-

ables Ω = [x, z], namely Cov(cevent,Ω) 6= 0 and the more strict assumption Cov(cevent,Ω) = 0.

First, we assume that Cov(cevent,Ω) 6= 0. In order to avoid an omitted variables bias, we run fixed

effects regressions clustered at the event level thereby controlling for both unobserved industry and

time characteristics. As usual in a fixed effects regression, while we obtain consistent estimates
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for β, we are unable to obtain estimates for γ. To evaluate the impact of the interaction between

event-specific factors and competitor-specific characteristics, we run fixed effects specifications in

subsamples that are broken down according to specific characteristics of announcers and/or the

industry in which the mass layoff announcements occur. We partition our sample based on three

characteristics: the concentration of the industry, whether the announcer’s industry is in the tech-

nology sector, and whether the layoff size is above the sample median layoff size. We expect that

information transfers are different between events in each subsample and test accordingly. As an

alternative approach, we also run fixed effects regressions on overall sample while controlling for the

interactions between layoff characteristics and competitor characteristics. Our results are robust

to this alternative approach. Furthermore, we implement this alternative approach for some of

the robustness checks that depend on smaller subsamples. By using interactions, we increase the

sample size, boosting the statistical power of our analysis.

Second, we consider the case in which Cov(cevent,Ω) = 0. In this case, we can consider cevent

together with the idiosyncratic error ui,t without generating an omitted variables bias. In this case,

both pooled OLS and FGLS estimators are consistent. However, the random effects GLS estimator

is more efficient for cases in which St. Dev.(cevent) 6= 0. We run a random effects model and we

test the hypothesis H0 : St. Dev.(cevent) = 0 through a Breusch and Pagan test. Since we reject

the hypothesis, we omit the pooled OLS results. The benefit of a random effects model is that it

allows us to obtain estimates for γ, the coefficient for the event-specific variables. We also introduce

variables that interact with event-specific and competitor-specific factors. To compare the results

obtained for the random effects and fixed effects models, we also present results for the random

effects model across sub samples as presented for the fixed effects model.17

Finally, in order to verify if either the fixed effects or the random effects model is the most

suited for our case, we test the hypothesis H0 : Cov(Ω, cevent) = 0. Usually, a Hausmann test

is used to test random vs. fixed effects models. However, a Hausmann test is only valid under

homoscedasticity and cannot include time fixed effects, conditions that are unlikely satisfied in our

17In all our specifications, we report cluster robust Huber/White standard errors.
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case. In this sense, we follow Wooldridge (2010) and run the following auxiliary regression:

CARi,t = θ ∗ wi,t + η ∗ v̄i,t + εi,t (2)

where v̄i,t are the time averages of all time-varying regressors, while wi,t includes all remaining

time-varying and time-constant regressors, as well as the constant. We use a joint Wald test on

H0 : η = 0 to test if Cov(Ω, cevent) = 0. We also include cluster-robust standard errors to allow for

heteroscedasticity and serial correlation. Even though our results do not reject that a random effects

model is best suited for our problem, we decided to also show that our results are qualitatively the

same with a fixed effects model, since the assumption Cov(Ω, cevent) = 0 is quite strong and not

rejecting it does not imply accepting it.

5 Results

5.1 Average Effects

Before we evaluate the effect of competitors’ characteristics on their stock price reaction to

a rival’s layoff announcement, we start looking for an average industry-wide effect of the layoff

announcement. In particular, we aim to determine how the information content of the layoff

announcement itself – in particular the announcer’s own stock price reaction – can be important

to determine the net effect on competitors. The panels in Table 8 show the results for our sample.

Our tests are constructed using value-weighted portfolios of competitors with stock returns available

from CRSP. Notice that we create a value-weighted portfolio for each announcement in order to

reflect the industry’s shifting composition. Our estimates for the abnormal returns follow the

method proposed by Scholes and Williams (1977). As a robustness, we also consider the case of

equally-weighted portfolios, 1-tail tests, and regular OLS estimates for the abnormal returns. Since

all our results are qualitatively the same across these specifications, we omit the robustness tables.

Moreover, Table 8 includes several parametric and non-parametric tests of the average effects.

Since their results mostly agree with each other, we do not go into details about each test unique
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strengths and weaknesses.18

Our results are broken down two ways. First, we break down the abnormal returns within the

event window, by looking at the magnitude of the abnormal return in different days within the

event window. Second, we separate the results across the announcer’s own stock price reaction, by

looking at good and bad news cases one at a time. Comparing the results from Panel A against the

results from Panels B and C, we can see that while there is no clear net effect in the overall sample,

once we break down the sample with respect to the direction of the announcer’s stock reaction,

we see a clear pattern that indicates that the contagion effect dominates the competitive effect,

such that the net effect on the portfolio of competitors moves clearly in the same direction of the

announcer’s reaction. Moreover, we observe that the effect is concentrated in the (−1,+1) event

window, in particular for the bad news case. In this sense, we see that the layoff announcement is

at least partly unanticipated by the market. These results corroborate the initial results obtained

in Table 4 based on the summary statistics. Finally, our results are also robust to focusing only on

announcements that have a reaction for the announcer that is statistically significant as well as to

focusing on the manufacturing subsample. For brevity, we omit these tables but they are available

upon request.

5.2 Fixed Effects Model

In this section, we focus on results from regression models that include a fixed effects specifica-

tion. Due to the fact that fixed effects models do not allow us to obtain coefficient for announcer

and layoff characteristics, as well as the results from the average tests presented in Table 8, show-

ing the importance of distinction between the good and bad news cases, we decided to split our

sample across relevant industry and layoff characteristics. We give details in how we construct our

subsamples below.

We generate subsamples based on the level of industry concentration because the competitive

effect should only affect industries in which competition is imperfect.19 In other words, the com-

petitive effect will be dominant in industries that are highly concentrated where firms have market

18Dutta (2014) discusses the different tests in details.
19See Lang and Stultz (1992).
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power. We measure the level of industry concentration in terms of the Herfindahl-Hirschman Index

(HHI). Based on this measure of industry concentration we classify industries with an HHI score

that is above the sample median into the high concentration subsample and those industries that

have an HHI score that is lower than the sample median into the low concentration subsample.

We also generate subsamples based on the level of technological intensity in industries. We

believe that growth opportunities and the impact of innovation are more important in technology

sectors. In this sense, we divide the sample into technology and non-technology industries, where

the technology sectors are defined based on the classification by Loughran and Ritter (1997).20 We

would expect that in technology industries, a larger fraction of the firm value comes from growth

opportunities (e.g. Demers and Lev (2001)), implying that investment in R&D and market-to-book

ratio are more important variables, jointly with variables that allow firms to undertake growth

opportunities such as cash holdings.

Finally, we also generate subsamples based on layoff size. If the layoff ratio – the fraction of

the firm’s labor force that has been displaced in the announced layoff – is above the median in our

sample then the announcer is classified into the large layoff subsample. Otherwise the announcer

is classified into the small layoff subsample.

As an alternative approach, we also run fixed effects regressions on overall sample while con-

trolling for the interactions between layoff characteristics and competitor characteristics. This

approach allows us to obtain more robust results, in particular in the cases in which subsamples

become significantly smaller than the overall sample. By introducing interactions, we increase the

sample size, boosting the statistical power of our analysis.

In each of the following sections we begin our analysis with a note on the benchmark results

followed by a discussion on results from subsamples based on industry concentration, technological

intensity, and layoff size.

5.2.1 Layoff Announcement is Good News for the Announcer. In this section we present

a discussion of our results from a fixed effects model for a sample of competitors where layoff

20Due to the fact that we cluster in SIC three-digit industry, we adjusted Loughran and Ritter (1997) accordingly.
In particular, we consider tech industries the following SIC three-digit industries: 357, 366, 367, 382, 384, 481, 489,
and 737.
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announcements are good news for the announcers. The benchmark results are presented in column

1 of Table 9.21 We find that firms with positive investment in R&D do relatively better, while

more diversified firms – measured by the number of segments in which the firm operates – do

slightly worse. All other variables, while presenting coefficients with the expected sign, were not

statistically significant. In order to properly measure the impact of each variable, we look at the

marginal effect of investing in R&D while taking into account the event fixed effects and fixing the

other variables at the sample average. Our results indicate that having positive investment in R&D

generates a positive average CAR of 1.15% and this increase is statistically different from zero at

the 5% level. It also implies a CAR that is statistically bigger than the one of no-R&D firms at

the 5% level, even after taking into account the clustering in the data. Figure 3 plots the density

functions for the CARs for both firms with and without R&D investment. As we can clearly see,

firms with R&D investments have a significantly higher average CAR. In all the mentioned cases,

the impact of mass layoff announcements on no-R&D competitors was not statistically different

from zero. Similarly, we observe that firms operating in three or fewer sectors have a CAR that is

on average 1.05% and this market response is statistically different from zero. Firms that operate

in more than three sectors see a CAR that is not statistically different from zero. Although this

is a large difference, only a small fraction of competitors – less than 10% – operate in more than

three sectors, so our estimates for highly diversified firms are quite noisy.

