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Stop the Presses! Or Wait, We Might Need Them: Firm Responses to Local 
Newspaper Closures and Layoffs 

 
ABSTRACT  

 
 
The newspaper industry has struggled in recent decades, as readers and marketing revenue have 
migrated to digital outlets. Facing these pressures, many US newspapers have downsized or closed 
completely. We examine changes in firm behavior after they experience a shock to the local 
newspaper industry. Compared to a sample of matched control firms, we find that following 
newspaper closures and large industry layoffs, nearby public companies react by (1) increasing 
voluntary disclosure, consistent with firms responding to an increased demand for their 
information, and (2) increasing dividend payouts, consistent with firms attempting to alleviate 
concerns about agency problems exacerbated by the loss of a local watchdog. Cross-sectional 
analyses confirm that these results are driven by geographically-concentrated firms that rely more 
heavily on local newspapers to create and disseminate information about them to the public. We 
match treatment and control firms on both firm and local economic characteristics to mitigate 
concerns that differences between the two groups are driven by changes between local economies. 
Finally, we observe no change in either the financial reporting quality or performance of treatment 
firms, relative to control firms, in the post period, suggesting that the changes we document to 
payout and disclosure policy are not driven by changes in firm performance or firms’ accounting 
choices. 
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1. Introduction 

 Over the past several decades, new technology has substantially changed the way 

information is transmitted in financial markets. A growing literature focuses on documenting the 

effects and efficacy of information dissemination through new high-tech mediums such as Twitter 

(Blankespoor et al. 2013; Elliott et al. 2018), corporate websites (Elliott et al. 2012), mobile phones 

(Brown et al. 2015; Brown et al. 2017; Grant 2017), and internet webpages (Drake et al. 2017; 

Stice 2019). As more eyeballs and advertising dollars move towards these types of digital media 

platforms, the importance of newspapers has faded, and many newspapers have either closed 

permanently or substantially reduced their staff. Within this changing media landscape, we 

examine if interruptions specifically to the local print newspaper industry have a measurable effect 

on firm activities. 

 Our investigation is motivated by the current and ongoing public discussion about the role 

and relevance of traditional print media in society. Even with the explosion of online news outlets 

and the overall quantity of available information, there is some evidence that the newspaper 

industry’s decay has led to a decline in the quantity of original news produced and disseminated 

in the US (Pew Research Center 2010). Newspapers, despite shrinking substantially in recent 

decades, still produce the bulk of original news content (between 50% and 95%), especially on 

local and regional stories (Erdal 2011; Cage et al. 2017). Online news outlets (and to some extent, 

nationally recognized papers like The Wall Street Journal and The New York Times) frequently 
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disseminate these stories to a broader audience, sometimes after an algorithm cuts the story into a 

shorter blurb (e.g., Blankespoor et al. 2018).1, 2  

 Closures or layoffs at local papers, therefore, may have wide-ranging effects on the local 

information environment. For example, in a related study, Gao et al. (2018) establish that 

newspaper closures lead to excess government salaries and increased municipal borrowing, 

consistent with the loss of a local monitor leading to rent extraction. Schulhofer-Wohl and Garrido 

(2013) also examine this issue in a case study examining the closing of The Cincinnati Post, which, 

at the time of its closure, had only a 12% market share in the Cincinnati metro area (which is and 

was dominated by The Cincinnati Enquirer). After The Cincinnati Post shuttered, political 

participation decreased in Cincinnati in terms of voter turnout, candidates per race, and spending 

per campaign. Evidence of this depressed civic participation was still detectable up to three years 

after the closure of The Cincinnati Post, suggesting that alternative news sources (e.g., digital 

media or other legacy news outlets) do not always quickly (or completely) fill the gap created by 

closed local newspapers. These studies both suggest that local print newspapers play an important 

role in shaping the local information environment. In this study, we extend this line of inquiry and 

examine the effect of both newspaper closures and newspaper industry layoffs on firm activities. 

 To further highlight the gravity of the events we examine, in 2009 Paul Starr (a professor 

and policy expert at Princeton’s Woodrow Wilson School) authored an article in The New Republic 

                                                           
1 This is especially true when examining business press coverage. For example, Ahn et al. (2019) show that of the 
80,051 news articles examined in their study, some 97.1% are classified as “flash” coverage and represent nothing 
more than the news outlet redistributing previously reported financial information (analyst forecast revisions in their 
setting). 
2 Furthermore, consider the audience of a local newspaper compared to an online news outlet that would replace a 
local newspaper upon its’ closing. A local print newspaper has economic incentives to report local news because its 
readers (local residents) demand that news. An online outlet, however, has less incentive to report local events because 
its’ audience is not geographically limited and could, in the extreme, consist of anyone with an internet connection. 
Thus, local events regarding local firms which are more likely to owned by local residents (Coval and Moskowitz 
1999; Ivkovic and Weisbenner 2005) will receive incrementally less coverage after the closure of a local newspaper, 
especially in the short-term.  
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titled, “Goodbye to the Age of Newspapers (Hello to a New Era of Corruption),” in which he 

contemplated the potential risks posed by unscrupulous business leaders and politicians if left 

unchecked by a strong press (Starr 2009).3 Research in finance and accounting suggests that Starr’s 

conjectures on the topic are warranted. The monitoring role of newspapers extends to the corporate 

world, as Miller (2006) and Dyck et al. (2010) provide evidence consistent with newspapers 

playing an important role in monitoring for, detecting, and reporting corporate accounting fraud. 

Likewise, Joe et al. (2009) document that corporate governance improves following media 

criticism. More broadly, other studies find that newspapers significantly contribute to keeping 

investors informed of corporate developments (e.g., Engelberg 2008; Tetlock et al. 2008; Drake et 

al. 2014; Ahn et al. 2018).  

 Accordingly, negative shocks to the local newspaper industry likely lead to investors in 

nearby firms losing a monitor and information source. Firms could react to these information 

environment shocks in two ways; (1) they could clam up to become less transparent and less 

investor-friendly in an effort to extract economic rents available thanks to decreased monitoring, 

or (2) they could ramp up disclosure to become more transparent in an attempt to fill the 

information void and promote investor confidence. 

 In our analyses, we observe results more consistent with this latter strategy. Specifically, 

we document that firms increase voluntary management forecasts by about one-fourth after local 

newspapers close or experience large layoffs, suggesting that firms attempt to reduce information 

asymmetry.4 Furthermore, we find that after a local newspaper closure or layoff, affected firms are 

more likely than control firms to pay dividends and increase dividend payouts. Specifically, 

                                                           
3 Furthermore, recent events including the Russia-backed fake news campaign on Facebook and other social media 
outlets suggest that online news sources may not always be a good substitute for traditional print journalism.   
4 We also observe this same pattern in voluntary 8-K disclosures, but this relation does not persist when firm fixed 
effects are included. 
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treatment firms are about one-tenth more likely to pay a dividend, and those paying dividends 

ramp up payouts by about one-tenth as well, relative to control firms. These increased payouts 

suggest that firms are willing to commit to a costly disciplining mechanism to appease investors 

worried about changes in the local monitoring and information environments. 

Of particular note, we observe that our results are typically strongest in the subsample of 

highly localized firms, which we define as companies that have at least 50% of firm operations 

located near the newspaper closure or layoff in question (these highly localized firms make up 

about 50% of our total sample, but on an individual basis are smaller firms than average). Likewise, 

our findings are weak to null when focusing on firms with broadly-dispersed operations, such as 

national or multinational firms. We interpret this evidence as supportive of our predictions, as it 

suggests that the effects we observe are limited to those firms that are more likely to be affected 

by changes to local monitoring and information environments (i.e., smaller and geographically 

concentrated firms less likely to draw interest from larger national news outlets). 

 One of the main challenges to drawing inferences in our study is the potential confounding 

effect of the local economy (or changes to the local economy) that may lead to the layoffs and 

closures of local newspapers we observe. We recognize this limitation to our study and take 

measures in both our primary analyses as well as additional tests to mitigate this concern. We 

employ a matched-sample design and compare changes in our treatment firms (firms affected by 

local newspaper shocks) to changes in control firms (firms not affect by local newspaper shocks). 

We match on both firm characteristics and, importantly, economic conditions. Specifically, we 

employ a similar method to that used in Gao et al. (2018) where control firms are drawn from 

counties adjacent to those that experience a shock to the local newspaper industry. This strategy 

mitigates endogeneity concerns in our main tests, by precluding a host of correlated omitted 
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variable issues (assuming local economic conditions to be a variable potentially correlated with 

both newspaper industry shocks and changes in firm payout, disclosure, reporting, or governance 

policies). 

 In further tests, we examine whether firms exhibit behavior that is consistent with their 

taking advantage of the weakened monitoring and information environment. We find no evidence 

of such behavior. We find no difference in managerial entrenchment, pay-performance-sensitivity, 

investment efficiency, or financial reporting quality between treatment and control firms following 

a shock to the local newspaper industry. In our final test we examine future firm performance 

between treatment and control firms. We similarly find that there is not a distinguishable change 

in treatment firm performance, relative to the control group, following the closure of local 

newspapers or major newspaper layoffs, which further mitigates concerns related to newspaper 

closures and firm actions both stemming from the correlated omitted variable of regional economic 

malaise. 

 Going forward, all signs point to the newspaper industry continuing to decay. US 

newspaper subscriptions in 2016 (including digital subscriptions) declined for the 28th consecutive 

year, and advertising revenue has dropped from a high of $50 billion in 2006 to only $18 billion a 

decade later (Barthel 2017).  Furthermore, while most of the newspapers we include in our analysis 

of closures are relatively small publications, today even stalwart outlets like the New York Times 

and The Wall Street Journal are struggling with massive staff cuts and prodigious declines in 

advertising income (Ingram 2016; Gray 2017). Given these trends, the newspaper industry is likely 

to continue to suffer and shrink, and our results offer some insight into what a future could look 

like where daily newspapers play a significantly reduced role. We believe these results to be of 

interest to managers, investors, and regulators in financial markets, as it appears that the investor-
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firm dynamic shifts considerably with the decline of local daily papers, at least for small firms 

with geographically concentrated operations.   

In the following sections, we provide topical background, lay out our research question, 

explain our empirical approach, and present our results.   

  

2. Background and Research Questions 

2.1 Newspaper Industry 

As information technology improves, the methods of information communication have 

drastically changed. The internet and associated technologies have enabled information to be 

transferred much more efficiently by significantly lowering the costs of information dissemination. 

This reduction in information dissemination costs has led to the entry of many new participants in 

the news industry (particularly online news outlets), and these competitors have contributed to 

several decades of declining subscriptions and advertising revenues for print newspapers (Barthel 

2017). Smaller local newspapers have suffered most in this decline. Many small newspaper outlets 

have had to decrease the frequency of publication (i.e., from daily to weekly or monthly), cease 

off-line publications, or close entirely. 

In this study, we argue that shocks to the local newspaper industry have the potential to 

significantly alter the monitoring and information environment of nearby firms, and consequently 

lead to changes in these firms’ policies. Prior literature offers rationale for these predictions, as 

newspaper coverage has been linked to various aspects of managers’ behavior and investors’ 

reaction in financial markets. In their seminal paper, Dyck and Zingales (2003) suggest that media 

coverage affects stock prices, especially when a firm is followed by fewer analysts and when the 

media outlet is credible. Building on Dyck and Zingales (2003), subsequent research has 
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demonstrated the role of media in increasing market efficiency by interpreting and transforming 

events into readable information, and subsequently by disclosing and disseminating such relevant 

information (e.g., Engelberg 2008; Tetlock et al. 2008; Drake et al. 2014; Twedt 2016). For 

example, Engelberg (2008) documents that the content and tone of news disclosed by the media 

provide additional information which is associated with concurrent stock price movements and 

long-run returns. In addition, Peress (2014) shows that national newspaper strikes are associated 

with decreased volatility of stock returns and trading volume of stocks traded in affected countries.  