We present our results for high and low concentration industries in columns 2 and 3 of Table

9. The positive impact of investment in R&D is observed only in the low concentration subsample.

This reiterates our belief that our results may not be due to competitive effects but actually due

to contagion effects. In particular, we find that positive R&D investment is associated with a

+1.19% CAR in the three-window around the mass layoff announcement. Differently, the effect of

announcements on no-R&D firms is not statistically different from zero. Finally, we find that the

difference in CARs across groups is statistically significant at 5%. Moreover, as shown in column

3, the R&D result is strongest in the technology sector. Competitors with positive R&D in the

21In previous versions, we presented robustness checks in which we eliminate announcements that have a stock
price reaction close to zero - both by eliminating the 5th. and 6th. decile as well as cutting out the announcements
in which the announcer’s reaction is within the interval [−.3%, .2%]. Results were qualitatively equal to the ones
presented here, so we decided to omit. The robustness tables are available upon request.
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technology sector see a 3-day window CAR of +1.27% and this effect is statistically significant at

the 5% level. Differently, we see no impact of layoff announcements on stock returns of no-R&D

firms in the same sector.22 Since the technology sector is not only usually a highly competitive

sector but also one in which undertaking growth opportunities depend on previous investment in

R&D, our results corroborate the view that investors perceive layoff announcements as news about

industry-wide future prospects.

Finally, investment in R&D has a positive and significant impact on the competitor’s CAR in

layoff announcements that represent a significant fraction of the announcer’s labor force (above

the median in our sample). If the size of the layoff is positively correlated with the amount of

information conveyed (or perceived by the market), it is natural that we expect a larger impact.

In Section 5.3, we consider the subsample of announcements in which the announcer’s CAR is

statistically different from zero as a way to control for the relevance of the information in the

announcement. Our results are qualitatively the same in that scenario.

5.2.2 Layoff Announcement is Bad News for the Announcer. Here we present a dis-

cussion of our results from a fixed effects model for the subsample of competitors where layoff

announcements are bad news for the announcers. The benchmark results are presented in column

1 of Table 10. We find that competitors with higher sales growth, cash holdings, and size – mea-

sured by the logarithm of total assets – react more negatively to a layoff announcement that is bad

news for the announcer, while firms that operate in more segments are relatively more positively

affected. The direction of our results on sales growth indicate that value firms suffer less than

growth firms. In the context of the contagion effect, these results should indicate that the loss in

value of growth opportunities outweigh higher adjustment costs of assets in place. On the other

hand, a competitive effect will indicate that a reduction in the likelihood of bankruptcy due to lower

competition benefits value/distressed firms more than any potential benefit of increased demand

for growth firms. Our results from the industry concentration subsamples will help us show which

of these two effects dominate.

22In the case of tech industries, although the effect on competitors with positive R&D is statistically significant
at 5% level while the effect on no R&D firms is not statistically significant, we are unable to show that the difference
between the two is statistically significant since our database is small compared to the overall sample.
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In columns 2 and 3 of Table 10 we present our results for high concentration and low concentra-

tion industries. Our results on sales growth and cash holdings are found only in low concentration

industries. This indicates that announcer bad news in more competitive industries hurt firms with

growth opportunities more, indicating that a mass layoff may signal a long term downturn for the

sector. This result once again shows that the contagion effect of a layoff announcement dominates

the competitive effect.

The negative coefficient on size is harder to interpret. It implies that firms with more capital

in place are more negatively affected, indicating potentially that large firms have a harder time to

restructure in order to satisfy a change in the market, as well as a potential reduction in demand

not only in the long run but also in the short to middle run – which would be in agreement with

the negative impact on high sales growth firms as well. Another possible explanation is that size

is capturing the effect of higher wages due to the wage-size premium. However, this hypothesis

seems less likely due to the fact that the coefficients for both COGS and SG&A are not statistically

significant.

Combining the results from Tables 9 and 10 in terms of the number of segments in which a firm

operates clearly indicates that diversification allows firms to hedge against the contagion effect –

while firms that work in many segments are less positively affected by good news announcements,

they are also less negatively affect by negative contagion effects. This seems logical if we consider

information transfers to reveal news about firms with similar portfolios of investments.

In terms of the magnitudes of the effects (based on the benchmark model), even after controlling

for clustering, being in the top quartile of the size distribution yields a negative average CAR of

-0.88% and this decrease is statistically significant at 5%. Differently, firms at the bottom quartile

see positive average CARs, although the effect is not statistically significant. Similarly, being in

the top quartile of the sales growth distribution implies a negative average CAR of -1.09% and

this effect is statistically significant at 5%, while there is no effect at the bottom quartile. Finally,

firms that operate in three or fewer segments experience negative CARs of average magnitude -

0.359%, while firms that operate in more than three segments have CARs that are not statistically

different from zero. However, the difference in CARs across firms that operate in different number
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of segments is not statistically different from zero.

Considering the magnitude of the effect of announcements on competitors in the low concentra-

tion and technology sectors, we observe that the effect for firms in the top quartile of sales growth

is even stronger than before – -1.16% and -1.29% in the 3-day CAR, respectively – and statistically

significant at 5%. Moreover, the differences in the magnitude of the effects on firms in and out of

the top quartile are also statistically significant at 5% in both cases. The result for firms with 3

or more segments is similar to the one in the benchmark case in terms of magnitude – -0.38% and

-0.40% in low concentration and technology industries, respectively – but no longer statistically

significant.

5.3 Robustness Checks on the Fixed Effects Models

In this subsection, we quickly overview some robustness checks that we did in order to verify the

strength of our results. First, in Table 11 we implement the alternative approach to breaking down

the sample across good and bad news announcements. As discussed in Section 4, we introduce

interactions of layoff and firm characteristics. As we can clearly see in the table, all our results

remain. In fact, due to the gain in sample size, our results become even a bit stronger.

Tables 12, 13, and 14 present three more robustness checks of our results. Table 12 focuses on

the subsample of announcements in which the stock reaction is statistically different from zero at

the 5% level in a two-tail t-test. The idea here is to focus on announcements that have a strong

market reaction, reducing the noise in our sample due to announcements that are not considered as

particularly newsworthy by investors. As we can see in Table 12, our results on R&D investment,

market-to-book, and sales growth are preserved, while the results on size are not robust.23 Similarly,

Table 13 focuses on the subsample of competitors that are currently members of the S&P 500 index.

Even though the sample size is reduced significantly, our results on sales growth and investment in

R&D are still quite robust. Finally, in Table 14 we replicate the analysis from Tables 8 and 9 with

the subsample of manufacturing firms. As expected, results are qualitatively the same.

23Even using the interactions of size with + Announcer CAR and − Announcer CAR generated no result
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5.4 Random Effects

Next, we consider the possibility that the unobserved characteristics of the event are not cor-

related to the individual firm characteristics as described in Section 4. If this is true, a random

effects model would be more suited for our estimation. We not only present our results, but also

test this hypothesis two ways. First, we present a test proposed by Wooldridge (2010) which uses

an auxiliary regression that extends the Hausmann test for the case in which the random effects

model is not fully efficient. Second, we use the Generalized Least Squares (GLS) transformation

using λ = 1−
√

σ2
u

(σ2
u+T∗σ2

cevent)
, where σcevent and σu are the standard deviations of the event-specific

random variables and idiosyncratic error, respectively, while T is the number of events in the sam-

ple. Based on this transformation, the closer λ is from 0, the less important are the event-specific

variables and, consequently, a pooled-OLS with clustered standard errors is the most suited model.

If, however, λ ≈ 1, then the data is best modeled through a fixed effects estimation. As we see

in Test A in the Appendix, the auxiliary regression test indicates that a random effects model is

better suited, while λ is approximately zero, indicating that the random effects model is closer to

a pooled OLS than to a fixed effects model. Finally, in order to evaluate the significance of the

event-specific variables, we run a Breusch and Pagan (1980) test. The result, presented in Test B

in the Appendix, rejects that a pooled OLS test is better suited than the random effects model.

Taken together, these tests indicate that a random effects model is the best suited in our case.

We present the results of the random effects estimation in Table 15. One of the main benefits of

a random effects model is that we can obtain estimates for the impact of variables that are constant

within events. Results for the competitors variables are similar to the ones presented for the fixed

effects estimations, corroborating our previous results. In terms of the announcer-specific variables,

we observe that many variables are not relevant – so we decided to omit them from the table. From

the significant coefficients, we see a positive impact of announcer’s size and profitability in the bad

news case, as well as a negative effect of profitability in the good news case. These results seem

to indicate the presence of competitive effects at some degree. For example, in the bad news case,

we can imagine that if a big and profitable firm is cutting down workers, it may be facing some

structural problems that it is trying to sort out before it impacts profitability. A similar argument
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can made for the negative impact of announcer’s profitability in the good news case. However,

the effects of these variables is small enough, that the overall CAR, once considering the impact of

the random effects, is still statistically insignificant even for firms at the top quartile of Announcer

ROA in the case of bad news. We have similar results for announcer’s size in the bad news case

and announcer’s profitability in the good news case. In terms of the layoff characteristics, the

only important result comes from the fact that announcer’s CAR has a positive and significant

coefficient, indicating again a pressure towards announcer and competitors to have stock price

reactions in the same direction, which corroborates the idea that contagion effects dominate.

6 Portfolio Approaches

6.1 Between Effects Regressions

In this section, we present the results of a between effects regression framework, as presented by

Goldman et al. (2012). This framework allows us to test event-level implications while suppressing

all rival firm variation within an event. In this sense, the only variation in this model is in average

rival characteristics across events. In particular, this model considers an equally-weighted portfolio

of competitors, i.e., both the dependent variable and independent variables are event-level averages.

In this sense, we only have one observation per event.

Table 16 presents our results. While we see a few event-level characteristics of the rivals as

statistically significant, their economic magnitude are rather small. In this sense, average rival

characteristics across events are uninformative, i.e., most of the differences in rivals’ reactions are

differences across firms within any given event. Consequently, the results in Table 16 corroborate

the patterns observed in Figures 1.B and 2, that showed a wide variation of competitors’ reactions

within event.

6.2 Value-Weighted Portfolios of Competitors

In this section, we follow Lang and Stultz (1992) and implement a weighted least squares with

weights equal to the reciprocal of the standard deviation of the market model residual for the
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industry portfolios. In this case, the value-weighted portfolios are created based on the one-year

lagged market value for the competitors. The interpretations for the results should be similar to

the ones of the between effects regressions, while the estimates may be more precise.

Our results are presented in Table 17. Results are similar to the ones obtained in Table 16 and

the results for the competitor’s characteristics are even less statistically significant. We interpret

these aggregate results as an indication that most of the variability in the competitor’s reactions

to layoff announcements is seen across competitors within the same event instead of across events

(and industries).

6.3 Other Robustness Checks

Our results are robust to different event windows – not only [−1,+1] but also [−1,+2], [−2,+2],

[−5,+5], among others. We also repeated our analysis for positive and negative announcer CARs,

eliminating the deciles around the mean (5th. and 6th.) as well as announcements that have a

reaction too close to zero. All our results are robust to these changes. In order to save space, we

omitted these tables. However, they are available upon request. In terms of firm and industry

characteristics, we studied the impact of a competitor having characteristics that makes it a likely

future announcer as well as a candidate for forced delisting and bankruptcy. These variables are

not statistically significant and their inclusion do not affect our results, therefore we decided to

omit them from the analysis.

7 Conclusion

In this paper, we examine the impact of mass layoff announcements on the announcer’s industry

competitors. We show that on average the contagion effect dominates the competitive effect.

Consequently, competitors’ stock market reaction goes in the same direction as the announcer’s

reaction. Moreover, competitors characteristics moderate the information transfer between peers,

and this moderating effect is conditional on whether the layoff is positive or negative news for the

announcer. In particular, our results point towards mass layoffs predominantly conveying news

about the medium to long-term prospects of the industry, which manifests in a strong contagion
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effect for competitors whose value is driven by growth prospects.

In particular, we show that competitors’ sales growth, size, number of segments, and R&D

investment have a clear impact on the firm’s stock price reaction. However, their effects differ

in terms of the informational content of the layoff, as well as the characteristics of the industry.

In particular, R&D investments have a positive impact on competitor’s CAR when the layoff

is seen as good announcer news, specially in low concentration and technology industries. This

result indicates that R&D is an important factor when unexpected news highlights new growth

opportunities are present in highly competitive industries where technological breakthroughs are

an important component of the business model. Differently, sales growth have a negative impact

on competitor’s CAR predominantly during announcer bad news events. This association is quite

strong in highly competitive industries.

Finally, we show that methodologies that focus only on the event-level variations, averaging

across competitors’ characteristics within events, are less suited to capture the variation of stock

price reaction across competitors. We show that most of the differences in competitors’ reactions

to layoff announcements are differences across firms within a given event. Due to the fact that the

variation of competitors’ reaction to layoff announcements within a given event has been increasing

over time, we expect the across-events methodologies to become even less informative for future

projects.
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Appendix

Test A: Random Effects vs. Fixed Effects Estimation

In order to verify if the fixed effects or the random effects model is the most suited for our case,
we test the hypothesis H0 : Cov(Ω, cevent) = 0. We follow Wooldridge (2010) and run the following
auxiliary regression:

CARi,t = θ ∗ wi,t + η ∗ v̄i,t + εi,t

where are all regressors including time-varying and time-constant regressors and a constant. v̄i,t
are the time averages of all time-varying regressors. A joint Wald test on:

H0 : η = 0

to test if Cov(Ω, cevent) = 0. We use cluster- robust standard errors to allow for heteroscedasticity
and serial correlation.

Auxiliary Regression - test Cov(Ω, cevent) = 0

Overall

Mean Market-to-Book -0.033
(0.227)

Mean Sales Growth -0.088
(1.514)

Mean R&D -0.484
(0.707)

Mean log(Total Assets) 0.079
(0.274)

Mean Cash Holdings 1.534
(2.789)

Mean (No. of Employees) -0.011
(0.019)

Mean RoA 4.160
(4.302)

Mean COGS 5.188*
(2.900)

Mean SG&A 6.463**
(2.981)

Additional Controls YES

Competitor Variables YES

Announcer Variables YES

N 27,379
F statistic 1.72
Adj. R2 0.01

* p < 0.1; ** p < 0.05; *** p < 0.01

Joint Wald Test : H0 : η = 0

F (14, 675) = 0.95
Prob > F = 0.5035

Therefore, we cannot reject the null hypothesis, i.e., we cannot reject that Cov(Ω, cevent) = 0.
Based on this test, we have an evidence that Random Effects is better-suited to our data.
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Test B: Pooled OLS vs. Random Effects

We start by using the Generalized Least Square (GLS) transformation using λ = 1−
√

σ2
u

(σ2
u+T∗σ2

cevent)
,

where σcevent and σu are the standard deviations of the event-specific random variables and idiosyn-
cratic error, respectively, while T is the number of events in the sample. Based on this transforma-
tion, the closer λ is from 0, the less important are the event-specific variables and, consequently, a
pooled-OLS with clustered standard errors is the most suited models. On the other side, if λ ≈ 1,
then the data is best-suited through a fixed-effects estimation.

λ

min 5% median 95% max

0.0067 0.0068 0.0263 0.0993 0.1368

Breusch and Pagan Lagrangian multiplier test for random effects

Finally, in order to evaluate the significance of the event-specific variables, we ran a Breusch and
Pagan (1980) test. The result, presented in the table below, rejects that a pooled OLS test is better
suited than the random effects model. Therefore, our tests indicate that a random effects model is
the best model in our case.

CARi,t = Xb+ cevent + εi,t

Estimated Results

Var SD

CAR 47.702 6.907

ε 45.521 6.747

cevent .7115 .8435

Test: V ar(cevent) = 0

χ2 = 11.64

Prob > χ2 = 0.000
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Figure 1.A This figure shows the fraction of announcers with positive CAR[-1,+1] for every year
in our sample of 676 announcements.

Figure 1.B This figure shows the fraction of competitors with positive CAR[-1,+1] for every year
in our sample of 676 announcements.
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Figure 2 This figure shows the average within-event standard deviation of competitors’ CAR[-1,+1]
for every year in our sample of 676 announcements.