While there is agreement on the importance of media in financial markets, some could 

argue that shocks to the local newspaper industry will have only a minimal effect on financial 

markets because the proportion of total information in financial markets supplied by local papers 

is steadily shrinking as alternative information outlets increase in both number and popularity. 

However, local papers also tend to provide a unique perspective and set of information which local 

investors trade on. An anecdote from a former reporter illustrates this point. “An editor at our 

newspaper in New London, CT learned from her neighbor that Pfizer was moving its headquarters 

- that’s how the story was broken. These sorts of things happen all the time at small newspapers. 

In general, the national news outlets (AP and bureaus of national newspapers), as well as the TV 

news stations, start their days by reading the local/state newspapers and trying to figure out if there 

are stories worth following, so you can think of local newspapers as the ones who often generate 

the stories.” Furthermore, online news outlets are not constrained by demand for news from just 

the local audience. These outlets (the likely causes of local newspaper closures) are not perfect 

substitutes for local newspapers, because while they may supply local readers with some local 

information, they also have monetary incentives to appeal to a broad audience because there are 

fewer geographic constraints on the internet.  
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Engelberg and Parsons (2011) find that because local newspapers describe the same event 

differently, investors from different geographical areas react differently to the same event. 

Moreover, Gurun and Butler (2012) document that local newspapers use fewer negative words 

when reporting on local firms compared to the same media reporting on non-local firms, which 

affects equity values of local firms and contributes to a preference for local stocks. These studies 

echo research into news content, which documents that local newspapers generate the 

overwhelming majority of original content on local and regional stories (e.g., Nielsen 2015, Erdal 

2011; Cage et al. 2017; Pew Research Center 2010).  

Beyond finding and breaking stories, newspapers’ role as an information intermediary may 

be becoming increasingly important in the current era of information explosion. Newspapers can 

fill the gap between the limited processing ability of humans and the abundance of available 

information. Behavioral research has highlighted that investors’ ability to process information is 

limited (Libby et al. 2002) and that extracting useful statistics from public data has become difficult 

(Bloomfield 2002). Building on these findings in the behavioral literature, Stice (2019) suggests 

that the rise of big data on the internet can overwhelm investors and negatively affect financial 

market quality, but that traditional news coverage improves market quality by processing and 

efficiently communicating new information for easy consumption by market participants.  

In addition to serving as an information intermediary, newspapers also serve as a monitor 

and watchdog. When nearby newspapers close, less press coverage (i.e., monitoring) of managers’ 

actions may allow more opportunities for these managers to extract benefits from the firm (Haw 

et al. 2004). For example, Miller (2006) documents that the media acts as a corporate watchdog 

by providing information about accounting fraud to the public. In addition, Dyck et al. (2008) 

document that news coverage of corporate fraud may be effective in moderating corporate 
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malfeasance, and Dyck et al. (2010) argue that journalists, uniquely, have career incentives to blow 

the whistle on corporate fraud. This is in contrast to the online-news business model which is often 

more focused on persuading users to interact with content online (i.e., “clicking”) than providing 

users with useful information. Considering these findings through the lens of a newspaper’s role 

as a monitor, a reduction in the level of monitoring and disciplinary pressure caused by shocks to 

the local newspaper industry could provide incentives for managers to either (1) exploit their 

newfound lack of monitoring via aggressive reporting or perquisite consumption, or (2) take steps 

to assuage investors’ concerns regarding the disappearance of a monitor (e.g., via investor-friendly 

changes to disclosure or payout policy).  

2.2 Disclosure Policy 

A well-functioning media is expected to reduce information asymmetries between the 

insiders and outsiders of a firm (Raimondo 2016). Thus, shocks to the local newspaper industry 

can be seen as events that increase information asymmetry between corporate insiders and 

outsiders. Intuitively, similar dynamics may affect the calculus behind frequency of accounting 

disclosures. If the increased information asymmetry spurred by a shock to the local newspaper 

industry concerns managers, these managers may attempt to remedy the situation by increasing 

the frequency or quality of voluntary disclosures to provide more information to market 

participants (Diamond and Verrecchia 1991; Kim and Verrecchia 1994; Nagar et al. 2003).  

 Relatedly, managers may cut back on the frequency or quality of voluntary disclosure if 

they are exploiting the decrease in local newspaper monitoring for their own gain (e.g., empire 

building, slacking, perquisite consumption, see Haw et al. 2004). In this case, voluntary disclosures 

may tip off remaining monitors of managers’ new efforts at expropriation (spurred by the lack of 

a nearby watchdog). Accordingly, voluntary disclosures may be less attractive to these firms (Chen 
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et al. 2008). Given the conflicting pressures that affect managers’ incentives to issue voluntary 

disclosures, we do not make a prediction on whether managers of affected firms will increase or 

decrease the frequency or quality of disclosures after a shock to the local newspaper industry.     

2.3 Dividend and Investment Policy 

If managers desire to temper this increased information asymmetry (and/or concerns over 

lack of a monitor), another avenue at their disposal is dividend policy. Prior literature documents 

a positive association between dividend policy change and stock price changes, which is usually 

attributed to the information content implied in dividend changes. Bhattacharya (1979), John and 

Williams (1985), and Miller and Rock (1985) propose models of dividend signaling where 

dividends convey signals of a firm’s current cash flows and/or future prospects. Building on these 

theories, Healy and Palepu (1988) empirically document a positive association between dividend 

policy changes (initiation and omissions) and changes in subsequent earnings, and also that the 

subsequent earnings changes are positively associated with the dividend announcement return. 

Broadly, these prior studies highlight the signaling power of dividends, and we posit that such 

signaling may be more useful to managers after their ability to communicate via other channels is 

restricted (e.g., by the disappearance of a local newspaper or the substantial decrease in the local 

newspaper labor force). 

Another stream of research highlights agency cost implications of dividend policy 

(Easterbrook 1984; Jensen 1986). Jensen (1986) observes that managers with substantial free cash 

flows have an incentive to over-invest, but dividend payouts mitigate the over-investment problem, 

which reduces agency costs (also, see Clifford 2008; Kale et al. 2012). Given that shocks to the 

local newspaper industry may increase perceived agency costs (newspaper closures and staff 
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reductions imply reduced monitoring by the media), corporate managers may attempt to alleviate 

agency concerns by increasing dividends. 

Conversely, given the absence or decreased ability of nearby newspapers to act as a monitor 

and potential disseminator of bad news, managers with nefarious intentions may be inclined to cut 

dividends in the wake of one of these events.  In this case, managers may instead prefer to use this 

cash flow to fund personally enriching projects like empire building (non-value-adding 

acquisitions) or perquisite consumption (private jets, bigger offices, etc.) (Alli et al. 1993; Zwiebel 

1996; Denis and Osobov 2008; Richardson 2006). These pressures could drive down dividend 

payments for local firms after local newspapers downsize or close completely. 

 To summarize, in the wake of a shock to the local newspaper industry, managers may 

respond by either (1) acting to assure stockholders of the security of their investment by ramping 

up dividends, or (2) exploiting the disappearance of a proximate watchdog for their personal gain 

by reducing dividends and directing that cash to more self-serving ends. Consequently, we do not 

make a directional prediction on changes in payout or investment policies. 

2.4 Geographic Dispersion (Level of Localization) 

Before moving on to a discussion of research design, we caveat the prior empirical 

conjectures with the notion that they should be strongest for firms with more localized operations.  

For example, the January 2007 closure of The King County Journal is matched to Microsoft, 

among other public firms headquartered in the Seattle area. However, it is unlikely that the closure 

of a small daily newspaper will greatly change the calculus behind disclosure and payout decisions 

for one of the world’s largest public corporations. This is especially true given that Microsoft is a 

frequent topic in larger newspapers across the globe. Rather, we expect any documented effects to 
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be more pronounced in firms that have more localized operations, as these firms are unlikely to 

attract broader attention from far-off parties (García and Norli 2012). We design tests to investigate 

this line of reasoning, and we observe results consistent with it. 

 

3. Research Design 

3.1 Data and Sample Selection 

We treat the closure of daily newspapers and major newspaper layoffs as quasi-exogenous 

shocks that affect the monitoring and information environment of nearby firms. We hand-collect 

a sample of newspaper closures by drawing from a number of sources. We start with the American 

Society of Newspaper Editors annual layoff census (which mostly covers mass layoffs associated 

with newspaper closures) and combine this with online searches and other online resources (similar 

in approach to Gao et al. 2018) to arrive at a list of 48 now-defunct US newspapers (including only 

daily publications in English) closed between 1991 and 2016.5, 6 We drop one local newspaper that 

closed after 2015 because of a lack of data availability (in our difference-in-differences tests) and 

exclude fifteen more local newspaper because there are no matched treatment firms in the region. 

In Table 1 Panel A we provide a list of the 32 local newspaper closures that remain in our sample.   

Beyond these closures, we also define a second treatment relating to local newspaper layoff 

events (as opposed to explicit newspaper closures). To do so, we collect data on the total wages 

paid to newspaper employees by county-year from the Quarterly Census of Employment and 

                                                           
5  Our hand-collection was further aided by a website that documents and editorializes on newspaper closures 
(newspaperdeathwatch.com). We also thank Ethan Rouen for providing us an independent list of newspaper closures 
and layoffs against which we were able to compare our final sample – we were able to add 21 additional closures 
based on his assistance. 
6 Our 48 now-defunct papers come from an initial list of 67 closures and absorptions. Gao et al. (2018) begin with a 
list of 68 closures and absorptions. At the time of this writing, the list of closures and absorptions used in Gao et al. 
(2018) is not publically available, but given the similarity in the size of their list and our list it is likely there is a large 
amount of overlap. This gives us confidence that the list of events we draw from in this paper is relatively exhaustive. 
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Wages released by the Bureau of Labor Statistics. We restrict this analysis to the same sample 

period as above, 1991-2015. We then calculate the change in total wages from year t-1 to year t 

for each county-year in our sample. We define a local layoff event as a year-over-year decrease in 

newspaper wages greater than 25%. This gives us a total of 75 events, which we report in Table 1 

Panel C.7 

To construct our two treatment samples, we separately identify firms headquartered within 

50 miles of a closed newspaper’s headquarters or a firm headquartered within a county that 

experiences a large newspaper layoff. We then match these two separate sets of treatment firms to 

control firms (that are outside of the treatment-firm boundaries but are neighboring those 

boundaries) based on year, size, industry, and location. This last matching criterion is included to 

ensure that our treatment and control firms share similar geographic and macroeconomic 

conditions (Black, 1999) and to mitigate the concern that any differences we observe are the result 

of local economic factors correlated with newspaper closures.  

To identify our control sample, we select non-treatment firms that 1) are not located in a 

50-mile radius of the treatment firm, 2) have total assets in the range of 50 to 200 percent of the 

treatment firm’s total assets, 3) have the same two-digit SIC code as the treatment firm, and are 

(4) located outside of the 50-miles radius but within a 150-miles radius from a closed newspaper 

(newspaper closure sample) or located outside of a treatment county but within 150 miles from the 

center of the county (layoff sample). While our sample includes observations up to three years 

before and after a shock to the local newspaper industry, centering on the event year, we require 

that at least one observation exists before and after the event (for DID tests). After matching and 

applying observation requirements, we have 14,298 (firm-year) observations for the newspaper 

                                                           
7 This identification is similar in spirit to the 154 events identified in Gao et al. (2018) where newspapers drop below 
4-day-a-week circulation, as these cutbacks are usually accompanied by workforce reductions.  
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closure sample and 12,018 (firm-year) observations for the newspaper layoff sample. 8These steps 

and the effects of these restrictions on the overall sample size are detailed in Table 1 Panels B and 

D, respectively, for the newspaper closure and newspaper layoff samples. 