0
.1

.2
.3

−10 −5 0 5 10 15
CAR[−1,+1]

 No R&D R&D

Density Plots: Fitted CARs

Figure 3 This figure shows the univariate kernel density estimation for competitors’ CAR[-1,+1],
divided between announcers with positive or zero R&D expenses for our sample of 676 announce-
ments. We assume Epanechnikov kernel functions.
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Table 2: Sample Construction

A. Competitors

Firms Observations

Firms listed in Compustat (1979-2010) 31,654 329,683

Non-US Firms -5,662 -52,410

Financial firms (SIC 6000 - 6799) -6,666 -64,999

Utility Firms (SIC 4610 - 4991) -1,631 -21,738

Obs. missing relevant variables -1,685 -35,867

Firms with total assets and sales below US$ 1 million -1,487 -20,254

Negative shareholders’ equity -486 -11,064

Matched to Eventus -8,572 -31,119

Announcements with likely mistakes in the data -121 -4,633

Obs. not in AMEX, NYSE, and Nasdaq -1,839 -21,834

Competitors with incomplete announcer information -26 -4,119

Layoffs within 5 days of other announcements or
100 days from previous layoffs -258 -30,148

Announcements by currently not in S&P500 -94 -3888

Layoff size less than 50 workers -8 -231

Total 3,127 27,379

B. Announcers

Announcers Announcements

Announcers: Total (1979-2010) 502 2,367

Obs. missing relevant variables -80 -586

Matched to Eventus -53 -338

Announcements with likely mistakes in the data -8 -61

Obs. not in AMEX, NYSE, and Nasdaq -18 -59

Eliminating announcers without competitors -3 -10

Layoffs within 5 days of other announcements or
100 days from previous layoffs -51 -546

Announcements by currently not in S&P500 -36 -81

Layoff size less than 50 workers -2 -10

Total 251 676
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Table 4 - Descriptives
The sample is 676 layoff announcements by S&P500 firms in the period 1979-2010 and information about their public 3-digit
SIC competitors. It includes information about 3,127 unique competitors and 251 unique announcers. All variables are
described in Table 3. Panel A describes the summary statistics for announcer and layoff characteristics in three sub-cases
- all announcements, good news, i.e., the cases in which announcer’s stock return reaction has a positive 3-day cumulative
abnormal return (CAR), and bad news, i.e., the cases in which announcer’s stock return reaction has a negative 3-day CAR.
Panel B presents the summary statistics for the 3,127 competitors in the sample, also for the three sub-cases presented above.
Panel C focuses on the 608 unique competitors that are currently member of the S&P 500 index. The reported levels of
significance at the mean t-tests, *, **, and ***, correspond to 10, 5, and 1% statistical significance levels at a two-tail test.
While presented results are not clustered on events, clustered results are qualitatively the same. Finally, Panel D shows how
the 676 layoff announcements are divided across industrial sectors, as well as how their characteristics in terms of number of
displaced workers, fraction of the firms’ labor force, and number of distinct announcer, and competitors per announcement
vary across industries.

Panel A - Announcers and Layoffs
All Announcements

Variable Mean Median St. Dev. Min Max N

CAR[−1,+1] -0.30 -0.29 5.21 -28.95 26.81 676

Market-to-book 2.79 2.02 2.51 0.30 13.48 676

Sales Growth 0.04 0.02 0.20 -0.42 1.37 676

R&D 0.84 1.00 0.36 0.00 1.00 676

Leverage 0.34 0.33 0.19 0.00 0.87 676

log(Total Assets) 8.72 8.80 0.90 5.89 9.70 676

Age 35.62 37.00 12.74 3.00 51.00 676

Cash Holdings 0.12 0.06 0.16 0.00 1.00 676

No. of Employees 43.27 36.31 30.75 0.84 89.00 676

RoA 0.15 0.15 0.08 -0.26 0.36 676

No. of Segments 5.01 4.00 3.09 1.00 16.00 676

COGS 0.63 0.67 0.19 0.17 1.02 676

SG&A 0.23 0.20 0.15 0.03 1.25 676

Layoff Size 1,562 675 2,587 50 24,600 676

Layoff Ratio 0.05 0.03 0.06 0.00 0.50 676

Good News Case

Variable Mean Median St. Dev. Min Max N

CAR[−1,+1] 3.48 2.33 3.95 0.00 26.81 308

Market-to-book 2.76 2.05 2.48 0.30 13.48 308

Sales Growth 0.03 0.01 0.18 -0.42 0.83 308

R&D 0.84 1.00 0.37 0.00 1.00 308

Leverage 0.35 0.34 0.19 0.00 0.87 308

log(Total Assets) 8.80 8.95 0.89 5.89 9.70 308

Age 37.03 39.00 12.44 5.00 51.00 308

Cash Holdings 0.12 0.06 0.16 0.00 1.00 308

No. of Employees 46.05 40.20 31.33 0.84 89.00 308

RoA 0.14 0.14 0.07 -0.20 0.36 308

No. of Segments 5.13 4.00 3.14 1 16 308

COGS 0.64 0.67 0.18 0.17 0.98 308

SG&A 0.22 0.19 0.14 0.03 0.68 308

Layoff Size 1,818 750 2,799 52 24,600 308

Layoff Ratio 0.05 0.03 0.06 0.00 0.50 308
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Bad News Case

Variable Mean Median St. Dev. Min Max N

CAR[−1,+1] -3.46 -2.21 3.85 -28.95 -0.00 368

Market-to-book 2.81 2.01 2.54 0.37 13.48 368

Sales Growth 0.05 0.02 0.22 -0.42 1.37 368

R&D 0.85 1.00 0.36 0 1 368

Leverage 0.33 0.33 0.19 0.00 0.87 368

log(Total Assets) 8.65 8.68 0.91 6.11 9.70 368

Age 34.45 36 12.89 3 51 368

Cash Holdings 0.12 0.06 0.15 0.00 0.91 368

No. of Employees 40.94 31.50 30.11 0.86 89.00 368

RoA 0.15 0.15 0.08 -0.26 0.36 368

No. of Segments 4.90 4.00 3.05 1 16 368

COGS 0.61 0.65 0.19 0.17 1.02 368

SG&A 0.24 0.20 0.16 0.03 1.25 368

Layoff Size 1,347 600 2,378 50 20,000 368

Layoff Ratio 0.05 0.03 0.05 0.00 0.33 368

Panel B - Competitors

All Announcements

Variable Mean Median St. Dev. Min Max N

CAR[−1,+1] 0.23 -0.12 7.41 -60.40 181.12 27,379

Market-to-book 3.05 2.11 2.79 0.30 13.48 27,379

Sales Growth 0.17 0.08 0.38 -0.42 1.37 27,379

R&D 0.82 1.00 0.39 0 1 27,379

Leverage 0.18 0.09 0.21 0.00 0.87 27,379

log(Total Assets) 5.27 5.01 1.82 1.30 9.70 27,379

Age 14.98 11.00 11.70 2.00 51.00 27,379

Cash Holdings 0.32 0.23 0.29 0.00 1.00 27,379

No. of Employees 5.28 0.69 14.48 0.04 89.00 27,379

RoA 0.08 0.11 0.16 -0.41 0.36 27,379

No. of Segments 2.50 2.00 1.56 1 19 27,379

COGS 0.52 0.53 0.22 0.17 1.11 27,379

SG&A 0.43 0.35 0.30 0.03 1.25 27,379
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Competitors - Good News Case

Variable Mean Median St. Dev. Min Max N

CAR[−1,+1] 0.95 0.27 7.94 -52.64 181.12 12,083

Market-to-book 2.91 2.03 2.68 0.30 13.48 12,083

Sales Growth 0.17 0.08 0.39 -0.42 1.37 12,083

R&D 0.82 1.00 0.39 0.00 1.00 12,083

Leverage 0.18 0.09 0.21 0.00 0.87 12,083

log(Total Assets) 5.29 5.03 1.81 1.30 9.70 12,083

Age 15.18 11 11.92 2 51 12,083

Cash Holdings 0.31 0.23 0.29 0.00 1.00 12,083

No. of Employees 5.33 0.69 14.52 0.04 89.00 12,083

RoA 0.07 0.10 0.16 -0.41 0.36 12,083

No. of Segments 2.50 2.00 1.57 1.00 15.00 12,083

COGS 0.53 0.54 0.22 0.17 1.11 12,083

SG&A 0.43 0.35 0.31 0.03 1.25 12,083

Competitors - Bad News Case

Variable Mean Median St. Dev. Min Max N

CAR[−1,+1] -0.33 -0.42 6.91 -60.40 149.58 15,296

Market-to-book 3.16 2.19 2.88 0.30 13.48 15,296

Sales Growth 0.17 0.09 0.38 -0.42 1.37 15,296

R&D 0.82 1.00 0.39 0 1 15,296

Leverage 0.18 0.10 0.21 0.00 0.87 15,296

log(Total Assets) 5.25 5.00 1.83 1.30 9.70 15,296

Age 14.83 11 11.52 2 51 15,296

Cash Holdings 0.32 0.23 0.29 0.00 1.00 15,296

No. of Employees 5.24 0.68 14.45 0.04 89.00 15,296

RoA 0.08 0.11 0.15 -0.41 0.36 15,296

No. of Segments 2.51 2 1.55 1 19 15,296

COGS 0.51 0.52 0.22 0.17 1.11 15,296

SG&A 0.43 0.36 0.30 0.03 1.25 15,296
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Panel C - Competitors - S&P

All Announcements

Variable Mean Median St. Dev. Min Max
t-test

(Comp. - Ann.) N

CAR[−1,+1] -0.04 -0.06 4.80 -41.76 43.05 0.257 3,407
Market-to-book 3.80 2.66 3.17 0.30 13.48 1.010∗∗∗ 3,407
Sales Growth 0.09 0.05 0.26 -0.42 1.37 0.0454∗∗∗ 3,407
R&D 0.87 1.00 0.34 0 1 0.0256 3,407
Leverage 0.26 0.24 0.20 0.00 0.87 -0.0835∗∗∗ 3,407
log(Total Assets) 8.45 8.47 1.02 5.02 9.70 -0.263∗∗∗ 3,407
Age 28.98 31.00 14.72 2.00 51.00 -6.647∗∗∗ 3,407
Cash Holdings 0.22 0.13 0.24 0.00 1.00 0.100∗∗∗ 3,407
No. of Employees 30.58 18.59 29.16 0.62 89.00 -12.69∗∗∗ 3,407
RoA 0.16 0.16 0.08 -0.26 0.36 0.0123∗∗∗ 3,407
No. of Segments 3.78 3.00 2.57 1 19 -1.223∗∗∗ 3,407
COGS 0.52 0.54 0.22 0.17 1.11 -0.104∗∗∗ 3,407
SG&A 0.30 0.27 0.18 0.03 1.25 0.0664∗∗∗ 3,407

∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Good News Case

Variable Mean Median St. Dev. Min Max
t-test

(Comp. - Ann.) N

CAR[−1,+1] 1.06 0.58 4.83 -21.97 43.05 -2.424∗∗∗ 1,474

Market-to-book 3.58 2.49 3.05 0.30 13.48 0.819∗∗∗ 1,474

Sales Growth 0.08 0.04 0.26 -0.42 1.37 0.053∗∗∗ 1,474

R&D 0.87 1.00 0.34 0 1 0.031 1,474

Leverage 0.25 0.24 0.20 0.00 0.87 -0.092∗∗∗ 1,474

log(Total Assets) 8.47 8.48 1.00 5.24 9.70 -0.327∗∗∗ 1,474

Age 28.94 31 14.72 2 51 -8.092∗∗∗ 1,474

Cash Holdings 0.22 0.13 0.24 0.00 1.00 0.104∗∗∗ 1,474

No. of Employees 30.78 18.47 29.34 0.62 89.00 -15.27∗∗∗ 1,474

RoA 0.16 0.15 0.08 -0.26 0.36 0.012∗ 1,474

No. of Segments 3.83 3.00 2.62 1 15 -1.303∗∗∗ 1,474

COGS 0.54 0.56 0.22 0.17 1.11 -0.103∗∗∗ 1,474

SG&A 0.29 0.26 0.18 0.03 1.25 0.068∗∗∗ 1,474
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Bad News Case

Variable Mean Median St. Dev. Min Max
t-test

(Comp. - Ann.) N

CAR[-1,+1] -0.88 -0.53 4.61 -41.76 20.63 2.583∗∗∗ 1,933

Market-to-book 3.96 2.85 3.26 0.30 13.48 1.153∗∗∗ 1,933

Sales Growth 0.09 0.05 0.25 -0.42 1.37 0.039∗∗ 1,933

R&D 0.87 1.00 0.34 0 1 0.021 1,933

Leverage 0.26 0.25 0.21 0.00 0.87 -0.077∗∗∗ 1,933

log(Total Assets) 8.44 8.46 1.03 5.02 9.70 -0.209∗∗∗ 1,933

Age 29.01 31 14.73 2 51 -5.439∗∗∗ 1,933

Cash Holdings 0.22 0.13 0.24 0.00 1.00 0.098∗∗∗ 1,933

No. of Employees 30.42 19 29.04 0.62 89.00 -10.51∗∗∗ 1,933

RoA 0.16 0.16 0.08 -0.26 0.36 0.013∗∗ 1,933

No. of Segments 3.75 3 2.53 1 19 -1.152∗∗∗ 1,933

COGS 0.51 0.52 0.22 0.17 0.99 -0.103∗∗∗ 1,933

SG&A 0.31 0.28 0.18 0.03 1.15 0.064∗∗∗ 1,933
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Panel D: Layoffs per Industry – Means

Sector
Number

of Layoffs

Layoff
Size

Layoff
Ratio Ann.

Comp.
(All)

Comp.
(S&P 500)

Manufacturing 569 1,543 4.65% 193 29 5

Mining 20 583 7.28% 10 45 5

Retail Trade 31 3,163 6.27% 20 11 3

Services 52 1,270 6.66% 24 187 15

Transportation, Eletric, Gas 2 695 2.19% 2 2 .

Wholesale Trade 2 385 .99% 2 5 2
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Table 5: Distribution of layoffs announcements over time and industry

This table presents how our sample of 676 mass layoff announcements are distributed across time and across major
industrial sectors.

Year M
a
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u
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tu
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g
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in

in
g

R
e
ta

il

S
e
rv

ic
e
s

T
ra

n
sp

.,
E

le
tr

ic
,

G
a
s

W
h

o
le

sa
le

T
o
ta

l

1979 2 2
1980 7 7
1981 7 7
1982 11 11
1983 8 8
1984 28 1 29
1985 49 1 50
1986 33 4 2 39
1987 10 10
1988 12 1 13
1989 12 1 2 15
1990 19 3 21
1991 32 1 1 1 35
1992 21 4 2 27
1993 22 22
1994 22 1 4 2 29
1995 18 2 3 1 24
1996 15 1 2 1 19
1997 17 1 1 19
1998 30 4 1 1 36
1999 20 2 22
2000 13 1 3 1 18
2001 40 3 8 51
2002 21 2 6 29
2003 17 2 5 1 25
2004 6 1 2 9
2005 12 2 2 16
2006 14 1 1 16
2007 7 1 1 9
2008 23 2 5 1 31
2009 16 1 2 19
2010 5 2 1 8

Total 569 20 31 52 2 2 676
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Table 7: Probit: Announcer

This table presents the likelihood of a given firm becoming an announcer. Announcers and competitors are firms that were
members of the S&P 500 index at some point in our sample period. We include all the announcers in our sample, but restrict
competitors to the 1,269 unique firms were at some point in the sample period listed in the S&P 500 index that did not
announce a layoff. We control for decade and industry fixed effects and bootstrap the st. errors.

Announcer Announcer Announcer Announcer

Market-to-Book -0.039*** -0.040*** -0.036*** -0.037***
(0.011) (0.012) (0.011) (0.012)

Sales Growth 0.092 0.023 0.048 -0.009
(0.102) (0.107) (0.102) (0.109)

R&D -0.007 -0.033 -0.094 -0.108
(0.065) (0.067) (0.078) (0.078)

Leverage 0.574*** 0.577*** 0.664*** 0.671***
(0.140) (0.138) (0.133) (0.137)

log(Total Assets) 0.023 0.036 0.062** 0.072**
(0.028) (0.031) (0.032) (0.035)

Age 0.009*** 0.009*** 0.009*** 0.009***
(0.002) (0.002) (0.002) (0.002)

Cash Holdings -0.254 -0.119 -0.219 -0.107
(0.164) (0.160) (0.164) (0.162)

No. of Employees 0.003*** 0.003*** 0.002* 0.002*
(0.001) (0.001) (0.001) (0.001)

RoA 0.745* 0.406 0.716 0.420
(0.400) (0.432) (0.451) (0.472)

No. of Segments 0.021** 0.021** 0.031*** 0.031***
(0.009) (0.009) (0.009) (0.010)

S&P 500 0.458*** 0.459*** 0.431*** 0.436***
(0.083) (0.086) (0.075) (0.079)

COGS 1.243*** 1.072*** 0.987*** 0.837***
(0.237) (0.236) (0.268) (0.282)

SG&A 1.069*** 0.994*** 1.197*** 1.126***
(0.266) (0.249) (0.322) (0.323)

Industry Fixed Effects NO NO YES YES
Year Fixed Effects NO YES NO YES

N 6,405 6,405 6,403 6,403
Pseudo R2 0.119 0.126 0.129 0.134

* p < 0.1; ** p < 0.05; *** p < 0.01
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Table 8 - Tests for average effects

Panel A - All annoncements

Competitors’ 2-tail tests: Abnormal Returns over the Event window

Overall

Patell test is the standardized abnormal return test developed by Patell (1976),
Std. C.S. Z is the standardized cross-sectional test for market model abnor-
mal returns introduced by Boehmer, Musumeci, and Poulsen (1991). Finally, the
EGLS presents the estimated generalized least squares test suggested by Sanders
and Robins (1991).