To measure a firm’s level of geographic concentration, we employ a proxy for the 

geographical dispersion of a firm’s operations proposed by García and Norli (2012). The proxy is 

constructed by counting state name mentions in 10-K filings. Specifically, García and Norli (2012) 

count the occurrence of different state names in sections “Item 1: Business,” “Item 2: Properties,” 

“Item 6: Consolidated Financial Data,” and “Item 7: Management’s Discussion and Analysis,” and 

then standardize the counts so that the proxy can take a value between 0 and 1. For example, if 

Firm A mentions Oregon four times in the 10-K and California six times (and no other states), then 

the García and Norli (2012) proxy would indicate that for the year in question, 40% of Firm A’s 

operations were located in Oregon and 60% in California.9 

We collect other measures via traditional sources, such as firms’ financial variables from 

Compustat, stock market variables from CRSP, analyst coverage and management forecast data 

from IBES, institutional ownership data from Thomson Reuters, CEO compensation data from 

Execucomp, and governance data from ISS. State-level unemployment data is obtained from the 

US Bureau of Labor Statistics. 

3.2 Empirical Specifications 

                                                           
8 We have the largest sample for dividend tests in Tables 5 and 6 (14,298 for newspaper closure sample / 12,018 for 
newspaper layoff sample). The number of observations shrinks in management forecast test (Table 3) and 8-K test 
(Table 4) because management forecast sample starts from 1995 and 8-K test sample starts from 1993. Even though 
IBES data starts from 1993, there are only few firms with EPS guidance in IBES universe during 1993 and 1994, 
resulting in almost no firms with EPS guidance after matching. Thus, our management forecast sample starts from 
1995 where we have the reasonable number of firms with EPS guidance.  
9 The García and Norli (2012) local concentration data only extends to 2008.  We match later firm years to this 2008 
measure (as in Brown et al. 2015). The concentration of local operations is relatively sticky, so this matching procedure 
is unlikely to introduce a high level of measurement error. However, the lack of data for future years requires us to 
exclude firms that do not enter the García and Norli (2012) sample (such as those that went public after 2008). 
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 We employ difference-in-difference estimation to examine the changes in accounting 

disclosures and dividend policy in our treatment firms after a shock to the local newspaper 

industry, relative to control firms which are not exposed to nearby newspaper industry shocks. 

Thus, we include Post, Treat_firm, and Treat_firm*Post in our regression models, where Post is 

set equal to one if the observation is after the shock and Treat_firm is set equal to one for the 

observations of treatment firms (i.e., headquartered within 50 miles of a newspaper that closes or 

within the same county of a large newspaper layoff).10 

 In addition, for every test, we divide our sample into three groups by the level of 

geographical business concentration and estimate the same regressions for the sub-samples. Firms 

with at least 50% of operations in the affected state are labeled as highly localized. Firms with a 

concentration proxy between 0.25 and 0.5 are classified as the medium-localization sample, and 

firms with a proxy lower than 0.25 are sorted into the low-level localization sample (i.e., these 

firms have less than 25% of operations in the shuttered/down-sized newspaper’s state).11  

3.2.1 Test of Changes in the Frequency of Disclosure 

 To investigate whether the treatment firms increase or decrease the frequency of 

disclosures after a local newspaper industry shock, we estimate the following regression: 

                                                           
10 Treat_firm is omitted in our regressions because we include firm fixed effects. 
11 By design, the sum of the observations in the subsample analyses does not equal the number of observations in the 
full sample test. This arises because we use a one-to-many matching process and a highly-localized treatment firm in 
the full sample analysis can be matched to firms of any localization classification (high, medium, or low). In the 
subsample analysis, however, we still employ one-to-many matching but the matches are required to have the same 
localization category as the treatment firm. This eliminates some matches that were included in the full sample 
analysis. Inferences from the full sample analysis are unchanged if we restrict matches to those with the same 
localization category. 



17 
 

𝑀𝑀𝑀𝑀 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(8𝐾𝐾 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)𝑖𝑖,𝑡𝑡

= 𝛼𝛼0 + 𝛼𝛼1𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑐𝑐_𝑓𝑓𝑓𝑓𝑇𝑇𝑓𝑓 ∗ 𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝛼𝛼2𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝛼𝛼3𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑐𝑐_𝑓𝑓𝑓𝑓𝑇𝑇𝑓𝑓𝑖𝑖,𝑡𝑡 + 𝛼𝛼4𝐵𝐵𝑀𝑀𝑖𝑖,𝑡𝑡

+ 𝛼𝛼5𝐿𝐿𝑇𝑇𝐿𝐿𝑇𝑇𝑇𝑇𝑇𝑇𝐿𝐿𝑇𝑇𝑖𝑖,𝑡𝑡 + 𝛼𝛼6𝑆𝑆𝑓𝑓𝑆𝑆𝑇𝑇𝑖𝑖,𝑡𝑡 + 𝛼𝛼7𝑅𝑅&𝐷𝐷𝑖𝑖,𝑡𝑡 + 𝛼𝛼8𝐶𝐶𝑇𝑇𝐶𝐶𝑇𝑇𝐶𝐶𝑖𝑖,𝑡𝑡 + 𝛼𝛼9𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡

+ 𝛼𝛼10𝑆𝑆𝑇𝑇𝐷𝐷_𝑃𝑃𝑅𝑅𝐶𝐶𝑖𝑖,𝑡𝑡 + 𝛼𝛼11𝐿𝐿𝑐𝑐_𝑇𝑇𝑐𝑐𝑇𝑇𝑎𝑎𝑎𝑎𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝛼𝛼12𝐼𝐼𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡 + 𝛼𝛼13𝑈𝑈𝑅𝑅𝑖𝑖,𝑡𝑡

+ 𝛼𝛼14𝐿𝐿𝑇𝑇𝐿𝐿_𝑀𝑀𝑀𝑀_𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝐿𝐿𝑇𝑇𝐿𝐿_8𝐾𝐾_𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)𝑖𝑖,𝑡𝑡 + 𝑀𝑀𝑓𝑓𝑇𝑇𝑓𝑓𝑀𝑀𝐹𝐹 + 𝑌𝑌𝑇𝑇𝑇𝑇𝑇𝑇𝑀𝑀𝐹𝐹 + 𝜀𝜀𝑖𝑖,𝑡𝑡. 

(1) 

 The dependent variable 8K counts is the number of 8-Ks issued by firm i during the year t. 

Our key variable of interest is Treat_firm*Post, and 𝛼𝛼1 is expected to be positive (negative) if 

treatment firms’ managers increase (decrease) the frequency of issuing management earnings 

forecasts (8-Ks) after a local newspaper industry shock. BM is the book value of equity divided by 

market value of equity at fiscal year-end. Leverage is total debt divided by total assets. Size is the 

log of total assets. R&D is research and development expenditure scaled by total assets. Capex is 

capital expenditure divided by total assets. ROA is net income divided by the average assets of 

current and prior years. STD_PRC is standard deviation of stock price for the fiscal year. 

Ln_analyst is the log of analyst following, and IOR is the percentage of institutional investor 

ownership. To control for local economic conditions, we also add UR, a state-level unemployment 

rate, because newspaper closures or layoffs may be correlated with a struggling local economy. 

Lag_MF_counts (Lag_8K_counts) is the number of management earnings forecasts (8-Ks) issued 

in the previous year. 
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3.2.2 Test of Changes in Dividend Policy 

Regarding dividend policy, we examine the likelihood of dividend payment and the 

dividend yield of treatment firms after a local newspaper industry shock. First, we estimate the 

following OLS regression12: 

𝐷𝐷𝑓𝑓𝐿𝐿_𝐶𝐶𝑇𝑇𝑎𝑎𝑖𝑖,𝑡𝑡 = 𝛼𝛼0 + 𝛼𝛼1𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑐𝑐_𝑓𝑓𝑓𝑓𝑇𝑇𝑓𝑓 ∗ 𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝛼𝛼2𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝛼𝛼3𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑐𝑐_𝑓𝑓𝑓𝑓𝑇𝑇𝑓𝑓𝑖𝑖,𝑡𝑡 + 𝛼𝛼4𝐵𝐵𝑀𝑀𝑖𝑖,𝑡𝑡

+ 𝛼𝛼5𝐿𝐿𝑇𝑇𝐿𝐿𝑇𝑇𝑇𝑇𝑇𝑇𝐿𝐿𝑇𝑇𝑖𝑖,𝑡𝑡 + 𝛼𝛼6𝑆𝑆𝑓𝑓𝑆𝑆𝑇𝑇𝑖𝑖,𝑡𝑡 + 𝛼𝛼7𝑅𝑅&𝐷𝐷𝑖𝑖,𝑡𝑡 + 𝛼𝛼8𝐶𝐶𝑇𝑇𝐶𝐶𝑇𝑇𝐶𝐶𝑖𝑖,𝑡𝑡 + 𝛼𝛼9𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡

+ 𝛼𝛼10𝑆𝑆𝑇𝑇𝐷𝐷_𝑃𝑃𝑅𝑅𝐶𝐶𝑖𝑖,𝑡𝑡 + 𝛼𝛼11𝐿𝐿𝑐𝑐_𝑇𝑇𝑐𝑐𝑇𝑇𝑎𝑎𝑎𝑎𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝛼𝛼12𝐼𝐼𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡 + 𝛼𝛼13𝑈𝑈𝑅𝑅𝑖𝑖,𝑡𝑡

+ 𝛼𝛼14𝐿𝐿𝑇𝑇𝐿𝐿_𝑑𝑑𝑓𝑓𝐿𝐿_𝐶𝐶𝑇𝑇𝑎𝑎𝑖𝑖,𝑡𝑡 + 𝑀𝑀𝑓𝑓𝑇𝑇𝑓𝑓𝑀𝑀𝐹𝐹 + 𝑌𝑌𝑇𝑇𝑇𝑇𝑇𝑇𝑀𝑀𝐹𝐹 + 𝜀𝜀𝑖𝑖,𝑡𝑡 

(2) 

where the dependent variable Div_pay is set equal to one if firm i paid cash dividends at year t, 

and zero otherwise. The independent variable of interest is Treat_firm*Post and 𝛼𝛼1 is expected to 

be positive (negative) if the treatment firms are more (less) likely to pay dividends after a shock to 

the local newspaper industry. Lag_div_pay is an indicator variable that takes the value of one if 

the firm paid cash dividends in the previous year, and zero otherwise. Other variables are defined 

in the previous section. 