Day N AR + : -
Patell

Z
Std. C.S.

Z
EGLS

Z

-5 676 0.03% 326:350 -0.028 -0.025 -0.024

-4 676 0.12% 323:353 1.025 0.87 0.777

-3 676 -0.06% 338:338 -0.936 -0.795 -0.723

-2 676 0.12% 342:334 1.845$ 1.649$ 1.482

-1 676 0.01% 323:353 -0.58 -0.524 -0.491

0 676 -0.06% 340:336 -0.429 -0.36 -0.332

1 676 -0.08% 297:379<< -2.152* -1.926$ -1.759$

2 676 -0.02% 325:351 0.468 0.441 0.395

3 676 -0.02% 335:341 0.087 0.086 0.078

4 676 -0.06% 331:345 -1.755$ -1.593 -1.482

5 676 -0.10% 297:379<< -1.29 -1.103 -1.064

The symbols $ , *,**, and *** denote statistical significance at the 0.10, 0.05, 0.01 and

0.001 levels, respectively. The symbols (, < or ), > etc. correspond to $ ,* and show the

direction and significance of the generalized sign test.
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Competitors’ 2-tail tests: Parametric Statistics with bootstrapped significance levels

Overall

Patell test is the standardized abnormal return test developed by Patell (1976), Std. C.S.
Z is the standardized cross-sectional test for market model abnormal returns introduced
by Boehmer, Musumeci, and Poulsen (1991), Port. T.S. t is the time-series standard
deviation test, also called the “crude dependence adjustment test” (Brown and Warner,
1980). Finally, the C.S. St. Dev. t is the cross-sectional standard deviation test, also
suggested by Brown and Warner (1985). Abnormal Returns based on the Market Model.

Days N CAR
Patell

Z
Std. C.S.

Z
Port. T.S.

t
C.S. St. Dev.

t

(-1,+1) 676 -0.12% -1.832$ -1.636$ -1.129 -1.21

(0,0) 676 -0.06% -0.431 -0.36 -0.889 -0.865

(-1,+3) 676 -0.16% -1.164 -1.083 -1.148$ -1.258

(-2,+2) 676 -0.02% -0.384 -0.366 -0.143 -0.159

(-5,+5) 676 -0.11% -1.084 -1.043 -0.524 -0.616

The symbols $ , *,**, and *** denote statistical significance at the 0.10, 0.05, 0.01 and 0.001

levels, respectively, using a two-tail nonparametric bootstrap of the indicated test.
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Panel B - Good News for the Announcer

Competitors’ 2-tail tests: Abnormal Returns over the Event window

Good News

Patell test is the standardized abnormal return test developed by Patell (1976),
Std. C.S. Z is the standardized cross-sectional test for market model abnormal
returns introduced by Boehmer, Musumeci, and Poulsen (1991). Finally, the EGLS
presents the estimated generalized least squares test suggested by Sanders and
Robins (1991).

Day N AR + : -
Patell

Z
Std. C.S.

Z
EGLS

Z

-5 308 -0.07% 144:164 -1.252 -1.004 -1.015

-4 308 0.26% 151:157 2.259* 1.726$ 1.547

-3 308 -0.05% 157:151 -0.388 -0.331 -0.314

-2 308 0.05% 153:155 0.784 0.712 0.669

-1 308 0.17% 158:150 1.905$ 1.625 1.559

0 308 0.18% 169:139> 2.759** 2.353* 2.274*

1 308 0.10% 159:149 1.061 0.885 0.809

2 308 0.04% 155:153 0.589 0.565 0.521

3 308 0.00% 154:154 0.601 0.551 0.494

4 308 -0.03% 148:160 -0.639 -0.603 -0.553

5 308 -0.14% 129:179< -1.386 -1.223 -1.159

The symbols $, *,**, and *** denote statistical significance at the 0.10, 0.05, 0.01 and

0.001 levels, respectively.The symbols (, < or ), > etc. correspond to $,* and show the

direction and significance of the generalized sign test.

Competitors’ 2-tail tests: Parametric Statistics with bootstrapped significance levels

Good News

Patell test is the standardized abnormal return test developed by Patell (1976), Std.
C.S. Z is the standardized cross-sectional test for market model abnormal returns
introduced by Boehmer, Musumeci, and Poulsen (1991), Port. T.S. t is the time-series
standard deviation test, also called the “crude dependence adjustment test” (Brown and
Warner, 1980). Finally, the C.S. St. Dev. t is the cross-sectional standard deviation
test, also suggested by Brown and Warner (1985)

Days N CAR
Patell

Z
Std. C.S.

Z
Port. T.S.

t
C.S. St. Dev.

t

(-1,+1) 308 0.44% 3.306** 2.940** 2.894*** 3.123**

(0,0) 308 0.18% 2.773* 2.353** 1.980** 2.082*

(-1,+3) 308 0.48% 3.079** 2.916** 2.424*** 2.736**

(-2,+2) 308 0.54% 3.156** 2.996** 2.710*** 2.972***

(-5,+5) 308 0.50% 1.897$ 1.774$ 1.704* 1.974*

The symbols $, *,**, and *** denote statistical significance at the 0.10, 0.05, 0.01 and 0.001

levels, respectively, using a two-tail nonparametric bootstrap of the indicated test.
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Panel C - Bad News for the Announcer

Competitors’ 2-tail tests: Abnormal Returns over the Event window

Bad News

Patell test is the standardized abnormal return test developed by Patell (1976), Std.
C.S. Z is the standardized cross-sectional test for market model abnormal returns
introduced by Boehmer, Musumeci, and Poulsen (1991). Finally, the EGLS presents
the estimated generalized least squares test suggested by Sanders and Robins (1991).

Day N AR + : -
Patell

Z
Std. C.S.

Z
EGLS

Z

-5 368 0.11% 182:186 1.107 1.1 0.987

-4 368 0.01% 172:196 -0.677 -0.644 -0.574

-3 368 -0.07% 181:187 -0.913 -0.772 -0.679

-2 368 0.18% 189:179 1.784$ 1.571 1.367

-1 368 -0.12% 165:203( -2.528* -2.437* -2.230*

0 368 -0.25% 171:197 -3.105** -2.609** -2.322*

1 368 -0.23% 138:230<<< -3.888*** -3.774*** -3.445***

2 368 -0.07% 170:198 0.095 0.089 0.078

3 368 -0.03% 181:187 -0.432 -0.452 -0.417

4 368 -0.08% 183:185 -1.794$ -1.58 -1.483

5 368 -0.07% 168:200 -0.481 -0.4 -0.392

The symbols $, *,**, and *** denote statistical significance at the 0.10, 0.05, 0.01 and

0.001 levels, respectively. The symbols (, < or ), > etc. correspond to $,* and show the

direction and significance of the generalized sign test.

Competitors’ 2-tail tests: Parametric Statistics with bootstrapped significance levels

Bad News

Patell test is the standardized abnormal return test developed by Patell (1976), Std.
C.S. Z is the standardized cross-sectional test for market model abnormal returns
introduced by Boehmer, Musumeci, and Poulsen (1991), Port. T.S. t is the time-series
standard deviation test, also called the “crude dependence adjustment test” (Brown and
Warner, 1980). Finally, the C.S. St. Dev. t is the cross-sectional standard deviation
test, also suggested by Brown and Warner (1985)

Days N CAR
Patell

Z
Std. C.S.