 In addition, to examine the changes in dividend yield of the treatment firms after a shock 

to the local newspaper industry, we estimate the following regression: 

𝐷𝐷𝑓𝑓𝐿𝐿_𝑎𝑎𝑓𝑓𝑇𝑇𝑎𝑎𝑑𝑑𝑖𝑖,𝑡𝑡 = 𝛼𝛼0 + 𝛼𝛼1𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑐𝑐_𝑓𝑓𝑓𝑓𝑇𝑇𝑓𝑓 ∗ 𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝛼𝛼2𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝛼𝛼3𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑐𝑐_𝑓𝑓𝑓𝑓𝑇𝑇𝑓𝑓𝑖𝑖,𝑡𝑡 + 𝛼𝛼4𝐵𝐵𝑀𝑀𝑖𝑖,𝑡𝑡

+ 𝛼𝛼5𝐿𝐿𝑇𝑇𝐿𝐿𝑇𝑇𝑇𝑇𝑇𝑇𝐿𝐿𝑇𝑇𝑖𝑖,𝑡𝑡 + 𝛼𝛼6𝑆𝑆𝑓𝑓𝑆𝑆𝑇𝑇𝑖𝑖,𝑡𝑡 + 𝛼𝛼7𝑅𝑅&𝐷𝐷𝑖𝑖,𝑡𝑡 + 𝛼𝛼8𝐶𝐶𝑇𝑇𝐶𝐶𝑇𝑇𝐶𝐶𝑖𝑖,𝑡𝑡 + 𝛼𝛼9𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡

+ 𝛼𝛼10𝑆𝑆𝑇𝑇𝐷𝐷_𝑃𝑃𝑅𝑅𝐶𝐶𝑖𝑖,𝑡𝑡 + 𝛼𝛼11𝐿𝐿𝑐𝑐_𝑇𝑇𝑐𝑐𝑇𝑇𝑎𝑎𝑎𝑎𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝛼𝛼12𝐼𝐼𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡 + 𝛼𝛼13𝑈𝑈𝑅𝑅𝑖𝑖,𝑡𝑡

+ 𝛼𝛼14𝐿𝐿𝑇𝑇𝐿𝐿_𝑑𝑑𝑓𝑓𝐿𝐿_𝑎𝑎𝑓𝑓𝑇𝑇𝑎𝑎𝑑𝑑𝑖𝑖,𝑡𝑡 + 𝑀𝑀𝑓𝑓𝑇𝑇𝑓𝑓𝑀𝑀𝐹𝐹 + 𝑌𝑌𝑇𝑇𝑇𝑇𝑇𝑇𝑀𝑀𝐹𝐹 + 𝜀𝜀𝑖𝑖,𝑡𝑡 

                                                           
12 We estimate equation (2) using OLS to avoid the incidental parameter problem with firm fixed effects (Wooldridge, 
2002). Moreover, according to Kwak, Martin, and Wooldridge (2018), OLS is preferred to conditional logit when the 
dependent variable is serially correlated.  
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(3) 

Div_yield is the cash dividends paid for year t divided by the book value of firm i’s equity at the 

end of the fiscal year. Again, 𝛼𝛼1 is expected to be positive (negative) if the treatment firms increase 

(decrease) cash dividends after a local newspaper industry shock. Lag_div_yield is the lagged 

variable of Div_yield. Other variables are defined the same as above. 

3.2.3 Changes in Other Governance Metrics 

3.2.3.1 Changes in E-index 

 In this section, we test if there are any changes in corporate governance metrics after the 

newspaper industry shock. First, we examine changes in entrenchment index (E-index) after local 

newspaper closures or layoffs. We estimate following regression:  

𝐹𝐹𝑓𝑓𝑐𝑐𝑑𝑑𝑇𝑇𝐶𝐶𝑖𝑖,𝑡𝑡 = 𝛼𝛼0 + 𝛼𝛼1𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑐𝑐_𝑓𝑓𝑓𝑓𝑇𝑇𝑓𝑓 ∗ 𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝛼𝛼2𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝛼𝛼3𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑐𝑐_𝑓𝑓𝑓𝑓𝑇𝑇𝑓𝑓𝑖𝑖,𝑡𝑡 + 𝛼𝛼4𝐵𝐵𝑀𝑀𝑖𝑖,𝑡𝑡

+ 𝛼𝛼5𝐿𝐿𝑇𝑇𝐿𝐿𝑇𝑇𝑇𝑇𝑇𝑇𝐿𝐿𝑇𝑇𝑖𝑖,𝑡𝑡 + 𝛼𝛼6𝑆𝑆𝑓𝑓𝑆𝑆𝑇𝑇𝑖𝑖,𝑡𝑡 + 𝛼𝛼7𝑅𝑅&𝐷𝐷𝑖𝑖,𝑡𝑡 + 𝛼𝛼8𝐶𝐶𝑇𝑇𝐶𝐶𝑇𝑇𝐶𝐶𝑖𝑖,𝑡𝑡 + 𝛼𝛼9𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡

+ 𝛼𝛼10𝑆𝑆𝑇𝑇𝐷𝐷_𝑃𝑃𝑅𝑅𝐶𝐶𝑖𝑖,𝑡𝑡 + 𝛼𝛼11𝐿𝐿𝑐𝑐_𝑇𝑇𝑐𝑐𝑇𝑇𝑎𝑎𝑎𝑎𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝛼𝛼12𝐼𝐼𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡 + 𝛼𝛼13𝑈𝑈𝑅𝑅𝑖𝑖,𝑡𝑡 + 𝑀𝑀𝑓𝑓𝑇𝑇𝑓𝑓𝑀𝑀𝐹𝐹

+ 𝑌𝑌𝑇𝑇𝑇𝑇𝑇𝑇𝑀𝑀𝐹𝐹 + 𝜀𝜀𝑖𝑖,𝑡𝑡 

(4) 

The dependent variable, Eindex, is entrenchment index (E-index) calculated following Bebchuk, 

Cohen, and Ferrell (2008), and lower E-index represents better corporate governance. Therefore, 

we expect 𝛼𝛼1  to be positive (negative) if governance deteriorates (improves) after the local 

newspaper shock. Control variables are defined the same as above. 

3.2.3.2 Changes in Pay-Performance-Sensitivity 

 Next, we investigate changes in CEO pay-performance-sensitivity (delta) which measures 

the correlation between a CEO compensation and firm performance. We estimate the following 

regression:  
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𝐿𝐿𝑐𝑐_𝐷𝐷𝑇𝑇𝑎𝑎𝑐𝑐𝑇𝑇𝑖𝑖,𝑡𝑡 = 𝛼𝛼0 + 𝛼𝛼1𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑐𝑐_𝑓𝑓𝑓𝑓𝑇𝑇𝑓𝑓 ∗ 𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝛼𝛼2𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝛼𝛼3𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑐𝑐_𝑓𝑓𝑓𝑓𝑇𝑇𝑓𝑓𝑖𝑖,𝑡𝑡 + 𝛼𝛼4𝐵𝐵𝑀𝑀𝑖𝑖,𝑡𝑡

+ 𝛼𝛼5𝐿𝐿𝑇𝑇𝐿𝐿𝑇𝑇𝑇𝑇𝑇𝑇𝐿𝐿𝑇𝑇𝑖𝑖,𝑡𝑡 + 𝛼𝛼6𝑆𝑆𝑓𝑓𝑆𝑆𝑇𝑇𝑖𝑖,𝑡𝑡 + 𝛼𝛼7𝑅𝑅&𝐷𝐷𝑖𝑖,𝑡𝑡 + 𝛼𝛼8𝐶𝐶𝑇𝑇𝐶𝐶𝑇𝑇𝐶𝐶𝑖𝑖,𝑡𝑡 + 𝛼𝛼9𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡

+ 𝛼𝛼10𝑆𝑆𝑇𝑇𝐷𝐷_𝑃𝑃𝑅𝑅𝐶𝐶𝑖𝑖,𝑡𝑡 + 𝛼𝛼11𝐿𝐿𝑐𝑐_𝑇𝑇𝑐𝑐𝑇𝑇𝑎𝑎𝑎𝑎𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝛼𝛼12𝐼𝐼𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡 + 𝛼𝛼13𝑈𝑈𝑅𝑅𝑖𝑖,𝑡𝑡 + 𝛼𝛼14𝑇𝑇𝑇𝑇𝑐𝑐𝑐𝑐𝑇𝑇𝑇𝑇𝑖𝑖,𝑡𝑡

+ 𝑀𝑀𝑓𝑓𝑇𝑇𝑓𝑓𝑀𝑀𝐹𝐹 + 𝑌𝑌𝑇𝑇𝑇𝑇𝑇𝑇𝑀𝑀𝐹𝐹 + 𝜀𝜀𝑖𝑖,𝑡𝑡 

(5) 

where Ln_Delta is the natural log of CEO pay-performance-sensitivity (Delta) of firm i for the 

year t. Delta is calculated following Core and Guay (2002). We expect 𝛼𝛼1 to be positive if CEOs 

of treatment firms see their compensation more closely mimic firm performance after a local 

newspaper industry shock, and vice versa. Tenure is the number of years that the CEO has served 

for the company i as a CEO at year t. Other variables are defined the same as above. 

3.2.3.3 Changes in Accounting Quality 

We also examine whether our treatment firms change their accounting quality (abnormal 

accruals) following a negative shock to nearby newspapers. We calculate abnormal accruals 

using the modified Jones model (Dechow, Sloan, and Sweeney, 1995), adjusting for industry 

performance (Kothari, Leone, and Wasley, 2005). Specifically, we begin by estimating the 

following OLS regression: 

TAit = α0+α1 �
1

Total_Assetsit-1
�+α2(∆Salesit-∆ARit)+α3PPEit+εit 

(6) 

where TA is net income before extraordinary items minus cash flows from operations. Total_Assets 

is the average of total assets at the end of year t-1. ∆Sales is changes in sales from year t-1 to t. 

∆AR is changes in accounts receivable from year t-1 to t. PPE is net property, plant, and equipment 

at the end of year t. All variables in Equation (6) are scaled by lagged total assets. We estimate 
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Equation (6) by each three-digit SIC industry and year. If there are less than 20 observations in an 

industry-year, we use the corresponding two- or one- digit SIC industry and year. Residuals 

estimated from Equation (6) serve as unadjusted abnormal accruals. Following Kothari, Leone, 

and Wasley (2005), we adjust abnormal accruals by industry performance. To be specific, we rank 

firms within each industry group into deciles based on their return on assets (ROA). We then 

calculate the difference between a firm’s abnormal accruals and the median abnormal accruals of 

firms in the same ROA decile and in the same industry as performance-adjusted abnormal accruals 

(ABACC).  

 To test changes in accounting quality after newspaper closures and layoffs, we estimate the 

following regressions: 

𝑅𝑅𝐵𝐵𝑅𝑅𝐶𝐶𝐶𝐶𝑖𝑖,𝑡𝑡 = 𝛼𝛼0 + 𝛼𝛼1𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑐𝑐_𝑓𝑓𝑓𝑓𝑇𝑇𝑓𝑓 ∗ 𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝛼𝛼2𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝛼𝛼3𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑐𝑐_𝑓𝑓𝑓𝑓𝑇𝑇𝑓𝑓𝑖𝑖,𝑡𝑡 + 𝛼𝛼4𝐵𝐵𝑀𝑀𝑖𝑖,𝑡𝑡

+ 𝛼𝛼5𝑆𝑆𝑓𝑓𝑆𝑆𝑇𝑇𝑖𝑖,𝑡𝑡 + 𝛼𝛼6𝑆𝑆𝑇𝑇𝐿𝐿𝑓𝑓𝑇𝑇𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝛼𝛼7𝑆𝑆𝑇𝑇𝐷𝐷_𝑆𝑆𝑇𝑇𝑎𝑎𝑇𝑇𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝛼𝛼8𝑆𝑆𝑇𝑇𝐷𝐷_𝐶𝐶𝑀𝑀𝑅𝑅𝑖𝑖,𝑡𝑡

+ 𝛼𝛼9𝐼𝐼𝑐𝑐𝐿𝐿𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐𝑇𝑇𝑎𝑎𝑖𝑖,𝑡𝑡 + 𝛼𝛼10𝑅𝑅&𝐷𝐷𝑖𝑖,𝑡𝑡 + 𝛼𝛼11𝐶𝐶𝑇𝑇𝐶𝐶𝑇𝑇𝐶𝐶𝑖𝑖,𝑡𝑡 + 𝛼𝛼12%𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡

+ 𝛼𝛼13𝑆𝑆𝑇𝑇𝑎𝑎𝑇𝑇𝑐𝑐_𝐿𝐿𝑇𝑇𝑐𝑐𝑔𝑔𝑐𝑐ℎ𝑖𝑖,𝑡𝑡 + 𝛼𝛼14𝐵𝐵𝑓𝑓𝐿𝐿4𝑖𝑖,𝑡𝑡 + 𝛼𝛼15𝐿𝐿𝑇𝑇𝐿𝐿𝑇𝑇𝑇𝑇𝑇𝑇𝐿𝐿𝑇𝑇𝑖𝑖,𝑡𝑡 + 𝛼𝛼16𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡 + 𝛼𝛼17𝑈𝑈𝑅𝑅𝑖𝑖,𝑡𝑡

+ 𝑀𝑀𝑓𝑓𝑇𝑇𝑓𝑓𝑀𝑀𝐹𝐹 + 𝑌𝑌𝑇𝑇𝑇𝑇𝑇𝑇𝑀𝑀𝐹𝐹 + 𝜀𝜀𝑖𝑖,𝑡𝑡 

(7) 

where the dependent variable is the performance-adjusted abnormal accruals (ABACC) 

calculated as described above. Our independent variable of interest is Treat_firm*Post, and 𝛼𝛼1 is 

expected to be positive (negative) if firms decrease (increase) accounting quality after nearby 

newspapers close or layoffs. We add control variables following Ashbaugh-Skaife, Collins, 

Kinney, and Lafond (2008). Segment is the natural log of the number of business and geographic 

segments. STD_Sales and STD_CFO are standard deviation of sales divided by total assets and 

standard deviation of cash flow from operations divided by total assets respectively, where 



22 
 

standard deviations are calculated using the previous five years’ data. Inventory is inventory at 

year end divided by total assets. %Loss is the proportion of the prior five years where the firm 

reports negative earnings. Sales_growth is the rate of sales growth between the current and 

previous year. Big4 is equal to one if the firm is audited by a Big N audit firm. Other variables are 

defined the same as above. 