Z
Port. T.S.

t
C.S. St. Dev.

t

(-1,+1) 368 -0.60% -5.508** -5.147** -3.844** -4.264**

(0,0) 368 -0.25% -3.121** -2.609** -2.780** -2.624**

(-1,+3) 368 -0.70% -4.395** -4.158** -3.480** -3.864**

(-2,+2) 368 -0.49% -3.408** -3.338** -2.419** -2.795**

(-5,+5) 368 -0.62% -3.205** -3.211** -2.081** -2.520*

The symbols $, *,**, and *** denote statistical significance at the 0.10, 0.05, 0.01 and 0.001

levels, respectively, using a two-tail nonparametric bootstrap of the indicated test.
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Table 11: Competitors’ Stock Return Reaction

Alternative Approach

This table reports our results from a fixed effects regression model with interaction terms.The dependent variable is the
competitors’ cumulative abnormal return around a 3 day event window centered on event. Column 1 is our benchmark
model that includes 27,379 competitor-event observations for 676 layoff announcements. Columns 2 reports our results for
competitors in competitive industries. Industry concentration is measure based on the Herfindahl-Hirschman Index (HHI).
High concentration industries have HHI above the median HHI for the sample and low concentration industries report HHI
below the sample median. Columns 3 reports our results for competitors in technology industries. We control for event fixed
effects and cluster standard errors by event.

Benchmark Low HHI Technology

+ Ann. CAR × Comp. Market-to-Book 0.080 0.085 0.116
(0.067) (0.073) (0.084)

- Ann. CAR × Comp. Market-to-Book -0.077** -0.084* -0.070
(0.037) (0.044) (0.049)

+ Ann. CAR × Comp. Sales Growth 0.271 0.406 0.287
(0.330) (0.345) (0.371)

- Ann. CAR × Comp. Sales Growth -0.862*** -0.878*** -1.112***
(0.221) (0.249) (0.262)

+ Ann. CAR × Comp. R&D 1.168*** 1.251*** 1.492***
(0.256) (0.272) (0.331)

- Ann. CAR × Comp. R&D -0.173 -0.134 -0.206
(0.192) (0.235) (0.262)

+ Ann. CAR × Comp. log(Total Assets) 0.066 0.069 0.120
(0.076) (0.082) (0.100)

- Ann. CAR × Comp. log(Total Assets) -0.192*** -0.179*** -0.205***
(0.058) (0.064) (0.071)

+ Ann. CAR × Comp. No. of Segments -0.163*** -0.122** -0.168**
(0.047) (0.055) (0.080)

- Ann. CAR × Comp. No. of Segments 0.108*** 0.114*** 0.172***
(0.037) (0.042) (0.062)

Leverage -0.043 -0.117 0.238
(0.314) (0.333) (0.377)

Cash Holdings -0.199 -0.338 -0.200
(0.274) (0.257) (0.292)

No. of Employees -0.000 -0.002 -0.003
(0.004) (0.004) (0.006)

RoA -0.521 -0.586 -0.508
(0.815) (0.847) (0.992)

Constant 0.265 0.181 -0.243
(0.653) (0.670) (0.834)

Events 676 358 190

N 27,379 23,667 19,673
Adj. R2 0.0551 0.0625 0.0698

* p < 0.1; ** p < 0.05; *** p < 0.01
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Table 12: Competitors’ Stock Return Reaction

Only st. signif. announcements

This table reports our results from a fixed effects regression model with interaction terms. Our sample is restricted to announcements in which the
announcer’s stock price reaction is statistically different from zero. The dependent variable is the competitors’ cumulative abnormal return around a 3
day event window centered on event. Column 1 is our benchmark model that includes 3,186 competitor-event observations for 89 layoff announcements.
Columns 2 reports our results for competitors in competitive industries. Industry concentration is measure based on the Herfindahl-Hirschman Index
(HHI). High concentration industries have HHI above the median HHI for the sample and low concentration industries report HHI below the sample
median. Columns 3 reports our results for competitors in technology industries. Column 4 reports results for competitors in large layoff events. A
large layoff event is a layoff event where the layoff size is above the median layoff size for the sample. Finally, we control for event fixed effects and
cluster standard errors by event.

Benchmark Low HHI Technology Large Layoff

+ Ann. CAR × Comp. Market-to-Book 0.234** 0.257** 0.249* 0.221
(0.119) (0.117) (0.133) (0.140)

- Ann. CAR × Comp. Market-to-Book -0.094 -0.173 -0.140 -0.152
(0.108) (0.127) (0.173) (0.114)

+ Ann. CAR × Comp. Sales Growth 1.191 1.235* 1.258* 1.631***
(0.753) (0.652) (0.683) (0.575)

- Ann. CAR × Comp. Sales Growth -2.957*** -3.107** -3.926** -3.263***
(1.036) (1.274) (1.549) (1.188)

+ Ann. CAR × Comp. R&D 1.604* 1.926** 2.207** 1.771**
(0.830) (0.783) (0.896) (0.694)

- Ann. CAR × Comp. R&D -0.280 -0.463 -1.057 -0.583
(0.574) (0.803) (1.348) (0.632)

Leverage -0.875 -1.017 -0.195 -0.432
(1.101) (1.204) (1.455) (1.306)

log(Total Assets) 0.019 0.140 0.215 0.148
(0.216) (0.232) (0.256) (0.249)

Cash Holdings 0.123 0.191 0.476 0.306
(0.963) (1.021) (1.054) (1.024)

RoA -0.452 -1.145 -1.635 -1.905
(2.551) (2.794) (3.657) (3.090)

Controls YES YES YES YES

Events 89 42 24 58

N 3,186 2,654 2,214 2,443

Adj. R2 0.1081 0.1232 0.1180 0.1250

* p < 0.1; ** p < 0.05; *** p < 0.01
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Table 13: Competitors’ Stock Return Reaction

Only S&P 500 competitors

This table reports our results from a fixed effects regression model with interaction terms. Our sample is restricted to only competitors that are
members of the S&P 500 index at the moment of the announcement. The dependent variable is the competitors’ cumulative abnormal return
around a 3 day event window centered on event. Column 1 is our benchmark model that includes 3,407 competitor-event observations for 608 layoff
announcements. Columns 2 reports our results for competitors in competitive industries. Industry concentration is measure based on the Herfindahl-
Hirschman Index (HHI). High concentration industries have HHI above the median HHI for the sample and low concentration industries report HHI
below the sample median. Columns 3 reports our results for competitors in technology industries. Column 4 reports results for competitors in large
layoff events. A large layoff event is a layoff event where the layoff size is above the median layoff size for the sample. Finally, we control for event
fixed effects and cluster standard errors by event.

Benchmark Low HHI Technology Large Layoff

+ Ann. CAR × Comp. Market-to-Book -0.096 -0.110 -0.152 -0.190*
(0.088) (0.095) (0.118) (0.113)

- Ann. CAR × Comp. Market-to-Book -0.009 -0.003 -0.002 -0.065
(0.078) (0.082) (0.108) (0.097)

+ Ann. CAR × Comp. Sales Growth 0.912 0.951 1.138 1.889*
(1.183) (1.162) (1.326) (1.045)

- Ann. CAR × Comp. Sales Growth -2.747*** -3.007*** -3.398*** -3.706***
(0.802) (0.853) (0.987) (1.052)

+ Ann. CAR × Comp. R&D 1.597*** 1.908*** 2.708*** 1.871***
(0.412) (0.475) (0.671) (0.565)

- Ann. CAR × Comp. R&D -0.582 -0.430 -0.347 -0.805
(0.411) (0.433) (0.743) (0.597)

Leverage 0.884 0.616 1.167 0.926
(0.574) (0.611) (0.826) (0.773)

log(Total Assets) 0.130 0.094 0.269 0.347
(0.172) (0.187) (0.252) (0.253)

Cash Holdings -0.735 -0.935* -1.151* -0.454
(0.546) (0.548) (0.665) (0.724)

RoA 1.954 1.989 3.305 3.531
(1.919) (2.124) (2.560) (2.656)

Controls YES YES YES YES

Events 608 357 188 265

N 3,407 2,864 1,734 1,842

Adj. R2 0.2439 0.2653 0.2884 0.2493

* p < 0.1; ** p < 0.05; *** p < 0.01
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Table 14: Competitors’ Stock Return Reaction

Manufacturing

This table reports our results from a fixed effects regression model for the subsample restricted to the manufacturing sector. Panel A presents the good
news case, while Panel B presents the bad news case. Specifications in panels A and B follow the models presented in tables 9 and 10, respectively.