3.2.3.4 Changes in Investment Efficiency 

 Lastly, we investigate if investment efficiency of our treatment firms increases or decreases 

after the local newspaper shock. We follow the Biddle, Hilary, and Verdi (2009) approach to 

measure investment efficiency. First, we estimate a firm-specific model of investment as a function 

of growth opportunities (as measured by sales growth) and use the residual as a firm-specific 

measure for deviations from expected investment. Specifically, we estimate the following 

regression: 

Investmentit+1 = α0+α1Sales_growthit+εit+1 

(8) 

Investment is the amount of total investment at year t+1 for firm i, calculated as the sum of capital 

expenditure, research and development expenditure, and acquisitions less sale of property scaled 

by total assets. Sales_growth is the percentage change in sales from year t-1 to t. Following Biddle, 

Hilary, and Verdi (2009), we estimate Equation (8) for each industry-year based on the Fama and 

French 48-industry classification for all industries. We then split firms based on the magnitude of 

the residuals (i.e., deviations from predicted investment) into quartiles. Firm-year observations in 

the bottom quartile (i.e., the most negative residuals) are classified as under-investing group, and 

observations in the top quartile (i.e., the most positive residuals) are classified as over-investing 

group. After then, we estimate the following regressions: 
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𝑅𝑅𝐿𝐿𝑇𝑇𝑇𝑇𝑓𝑓𝑐𝑐𝐿𝐿𝑇𝑇𝑐𝑐𝑐𝑐(𝑈𝑈𝑐𝑐𝑑𝑑𝑇𝑇𝑇𝑇𝑓𝑓𝑐𝑐𝐿𝐿𝑇𝑇𝑐𝑐𝑐𝑐)𝑖𝑖,𝑡𝑡

= 𝛼𝛼0 + 𝛼𝛼1𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑐𝑐_𝑓𝑓𝑓𝑓𝑇𝑇𝑓𝑓 ∗ 𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝛼𝛼2𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝛼𝛼3𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑐𝑐_𝑓𝑓𝑓𝑓𝑇𝑇𝑓𝑓𝑖𝑖,𝑡𝑡 + 𝛼𝛼4𝐹𝐹𝑓𝑓𝑐𝑐𝑑𝑑𝑇𝑇𝐶𝐶𝑖𝑖,𝑡𝑡

+ 𝛼𝛼5𝑆𝑆𝑓𝑓𝑆𝑆𝑇𝑇𝑖𝑖,𝑡𝑡 + 𝛼𝛼6𝐵𝐵𝑀𝑀𝑖𝑖,𝑡𝑡 + 𝛼𝛼7𝑆𝑆𝑇𝑇𝐷𝐷_𝐶𝐶𝑀𝑀𝑅𝑅𝑖𝑖,𝑡𝑡 + 𝛼𝛼8𝑆𝑆𝑇𝑇𝐷𝐷_𝑆𝑆𝑇𝑇𝑎𝑎𝑇𝑇𝑐𝑐𝑖𝑖,𝑡𝑡

+ 𝛼𝛼9𝑆𝑆𝑇𝑇𝐷𝐷_𝐼𝐼𝑐𝑐𝐿𝐿𝑇𝑇𝑐𝑐𝑐𝑐𝑓𝑓𝑇𝑇𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝛼𝛼10𝑍𝑍𝑐𝑐𝑐𝑐𝑐𝑐𝑇𝑇𝑇𝑇𝑖𝑖,𝑡𝑡 + 𝛼𝛼11𝑇𝑇𝑇𝑇𝑐𝑐𝐿𝐿𝑓𝑓𝑇𝑇𝑓𝑓𝑎𝑎𝑓𝑓𝑐𝑐𝑎𝑎𝑖𝑖,𝑡𝑡

+ 𝛼𝛼12𝐾𝐾𝑐𝑐𝑐𝑐𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑇𝑇𝑇𝑇𝑖𝑖,𝑡𝑡 + 𝛼𝛼13𝐼𝐼𝑐𝑐𝑑𝑑_𝐾𝐾𝑐𝑐𝑐𝑐𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑇𝑇𝑇𝑇𝑖𝑖,𝑡𝑡 + 𝛼𝛼14𝐶𝐶𝑀𝑀𝑅𝑅𝑆𝑆𝑅𝑅𝐿𝐿𝐹𝐹𝑖𝑖,𝑡𝑡 + 𝛼𝛼15𝑆𝑆𝑎𝑎𝑇𝑇𝑐𝑐𝑆𝑆𝑖𝑖,𝑡𝑡

+ 𝛼𝛼16𝐷𝐷𝑓𝑓𝐿𝐿_𝐶𝐶𝑇𝑇𝑎𝑎𝑖𝑖,𝑡𝑡 + 𝛼𝛼17𝑅𝑅𝐴𝐴𝐹𝐹𝑖𝑖,𝑡𝑡 + 𝛼𝛼18𝑅𝑅𝑃𝑃𝑅𝑅_𝐶𝐶𝑎𝑎𝑐𝑐𝑎𝑎𝑇𝑇𝑖𝑖,𝑡𝑡 + 𝛼𝛼19𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡

+ 𝛼𝛼20𝐿𝐿𝑐𝑐_𝑇𝑇𝑐𝑐𝑇𝑇𝑎𝑎𝑎𝑎𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝛼𝛼21𝐼𝐼𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡 + 𝛼𝛼22𝑈𝑈𝑅𝑅𝑖𝑖,𝑡𝑡 + 𝑀𝑀𝑓𝑓𝑇𝑇𝑓𝑓𝑀𝑀𝐹𝐹 + 𝑌𝑌𝑇𝑇𝑇𝑇𝑇𝑇𝑀𝑀𝐹𝐹 + 𝜀𝜀𝑖𝑖,𝑡𝑡 

(9) 

Overinvest (Underinvest) is set equal to one if the firm i is classified as over-investing (under-

investing) at year t. We expect 𝛼𝛼1 to be positive (negative) if our treatment firms are more (less) 

likely to over-invest or under-invest after nearby newspapers close or layoffs. We include control 

variables following Biddle, Hilary, and Verdi (2009). STD_Investment is standard deviation of 

total investment (Investment) divided by total assets, where standard deviations are calculated 

using the previous five years’ data. Zscore measures financial distress and is computed following 

Altman (1968). Tangibility is the amount of net property, plant, and equipment divided by total 

assets. Kstructure is a leverage ratio, defined as the ratio of long-term debt to the sum of long-term 

debt and the market value of equity. Ind_Kstructure is mean of Kstructure for firms in the same 

SIC 3-digit industry and in year t. SFOSALE is the ratio of cash flows from operations to sales. 

Slack is the ratio of cash to net property, plant, and equipment. Div_pay is set equal to one if the 

firm paid a dividend, and Loss is set equal to one if the firm incurred negative income before 

extraordinary items. Age is the number of prior years the firm has Compustat data. OPR_Cycle is 

the natural log of receivables to sales plus inventory to cost of goods sold (COGS) multiplied by 

360. Other variables are defined the same as above. 
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4. Empirical Results 

4.1 Descriptive statistics 

 Table 2 Panel A reports the descriptive statistics for our total matched sample for firm-

years used in the newspaper closures sample, for both the treatment and control firm-years. To 

ensure that our matching procedure is successful, we also include covariate balance statistics in 

Table 2 Panel A. In general, the standardized differences between our control and treatment 

covariates are below 0.25, which is the cutoff suggested for a “good match” (see Rubin 2001). 

Three covariates exceed this cutoff, but only slightly. Overall, we take this as support for our match 

(on location, firm industry, firm size, and year) as generating a sample of treatment and control 

firms that are reasonable comparable on observables. In addition to these summary statistics, we 

also tabulate the mean and median size of the firms in different localization categories in Table 2 

Panel B. The median firm in our sample is highly geographically concentrated and small, but firms 

in the low-level localization subsample tend to be much larger (i.e., firms that stretch over multiple 

states tend to have more assets and higher market capitalizations).  

 We tabulate similar univariate statistics, covariate balance measures, and firm size 

measures by localization category for the newspaper layoff tests as well. See Table 2 Panel C and 

Panel D, respectively. These univariates generally align with those observed in the newspaper 

closure sample.  

4.2 Frequency of management disclosure 

Table 3 Panel A reports the regression results for the frequency of management earnings 

forecasts following the closure of local newspapers. In Column 1 (full sample), the coefficient on 

Treat_firm*Post is positive but not significant, suggesting that the treatment firms’ managers do 

not change frequency of management earnings forecasts in general after local newspaper closures 
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compared to the control firms. However, in Column 2 (high-localization sample), the coefficient 

on Treat_firm*Post is positive and significant, suggesting that the treatment firms’ managers issue 

more earnings forecasts after local newspaper closures compared to the control firms. This 

indicates that the effect of local newspaper closures is pronounced for firms whose operations are 

geographically concentrated around the newspaper’s location. We do not find significant changes 

in the frequency of earnings forecast for firms with moderate and low level of geographic 

concentration.  

Panel B reports analogous tests using local newspaper layoffs as the treatment. Similarly, 

relative to control firms, the treatment firms-years corresponding to a local newspaper layoff see 

an increase in the frequency of management earnings forecast following said shock, and this result 

is mainly driven by locally concentrated firms.  

The treatment effects are similar in both Panel A (newspaper closures) and Panel B 

(newspaper layoffs). The positive coefficient for the locally-concentrated subsample indicates that 

managers of these firms increase their earnings forecast frequency by about one-fourth, or an 

average increase of about 0.1 management forecasts per year (relative to a baseline average of 

about 0.4 management forecasts per year). We interpret this sizable increase as arising from the 

desire of management to decrease information asymmetry and increase transparency in a newly 

confounded information environment. 

Table 4 presents the regression results for the frequency of 8-K disclosures following the 

closure of a local newspaper. In both local newspaper closure (Panel A) and local newspaper layoff 

(Panel B) settings, we do not find significant changes in the frequency of 8-K disclosures following 

the shock to local newspaper industry. This null result might be driven by 8-K disclosures tending 

to be less voluntary in nature compared to management earnings forecasts (though in unreported 
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robustness checks, we continue to find null results when examining only voluntary 8-K 

disclosures). 

4.3 Dividend policy 

 Table 5 Panel A presents our results for the dividend pay likelihood test in the aftermath 

of a newspaper closure. The significant and positive coefficient on Treat_firms*Post in Column 1 

indicates that, in general, treatment firms are more likely start paying dividends after nearby 

newspaper closures compared to the control firms (in the full sample). We also find a significant 

and positive coefficient on Treat_firms*Post in Column 2 but not in Columns 3 and 4, which 

indicates that our result for dividend payment likelihood is mainly driven by treatment firms with 

geographically concentrated operations (Column 2). In terms of economic significance, we 

observe that the likelihood of paying dividends increases by about one-tenth after the closure of a 

nearby newspaper for our treatment firms (up about 4 percentage points from a baseline mean of 

approximately 47%).  

 We observe the same pattern of results in Panel B of Table 5 where we present our results 

for dividend payment likelihood in the aftermath of major layoffs at local newspapers. Specifically, 

Treat_firms*Post is positive and significant in Columns 1 and 2 but not in Columns 3 and 4 

indicating that treatment firms are more likely to pay dividends following a negative shock to the 

local newspaper labor market, and this result is driven by highly localized firms. These firms are 

about thirteen percent more likely to pay dividends in the post period.  

We observe similar results in Panel A of Table 6, which examines dividend amounts. That 

is, firms’ dividend yields increase after a nearby newspaper closes, and the effect is driven by firms 

with operations concentrated geographically around the area in question. This effect is not only 

statistically significant but also economically significant. In the subsample of highly localized 
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firms, our treatment firms increase dividend yields by about one-tenth after local newspaper 

closures. In Panel B of Table 6, we observe positive but not statistically significant increases in 

dividend yields for the newspaper layoff sample.  

 These results are not consistent with the selfish manager hypothesis. Instead, they indicate 

that the loss of a watchdog and information intermediary leads mangers to be more likely to attempt 

to reassure investors and commit to a costly mechanism that both (1) reduces the agency problem 

of free cash flow, and (2) sends a meaningful signal about (high) firm quality.  

4.4 Other Governance-Related Metrics 

Table 7 presents the regression results for other governance related measures following 

layoffs or closures of nearby newspapers. In Panels A through C, none of the coefficients on the 

variable of interest are statistically significant, indicating that our treatment firms do not 

experience changes in governance-related characteristics as measured by managerial entrenchment 

, CEO pay–performance sensitivity,  and financial reporting quality. Moreover, we do not find any 

evidence that investment efficiency deteriorates after a local newspaper industry shock (Panels D 

and E of Table 7). In Colum 6 of Panel E, we find the highly-localized treatment firms are less 

likely to underinvest after local newspaper layoffs. These results also negate the selfish manager 

hypothesis, and they provide further support that managers take investor-friendly actions after the 

loss of a watchdog and information intermediary. 

 

5. Robustness Checks and Extended Analyses  

 As discussed above, one valid concern is that the increases in transparency and investor-

friendly payout policies that we document could arise because firms experience a change in 

economic circumstances that coincides with these local newspaper industry declines. We examine 
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this conjecture in Table 8. We find no difference in firm performance measured by return on assets 

(ROA) between firms affected by newspaper closures and control firms following a shock to the 

local newspaper industry. 

 To further alleviate concerns related to the endogeneity of our treatment effect, and as is 

common in this type of DID research design, we test the “parallel trends assumption” of our 

treatment and control firms by investigating whether the effect that we document in the post period 

is observed in the period before our treatment. Providing comfort that our results are not driven by 

a trend that began prior to our quasi-exogenous shocks, in Table 9 we find sufficient evidence to 

suggest our observed effects (i.e., increases in dividends and management forecasts) did not begin 

in prior periods.13 

 

6. Conclusion 

Digital media has grown exponentially over the past two decades, and this new medium 

has led to several changes in how corporate managers interact with investors. Newer technologies 

that play a role in this interaction include Twitter (Blankespoor et al. 2013; Elliott et al. 2018; Baik 

et al. 2016), online video (Elliott et al. 2012), and corporate websites (Drake et al. 2012).  

Broadly, this rising consumption of digital media has led to a decline in the consumption 

of traditional media, like newspapers. As a result, newspaper circulation, advertising revenues, and 

staffing levels are only half of what they were two decades ago (McLennan and Miles 2018). This 

could affect corporate actions, as prior research in finance and accounting has documented that 

newspapers play a meaningful role in monitoring managers and disseminating information about 

                                                           
13 In five out of six of the specifications we find no evidence that our observed effects began in prior periods. We do 
observe a significant (at the 10% level) and positive coefficient on Treat firm*Pre1 in column 2 of Panel A, but we 
expect that some of the newspaper closures in this sample may be preceded by layoffs, which could induce a small 
pre-treatment effect.  
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firms. Despite shrinking substantially in recent decades, newspapers still produce the bulk of 

original news content (between 50% and 95%), especially on local and regional stories (see, e.g., 

Erdal 2011; Cage et al. 2017). Accordingly, newspaper layoffs or closures may have wide-ranging 

effects on local information environments. We test this question and examine how firms change 

their corporate policies after local newspaper layoffs and closures. 

 We observe that managers appear to take actions to resolve agency problems and 

information asymmetry following these shocks. In particular, we document that these events are 

typically followed by nearby firms ramping up management earnings forecasts and maintaining 

pre-closure disclosure quality, suggesting that firms are more likely to issue news directly to 

shareholders and keep the quality of disclosures constant. Furthermore, we find that firms are more 

likely to pay dividends in the aftermath of these events, and firms already paying a dividend are 

more likely to increase dividend payouts. Finally, we also document that firms make no changes 

to investment, governance, or CEO pay–performance sensitivity following these closures. 

Together, these results indicate that after negative shocks to the local newspaper industry, public 

company managers take pains to alleviate problems exacerbated by the decrease or loss of an 

information intermediary and watchdog (e.g., information asymmetries, agency problems).  

 In order to mitigate concerns that the increases in transparency and investor-friendly payout 

policies that we document arise because firms experience a change in economic circumstances that 

coincides with the closure of these newspapers, we 1) construct our matched sample to include 

only control firms headquartered in counties adjacent to treatment firms and 2) compare treatment 

and control firm performance following an event. We do not observe differences in firm 

performance between our treatment and control firms. In addition, we provide evidence that the 

effects we document are generally more pronounced for firms with operations that are concentrated 
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geographically around the focal newspapers. This finding suggests that smaller, local firms are 

more sensitive to the loss of a local monitor and information source, relative to larger firms that 

see more attention from the national press and regulators (Stice-Lawrence 2017). 

 It is very likely that newspapers’ downward trend will continue, and further newspaper 

closures and layoffs are likely. Our results offer some insight into a world where newspapers play 

a smaller role in the corporate realm. Of interest to policy scholars and regulators, contrary to the 

predictions of some experts, it does not appear that corporate leaders take advantage of 

disappearing newspapers to exploit information asymmetries (Starr 2009). Rather, it appears that 

managers are sensitive to these fears and bind themselves to costly disciplining mechanisms, like 

dividend payments, in an effort to quell investors’ worries after local newspapers shrink or shutter. 

 Given the importance of this question, however, more research is likely warranted. Future 

researchers continuing this line of analysis could examine the impact of declining newspapers on 

corporate decisions beyond those we analyze, where opportunities likely exist in studies of 

executive turnover, tax aggressiveness, and corporate-political influence (to name a few).  
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APPENDIX 
VARIABLE DEFINITIONS 

Variable Definition 

%Loss Proportion of the years that a firm reported negative earnings in the prior 
five years   

8-K counts Annual counts of 8-K filing 
ABACC Abnormal accruals calculated using the modified Jones model (Dechow, 

Sloan, and Sweeney, 1995) with industry performance adjustment 
(Kothari, Leone, and Wasley, 2005) 

Age The number of prior years the firm has Compustat data 
Big4 Big 4 auditor indicator 
BM Book value of equity divided by market value of equity at fiscal year end 
Capex Capital expenditure scaled by total assets 
CFOSALE The ratio of cash flows from operations to sales 
Div_pay Dummy variable set to 1 if the firm paid dividend 
Div_yield Cash dividend payment divided by book value of equity 
Eindex Entrenchment index (E-index) calculated following Bebchuk, Cohen, and 

Ferrell (2008) 
Ind_Kstructure Industry mean (using SIC 3-digit) of Kstructure 
Inventory Inventory at year end divided by total assets 
IOR Percentage of institutional investor ownership 
Kstructure The ratio of long-term debt to the sum of long-term debt to the market 

value of equity 
Lag_8K_counts Lag variable of 8-K counts 
Lag_div_pay Lag variable of Div_pay 
Lag_div_yield Lag variable of Div_yield 
Lag_MF_counts Lag variable of MF counts 
Leverage Ratio of total debt to total assets 
Ln_analyst Natural logarithm of analyst following 
Ln_Delta Natural log of CEO pay-performance-sensitivity (Delta) calculated 

following Core and Guay (2002) 
Localization Proxy for the geographical dispersion of a firm’s operations proposed by 

García and Norli (2012) 
Loss Set equal to one if the firm incurred negative income before extraordinary 

items 
MF counts Annual counts of management earnings forecast 
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OPR_Cycle The natural log of receivables to sales plus inventory to cost of goods 
sold (COGS) multiplied by 360 

Overinvest Set equal to 1 for the firm-years classified into overinvesting group 
following Biddle, Hilary, and Verdi (2009) 

Post Set equal to one if the observation is after the corresponding newspaper 
closure 

R&D Research and development expenditure scaled by total assets 
ROA Return on assets calculated by net income divided by the average of total 

assets of current and previous years 
Sales_growth Percentage change in sales between the current and previous year 
Segment The natural log of the number of business and geographic segments 
Size Natural logarithm of total assets at the end of the year 
Slack The ratio of cash to net property, plant, and equipment 
STD_CFO Standard deviation of cash flow from operations divided by total assets, 

where standard deviation is calculated using the previous five years’ data 
STD_Investment Standard deviation of total investment (Capital expenditure + R&D 

expenditure + Acquisitions - Sale of property) divided by total assets, 
where standard deviation is calculated using the previous five years’ data 

STD_PRC Standard deviation of stock price for the fiscal year 
STD_Sales Standard deviation of sales divided by total assets, where standard 

deviation is calculated using the previous five years’ data 
Tangibility Net property, plant, and equipment divided by total assets 
Tenure The number of years that the CEO has served for the company as a CEO 
Treat_firm Set equal to one if the observation represents the treatment firm (firms 

located within 50 miles from the corresponding closed newspaper or 
located in counties with more than 25% newspaper industry wage drop ) 

Treat_firm*Post Interaction of Treat_firm and Post 
Underinvest Set equal to 1 for the firm-years classified into underinvesting group 

following  Biddle, Hilary, and Verdi (2009) 
UR Annual state-level unemployment level obtained from US Bureau of 

Labor Statistics 
Zscore Altman's Z-score computed following Altman (1968) 
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Table 1: Sample Selection 

           
Table 1 presents our sample selection process. Panel A reports the list of closed local newspapers. The state and city location of the closed local newspapers 
and the year of the newspaper closure are presented. The number of firms affected is calculated as the number of firms located within 50 miles radius from 
the corresponding closed newspaper. Panel B reports our sample selection process. Our treatment firms are identified as firms located within 50 miles from 
the closed newspapers. We then match each treatment firm to control firms based on industry and size among firms neighboring to treatment firms. To be 
specific, matched control firms has the same SIC two-digit and total assets within 50% to 200% of the corresponding treatment firm. We also require control 
firms to be located in 50 to 150 miles radius from the closed newspapers so that treatment firms and control firms can share similar geographic and 
macroeconomic characteristics. Panel C reports the list of counties that experienced more than 25 percent wage drops in newspaper industry. Panel D 
reports the sample selection process for the wage drop sample. Treatment firms are identified as firms located in counties that experienced newspaper 
industry wage drop by more than 25 percent. We then match each treatment firm to control firms based on industry and size among firm neighboring to 
treatment firms. To be specific, matched control firms has the same SIC two-digit and total assets within 50% to 200% of the corresponding treatment firm. 
We require control firms to be not located in the treatment counties but within 150 miles from the treatment firms so that treatment firms and control firms 
can share similar geographic and macroeconomic characteristics. 
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Table 1 (Continued) 