A. Good News Case

Benchmark Low HHI High HHI Technology Non-Tech Large Layoff

Market-to-Book -0.024 -0.031 0.041 0.022 -0.108 -0.040
(0.065) (0.067) (0.154) (0.075) (0.077) (0.076)

Sales Growth -0.300 -0.048 -1.681 -0.450 -0.121 -0.687
(0.396) (0.389) (1.044) (0.462) (0.704) (0.535)

R&D 0.809*** 0.768*** 0.931 1.561*** 0.407 1.128**
(0.283) (0.288) (0.725) (0.504) (0.353) (0.462)

log(Total Assets) 0.051 0.045 0.048 0.088 -0.049 0.118
(0.097) (0.099) (0.258) (0.100) (0.170) (0.115)

Cash Holdings 0.406 0.178 1.455 0.879 -0.987 1.048
(0.543) (0.557) (1.300) (0.584) (1.207) (0.742)

RoA -1.539 -0.992 -3.688 0.606 -5.754** -0.123
(1.558) (1.756) (4.442) (1.771) (2.879) (2.187)

No. of Segments -0.100** -0.019 -0.387*** -0.037 -0.124*** -0.025
(0.045) (0.050) (0.090) (0.083) (0.047) (0.080)

Controls YES YES YES YES YES YES

Events 258 133 125 69 189 108

N 7,388 5,939 1,449 4,823 2,565 3,871

Adj. R2 0.0382 0.0444 0.0242 0.0575 0.0051 0.0257

* p < 0.1; ** p < 0.05; *** p < 0.01

B. Bad News Case

Benchmark Low HHI High HHI Technology Non-Tech Large Layoff

Market-to-Book -0.098*** -0.106*** 0.013 -0.088** -0.104* -0.111**
(0.034) (0.036) (0.123) (0.043) (0.053) (0.048)

Sales Growth -0.755** -0.799** -0.312 -1.324*** 0.244 -1.238**
(0.359) (0.378) (0.627) (0.456) (0.421) (0.482)

R&D -0.182 -0.034 -0.593 -0.453 0.007 -0.245
(0.245) (0.287) (0.530) (0.530) (0.244) (0.422)

log(Total Assets) -0.271*** -0.241** -0.399** -0.369*** -0.119 -0.317**
(0.080) (0.094) (0.167) (0.111) (0.086) (0.125)

Cash Holdings -0.022 -0.227 1.458 -0.430 0.741 0.635
(0.429) (0.459) (1.220) (0.511) (0.727) (0.594)

RoA 2.470** 2.258* 3.289 3.241* 1.423 2.168
(1.184) (1.360) (4.493) (1.885) (1.314) (1.708)

No. of Segments 0.077* 0.070 0.096 0.130** 0.025 0.069
(0.042) (0.043) (0.072) (0.062) (0.045) (0.054)

Controls YES YES YES YES YES YES

Events 311 159 152 77 234 128

N 9,029 7,177 1,852 5,159 3,870 4,695
Adj. R2 0.0466 0.0569 -0.0007 0.0664 0.0216 0.0674

* p < 0.1; ** p < 0.05; *** p < 0.01
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Table 15: Competitors’ Stock Return Reaction

Random Effects

This table reports our results from a random effects regression model.The dependent variable is the competitors’ cumulative
abnormal return around a 3 day event window centered on event. Column 1 is our benchmark model that includes 27,379
competitor-event observations for 676 layoff announcements. Columns 2 reports our results for the subsample in which
announcer’s stock reactions were positive. Columns 3 reports our results for the subsample in which announcer’s stock
reactions were negative. We include all the competitor’s controls presented in tables 9 and 10. We control for event fixed
effects and cluster standard errors by event.

Overall Good News Bad News

Market-to-Book -0.011 0.061 -0.060
(0.040) (0.071) (0.042)

Sales Growth -0.382* 0.039 -0.783***
(0.225) (0.321) (0.240)

R&D 0.368** 0.946*** -0.042
(0.152) (0.234) (0.180)

log(Total Assets) -0.080 0.157 -0.259***
(0.063) (0.102) (0.069)

Cash Holdings -0.153 0.239 -0.477
(0.266) (0.435) (0.317)

RoA -0.297 -1.537 0.448
(0.804) (1.422) (0.914)

No. of Segments 0.001 -0.103** 0.078**
(0.028) (0.040) (0.035)

Ann. CAR[−1,+1] 0.116*** 0.155*** 0.093*
(0.031) (0.030) (0.055)

Ann. log(Total Assets) 0.203 -0.050 0.349**
(0.134) (0.176) (0.176)

Ann. RoA 0.414 -6.541** 5.537**
(1.938) (2.617) (2.515)

Ann. SG&A 2.277 -4.362* 6.480***
(1.785) (2.597) (2.145)

Controls YES YES YES

Announcer and Layoff Variables YES YES YES

Events 676 308 368

N 27,379 12,083 15,296

* p < 0.1; ** p < 0.05; *** p < 0.01
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Table 16: Portfolio of Competitors
Between Estimators Model

This table reports our results from a between effects regression model. The dependent variable is the equally
weighted competitors’ cumulative abnormal return around a 3 day event window centered on event. Both
the dependent and independent variables represent an equally-weighted portfolio of competitors. That is,
each variable represents an event level average. Column 1 is our benchmark model that includes 676 equally
weighted competitors for 676 layoff announcements. Column 2 reports results for the good news case where
the announcer’s stock market reaction was positive. Column 3 reports results for the bad news case where the
announcer’s stock market reaction was negative. In each of the three models reported in this table, we control
for announcer characteristics and decade indicator dummies.

Overall Positive CAR Negative CAR

Port. Market-to-Book -0.178 0.071 -0.257
(0.129) (0.222) (0.168)

Port. Sales Growth -1.207 -0.528 -2.017*
(0.965) (2.179) (1.179)

Fraction Comp. R&D 0.473 0.694 0.177
(0.370) (0.566) (0.612)

Port. log(Total Assets) -0.068 0.248 -0.374*
(0.127) (0.214) (0.192)

Port. Age -0.008 -0.010 0.002
(0.028) (0.045) (0.042)

Port. Cash Holdings 2.699** -0.983 5.383**
(1.298) (3.099) (2.312)

Port. RoA 6.918** -2.935 11.292**
(3.292) (6.438) (4.688)

Ann. CAR[-1,+1] 0.115*** 0.132*** 0.077*
(0.019) (0.033) (0.040)

Ann. Market-to-Book 0.083 0.121 0.045
(0.061) (0.088) (0.070)

Ann. Sales Growth -1.519** -0.646 -1.919***
(0.595) (0.791) (0.723)

Controls YES YES YES

Announcer & Layoff Variables YES YES YES

Decade Dummies YES YES YES

N 676 308 368

Adj. R2 0.1076 0.0343 0.1208

* p < 0.1; ** p < 0.05; *** p < 0.01
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Table 17: Weighted Portfolio of Competitors

Weighted Least Squares

This table reports our results from a weighted least squares regression model. The dependent variable is the
value weighted competitors’ cumulative abnormal return around a 3 day event window centered on event. Both
the dependent and independent variables represent a value-weighted portfolio of competitors. The weights used
to construct this sample are equal to the reciprocal of the standard deviation of the market model residual
from the industry portfolios. Column 1 is our benchmark model that includes 676 value weighted competitors
for 676 layoff announcements. Column 2 reports results for the good news case where the announcer’s stock
market reaction was positive. Column 3 reports results for the bad news case where the announcer’s stock
market reaction was negative. In each of the three models reported in this table, we control for announcer
characteristics and decade indicator dummies.

Overall Positive CAR Negative CAR

Port. Market-to-Book -0.110 0.004 -0.2003*
(0.076) (0.101) (0.1159)

Port. Sales Growth -0.486 1.229 -2.3046
(1.088) (1.855) (1.6224)

Fraction Comp. R&D 0.399 0.364 0.2581
(0.469) (0.507) (0.7067)

log(Total Assets) -0.188 0.145 -0.5223**
(0.183) (0.326) (0.2510)

Port. Cash Holdings 3.823** 2.700 5.2179**
(1.546) (2.320) (2.0773)

Port. RoA 3.834 -0.285 6.6797*
(2.694) (5.500) (3.3592)

Ann. CAR[-1,+1] 0.133*** 0.131** 0.1298***
(0.027) (0.061) (0.0369)

Ann. Market-to-Book 0.005 -0.013 0.0005
(0.058) (0.082) (0.0809)

Ann. Sales Growth -1.292** -0.136 -2.0762**
(0.628) (1.042) (0.8538)

Ann. log(Total Assets) 0.357* 0.443 0.2502
(0.198) (0.270) (0.2367)

Ann. No. of Employees -0.012** -0.013* -0.0094
(0.005) (0.007) (0.0058)

Controls YES YES YES

Announcer & Layoff Variables YES YES YES

Decade Dummies YES YES YES

Industry Clusters 83 65 70

N 676 308 368

F statistic 4.39 2.55 6.28

Adj. R2 0.0899 -0.0063 0.1172

* p < 0.1; ** p < 0.05; *** p < 0.01
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