Newspaper Name State City Closed Year No. of Firms 
Affected

1 Arkansas Gazette AR Little Rock 1991 3
2 Dallas Times Herald TX Dallas 1991 13
3 Richmond News Leader VA Richmond 1992 8
4 Tulsa Tribune OK Tulsa 1992 6
5 Sacramento Union CA Sacramento 1994 8
6 The Press-Courier CA Oxnard 1994 80
7 Houston Post TX Houston 1995 58
8 The Knox County Daily News IN Kentland 1996 3
9 The Gazette AZ Phoenix 1997 8
10 The North Hills News Record & Valley News Di PA North Hills 1997 141
11 The Banner TN Nashville 1998 3
12 Indianapolis News IN Indianapolis 1999 10
13 Syracuse Herald-Journal NY Syracuse 2001 5
14 Pittsburgh Press PA Pittsburgh 2002 26

Panel A: List of closed local newspapers
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15 Birmingham Post-Herald AL Birmingham 2005 5
16 The Green Bay News-Chronicle WI Green Bay 2005 3
17 Alabama Observer AL Pike Road 2006 1
18 Pasco News FL Pasco 2006 11
19 King County Journal WA Seattle 2007 16
20 The Cincinnati Post OH Cincinnati 2007 11
21 Union City Register-Tribune MI Union City 2007 6
22 The Capital Times WI Madison 2008 7
23 The Ocean County Observer NJ Toms River 2008 5
24 Tracy Press CA Tracy 2008 126
25 Baltimore Examiner MD Baltimore 2009 37
26 Boca Raton News FL Boca Raton 2009 6
27 Kansas City Kansan KS Kansas City 2009 3
28 Rocky Mountain News CO Denver 2009 3
29 Salamanca Press NY Salamanca 2009 4
30 The Ann Arbor News MI Ann Arbor 2009 22
31 Manassas Journal Messenger VA Manassas 2012 2
32 St. Louis Beacon MO St. Louis 2013 3



40 
 

 
  

Sample Selection Criteria

201,144

Less observations missing CRSP data (91,603)

109,541

(13,148)

(8,148)

88,245

Firms affected by newspaper closures (Treatment firms) 1,751

 Less unmatched treatment firms (1,038)

 Less firms without enough data on previous- or post-event years (70)

Treatment firms used for dividend analyses 643

Firms never affected by newspaper closures (Control candidates) 6,555       

 Less unmatched control firms (3,965)

 Less firms without enough data on previous- or post-event years (539)

Control firms used for dividend analyses 2,051       

 Less observations missing Compustat data

Total sample used before matching (Firm-Year)

 Less observations missing localization measure

Table 1 (Continued)

Panel B: Sample selection process (Newspaper Closure)

Number of 
observations

Total Compustat sample from 1991 to 2015 with non-missing Zip codes

Total sample after merging Compustat data with CRSP data from 1991 to 2015
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Table 1 (continued) 

 
 
 

Panel C: List of county-year newspaper layoffs (year-over-year 25% reduction in total county-level newspaper industry wage)
1991 1999 39.    Johnson (KS) 61. Northampton (PA)

1.       Fond du Lac (WI) 19.    Rockland (NY) 2007 62. Orange (CA)
2.       Monroe (NY) 20.    Utah (UT) 40.    Santa Clara (CA) 63. Weld (CO)
3.       York (SC) 2000 41.    Waukesha (WI) 2011

1992 21.    Fort Bend (TX) 2008 64. Marin (CA)
4.       Allegheny (PA) 22.    Nassau (NY) 42.    La Porte (IN) 2012
5.     Barry (MO) 2001 43.    Montgomery (TX) 65. Elkhart (IN)
6.       Pulaski (AR) 23.    Alachua (FL) 2009 66. Oklahoma (OK)
7.       Washington (OR) 24.    Champaign (IL) 44.    Alameda (CA) 2013

1993 25.    King (WA) 45.    Baltimore City (MD) 67. Fulton (GA)
8.    Gwinnett (GA) 26.    Los Angeles (CA) 46.    Bucks (PA) 68. Greene (MO)

1994 27.    Maricopa (AZ) 47.    Duval (FL) 69. Madison (IL)
9.    Columbia (WI) 28.    Queens (NY) 48.    Hamilton (OH) 2014

1995 29.    Richmond City (VA) 49.    Mecklenburg (NC) 70. Cuyahoga (OH)
10.    Geauga (OH) 30.    Salt Lake (UT) 50.    Oakland (MI) 71. Dallas (TX)
11.    Riley (KS) 31.    Tazewell (IL) 51.    Palm Beach (FL) 72. Manatee (FL)

1996 32.    Trumbull (OH) 52.    Pierce (WA) 73. Montgomery (PA)
12.    Shawnee (KS) 33.    Tulare (CA) 53.    Saint Louis (MO) 74. Philadelphia (PA)

1997 2003 54.    Tarrant (TX) 2015
13.     Henrico (VA) 34.    Arlington (VA) 55.    Tuscarawas (OH) 75. DuPage (IL)
14.    Riverside (CA) 35.    Baltimore (MD) 56.    Wake (NC)
15.    Santa Cruz (CA) 36.    Prince Georges (MD) 57.    Wood (OH)
16.    Washington (WI) 2004 58.    Wyandotte (KS)

1998 37.    Fairfax (VA) 2010
17.    Larimer (CO) 2006 59. Dauphin (PA)
18.    Washington (MN) 38.    Clayton (GA) 60. Montgomery (MD)
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Sample Selection Criteria

201,144

Less observations missing CRSP data (91,603)

109,541

(13,148)

(8,148)

88,245

Firms affected by newspaper industry wage drop (Treatment firms) 1,343

 Less unmatched treatment firms (761)

 Less firms without enough data on previous- or post-event years (28)

Treatment firms used for dividend analyses 554

Firms never affected by newspaper industry wage drop (Control candidates) 6,480       

 Less unmatched control firms (4,593)

 Less firms without enough data on previous- or post-event years (154)

Control firms used for dividend analyses 1,733       

 Less observations missing localization measure

Total sample used before matching (Firm-Year)

Table 1 (Continued)

Panel B: Sample selection process (Newspaper layoff)

Number of 
observations

Total Compustat sample from 1991 to 2015 with non-missing Zip codes

Total sample after merging Compustat data with CRSP data from 1991 to 2015

 Less observations missing Compustat data
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Table 2: Descriptive Statistics 
           

Table 2 reports descriptive statistics and covariate balance allowing for an evaluation of the matching procedure employed. Panel A reports summary 
statistics (mean, variance, skewness) for the combined treatment and control sample for the newspaper closure tests. Also included are balance measures 
(standardized differences and variance ratios). Panel B reports the size breakdowns of firms that we classify with high-level localization, moderate-level 
localization, and low-level localization. Panels C and D report similar outputs for the Newspaper Layoff treatment samples. 
           

 

  

 

Panel A: Univariate Statistics and Covariate Balance (Newspaper Closure)

Mean Variance Skewness Mean Variance Skewness
Standardized 
Differences

Variance 
Ratio

Number of management forecasts (MF counts) 0.656 2.423 2.323 0.340 1.290 3.663 0.232 1.878
Number of annual 8-Ks (8-K counts) 5.846 45.899 2.836 11.516 752.867 4.965 -0.284 0.061
Paid any dividend dummy (Div_pay) 0.312 0.215 0.813 0.370 0.233 0.538 -0.123 0.921
Dividends to BVE (Div_yield) 0.013 0.001 2.707 0.014 0.001 2.496 -0.045 1.051
Book to market (BM) 0.643 0.361 1.776 0.687 0.395 1.677 -0.071 0.914
Debt to assets (Leverage) 0.178 0.038 1.253 0.180 0.034 1.281 -0.012 1.133
Natural Log of total assets (Size) 5.348 2.985 0.041 5.217 3.555 0.109 0.073 0.840
Research and Devel. scaled by assets (R&D) 0.072 0.018 3.038 0.057 0.015 3.527 0.118 1.142
Capital expenditures scaled by assets (Capex) 0.047 0.004 2.443 0.038 0.003 2.707 0.157 1.520
Return on Assets (ROA) -0.046 0.070 -5.059 -0.051 0.078 -5.158 0.018 0.906
Standard deviation of stock price (STD_PRC) 2.504 7.588 2.638 2.585 8.148 2.609 -0.029 0.931
Natural Log of analyst following (Ln_analyst) 1.311 1.035 0.009 1.013 0.913 0.437 0.302 1.133
Instituional ownership (IOR) 0.404 0.094 0.364 0.301 0.073 0.886 0.358 1.287
Unemployment rate (UR) 6.516 4.785 1.031 6.401 3.495 0.679 0.057 1.369
Home State Concentration (Localization) 0.510 0.085 0.034 0.536 0.098 -0.092 -0.086 0.871

Treatment Sample Years (n = 3,519) Control Sample Years (n = 10,779) Balance       
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Natural Log of Delta (Ln_Delta) 5.000 1.743 -0.007 5.285 2.747 0.348 -0.190 0.634
CEO tenure (Tenure) 8.751 63.867 1.807 8.488 59.642 2.046 0.034 1.071
Entrenchment Index (Eindex) 2.526 1.879 -0.193 2.405 1.925 -0.127 0.088 0.976
Abnormal Accruals (ABACC) 0.082 0.013 2.561 0.082 0.013 2.569 0.000 0.977
Log of the nnumber of segments  (Segment) 1.347 0.247 0.480 1.263 0.192 0.605 0.180 1.285
Std.Dev. of sales (STD_Sales) 0.201 0.455 5.138 0.224 0.497 4.855 -0.034 0.914
Std.Dev. (STD_CFO) 0.022 0.005 5.787 0.023 0.006 5.679 -0.017 0.877
Inventory scaled by assets (Inventory) 0.101 0.016 1.578 0.127 0.020 1.144 -0.187 0.803
Proportion of years with net loss (%Loss) 0.351 0.139 0.593 0.310 0.127 0.838 0.112 1.089
Percentage change of sales (Sales_growth) 0.076 0.236 4.388 0.078 0.265 4.467 -0.005 0.891
Big 4 Auditor (Big4) 0.648 0.228 -0.621 0.624 0.235 -0.511 0.051 0.972
Overinvestment dummy (Overinvest) 0.276 0.200 1.004 0.242 0.183 1.207 0.078 1.090
Underinvestment dummy (Underinvest) 0.214 0.168 1.395 0.244 0.184 1.194 -0.071 0.913
Std.Dev of investments (STD_Investment) 0.011 0.001 4.996 0.011 0.001 4.740 -0.007 0.841
Altman Z-score (Z-score) 4.805 32.124 1.924 4.709 27.066 2.471 0.018 1.187
PPE scaled by assets (Tangibility) 0.253 0.050 1.157 0.241 0.036 1.413 0.058 1.379
Capital structure (Kstructure) 0.145 0.034 1.454 0.178 0.042 1.388 -0.169 0.803
Industry captial structure (Ind_Kstructure) 0.154 0.011 1.379 0.164 0.011 1.095 -0.099 0.939
Operating cash flows to Sales (CFOSALE) 0.020 0.371 -6.669 -0.065 0.537 -5.658 0.126 0.690
Cash to PPE (Slack) 2.693 44.712 4.864 1.667 24.495 6.946 0.174 1.825
Firm age (Age) 21.581 201.226 0.896 22.869 227.613 0.685 -0.088 0.884
Operating Cycle (OPR_Cycle) 4.700 0.410 -0.582 4.781 0.444 -1.071 -0.124 0.924
Loss year indicator (Loss) 0.279 0.201 0.984 0.268 0.196 1.050 0.026 1.027

Table 2 (continued)
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Panel B: Firm size distribution by localization subsamples (Local newspaper closure sample)

Full sample
# of obs Mean Std dev Q1 Median Q3

Total Assets 14,298      1449.070 23086.750 49.959 195.655 655.351
MVE 14,298      731.748 4412.099 35.809 102.252 318.908

High-level localization sample
# of obs Mean Std dev Q1 Median Q3

Total Assets 5,904       668.615 1406.103 87.439 318.611 730.322
MVE 5,904       455.409 2593.564 36.865 87.153 216.457

Moderate-level localization sample
# of obs Mean Std dev Q1 Median Q3

Total Assets 865 647.241 2250.983 35.031 76.685 327.348
MVE 865 854.458 5014.369 32.331 101.689 308.356

Low-level localization sample
# of obs Mean Std dev Q1 Median Q3

Total Assets 975 1337.788 7345.900 41.590 149.314 529.875
MVE 975 820.320 3153.408 41.491 140.160 469.315

Table 2 (Continued)
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Panel C: Univariate Statistics and Covariate Balance (Newspaper Layoff)

Mean Variance Skewness Mean Variance Skewness
Standardized 
Differences

Variance 
Ratio

Number of management forecasts (MF counts) 0.810 3.025 2.121 0.530 2.152 2.951 0.174 1.406
Number of Annual 8-Ks (8-K counts) 8.826 50.670 0.913 13.584 339.060 2.913 -0.341 0.149
Paid any dividend dummy (Div_pay) 0.257 0.191 1.113 0.306 0.212 0.841 -0.110 0.899
Dividends to BVE (Div_yield) 0.011 0.001 3.804 0.013 0.001 3.192 -0.089 0.918
Book to market (BM) 0.626 0.420 1.554 0.666 0.479 1.597 -0.059 0.878
Debt to assets (Leverage) 0.160 0.041 1.619 0.170 0.039 1.670 -0.047 1.050
Natural Log of total assets (Size) 5.532 3.393 0.103 5.477 3.110 0.092 0.031 1.091
Research and Devel. scaled by assets (R&D) 0.091 0.025 2.832 0.090 0.028 2.832 0.005 0.892
Capital expenditures scaled by assets (Capex) 0.040 0.003 2.722 0.039 0.003 2.690 0.010 0.902
Return on Assets (ROA) -0.076 0.108 -4.307 -0.086 0.101 -4.231 0.031 1.066
Standard deviation of stock price (STD_PRC) 2.881 11.985 2.651 2.948 11.211 2.547 -0.020 1.069
Natural Log of Analyst Following (Ln_analyst) 1.496 1.022 -0.066 1.302 1.017 0.121 0.193 1.006
Instituional Ownership (IOR) 0.463 0.104 0.130 0.388 0.100 0.555 0.236 1.038
Unemployment Rate (UR) 6.549 5.137 0.957 6.317 4.397 1.117 0.107 1.168
Home State Concentration (Localization) 0.502 0.075 0.071 0.548 0.086 -0.094 -0.161 0.864

Table 2 (continued)

Treatment Sample Years (n = 2,936) Control Sample Years (n = 9,082) Balance       
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Natural Log of Delta (Ln_Delta) 5.452 1.964 -0.167 5.156 1.941 -0.135 0.212 1.012
CEO tenure (Tenure) 8.215 37.039 2.355 7.740 37.611 1.525 0.078 0.985
Entrenchment Index (Eindex) 2.817 1.893 -0.248 2.784 1.682 -0.228 0.025 1.125
Abnormal Accruals (ABACC) 0.108 0.027 3.154 0.112 0.028 2.974 -0.026 0.946
Log of the nnumber of segments  (Segment) 1.383 0.299 0.295 1.295 0.300 0.501 0.160 0.994
Std.Dev. of sales (STD_Sales) 0.226 0.638 5.515 0.235 0.608 5.424 -0.012 1.049
Std.Dev. (STD_CFO) 0.040 0.024 6.591 0.043 0.026 6.243 -0.015 0.932
Inventory scaled by assets (Inventory) 0.097 0.014 1.448 0.089 0.016 1.607 0.066 0.890
Proportion of years with net loss (%Loss) 0.394 0.148 0.448 0.383 0.149 0.513 0.030 0.989
Percentage change of sales (Sales_growth) 0.105 0.413 5.690 0.134 0.593 4.924 -0.041 0.697
Big 4 Auditor (Big4) 0.673 0.220 -0.739 0.679 0.218 -0.769 -0.013 1.010
Overinvestment dummy (Overinvest) 0.245 0.185 1.188 0.278 0.201 0.989 -0.077 0.920
Underinvestment dummy (Underinvest) 0.270 0.197 1.034 0.270 0.197 1.039 0.002 1.003
Std.Dev of investments (STD_Investment) 0.010 0.001 5.134 0.011 0.001 4.645 -0.060 1.019
Altman Z-score (Z-score) 5.337 37.516 1.818 4.616 27.454 1.697 0.127 1.367
PPE scaled by assets (Tangibility) 0.195 0.035 1.865 0.229 0.053 1.422 -0.165 0.662
Capital structure (Kstructure) 0.145 0.038 1.561 0.153 0.035 1.448 -0.045 1.074
Industry captial structure (Ind_Kstructure) 0.144 0.009 1.415 0.147 0.009 1.351 -0.036 1.091
Operating cash flows to Sales (CFOSALE) 0.007 0.796 -10.457 -0.226 2.859 -5.928 0.172 0.278
Cash to PPE (Slack) 2.452 19.892 4.846 3.768 61.865 3.452 -0.206 0.322
Firm age (Age) 22.813 244.084 1.023 22.714 228.126 1.124 0.006 1.070
Operating Cycle (OPR_Cycle) 4.698 0.517 -0.708 4.576 0.497 -0.677 0.172 1.040
Loss year indicator (Loss) 0.276 0.200 1.005 0.311 0.215 0.815 -0.079 0.931

Table 2 (continued)
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Panel D: Firm size distribution by localization subsamples (Newspaper industry layoff sample)

Full sample
# of obs Mean Std dev Q1 Median Q3

Total Assets 12,018      1169.498 6919.539 59.000 180.443 706.493
MVE 12,018      1086.362 6646.356 51.186 156.737 493.712

High-level localization sample
# of obs Mean Std dev Q1 Median Q3

Total Assets 4,366       648.243 1573.891 61.526 201.474 676.386
MVE 4,366       360.638 1032.351 45.526 114.340 299.147

Moderate-level localization sample
# of obs Mean Std dev Q1 Median Q3

Total Assets 930 850.730 1917.280 61.578 240.021 686.445
MVE 930 1285.123 3242.149 76.508 254.193 935.248

Low-level localization sample
# of obs Mean Std dev Q1 Median Q3

Total Assets 685 2262.894 6342.756 114.982 354.427 2048.700
MVE 685 1650.907 3845.711 75.768 386.369 1542.275

Table 2 (Continued)
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Table 3: Effect of local newspaper closures and layoffs on the provision of management earnings forecasts 
 

Table 3 presents results of management forecasts tests. Panel A reports estimation results using local newspaper closure sample, and Panel B reports estimation 
results using newspaper industry layoff sample. The dependent variable is the annual counts of management earnings forecast, and our main test variable is 
Treat_firm*Post. Treat_firm is set equal to 1 if the firm is located within 50 miles from the closed local newspaper (Panel A) or if the firm is located in counties 
that experienced more than 25 percent wage drop in newspaper industry (Panel B). Post is set equal to 1 if the observation is after the corresponding newspaper 
closure. Column 1 reports regression result using total matched sample, matched based on year, total assets, two-digit SIC code, and location. Column 2 reports 
regression result using highly localized sample, which consists of firms with our localization proxy greater than 0.5. Column 3 reports regression result using 
moderately localized sample, which includes firms with the localization proxy between 0.25 and 0.5. Column 4 reports regression results using low-level 
localization sample, which consists of firms with the localization proxy lower than 0.25. We include firm-level control variables. We also control for state-level 
unemployment rate to control for the local macroeconomic condition. Variable definitions are provided in Appendix. The corresponding t-statistics are reported 
in the parentheses below each coefficient. We clustered standard errors by firm-level. ***, **, * indicate significance at the 1%, 5%, and 10% levels, 
respectively. 
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Panel A: Newspaper closure sample

(1) (2) (3) (4)
Treat_firm*Post 0.006 0.107 * -0.034 0.164

(0.13) (1.90) (-0.17) (0.82)
Post 0.020 -0.023 0.023 -0.618

(0.33) (-0.71) (0.08) (-1.46)
BM 0.032 0.004 0.034 0.105

(1.29) (0.14) (0.58) (1.24)
Leverage -0.343 ** -0.124 -0.964 -0.316

(-2.01) (-0.82) (-1.60) (-0.92)
Size 0.051 -0.022 0.106 -0.054

(0.87) (-0.33) (0.54) (-0.64)
R&D 0.076 0.038 -0.090 -0.123

(0.38) (0.18) (-0.29) (-0.32)
Capex 0.707 -0.381 1.677 0.479

(1.58) (-0.64) (0.97) (0.88)
ROA 0.028 0.075 -0.578 ** 0.151

(0.37) (0.90) (-2.21) (1.05)
STD_PRC 0.009 0.012 0.030 0.002

(1.42) (1.56) (1.01) (0.23)
Ln_analyst 0.112 *** 0.145 *** 0.157 -0.029

(2.82) (2.95) (0.89) (-0.41)
IOR 0.117 0.086 0.012 0.613

(0.60) (0.32) (0.03) (1.31)
UR 0.043 0.030 -0.178 -0.129

(1.37) (0.91) (-0.87) (-0.65)
Lag_MF_counts 0.230 *** 0.114 * 0.258 *** 0.286 ***

(6.57) (1.78) (3.00) (2.92)

Firm Fixed Effect Yes Yes Yes Yes
Year Fixed Effect Yes Yes Yes Yes
Observations 10,513  4,709    450 730
Adjusted R-squared 0.765 0.771 0.762 0.665

DV = MF counts
Total 

Matched 
High 

Localization 
Med 

Localization 
Low 

Localization 
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Panel B: Newspaper layoff sample

(1) (2) (3) (4)
Treat_firm*Post 0.025 0.130 * -0.241 -0.300

(0.52) (1.84) (-1.58) (-1.29)
Post -0.045 -0.044 0.112 0.072

(-1.10) (-0.75) (0.52) (0.45)
BM -0.003 -0.002 -0.048 -0.041

(-0.12) (-0.06) (-0.57) (-0.74)
Leverage -0.204 -0.089 -0.335 -0.349

(-1.51) (-0.62) (-1.34) (-0.39)
Size 0.168 *** 0.057 0.220 ** 0.066

(3.94) (0.97) (2.01) (0.38)
R&D 0.393 *** 0.105 0.278 -0.107

(3.43) (0.86) (1.03) (-0.10)
Capex -0.121 0.131 -0.482 0.195

(-0.43) (0.29) (-0.64) (0.16)
ROA 0.159 *** 0.160 * 0.005 -0.149

(2.83) (1.72) (0.04) (-0.54)
STD_PRC 0.005 0.008 -0.010 -0.008

(0.89) (0.88) (-0.47) (-0.46)
Ln_analyst 0.105 *** 0.133 *** 0.132 0.124

(3.07) (2.69) (1.24) (0.96)
IOR 0.236 -0.024 0.291 0.590

(1.52) (-0.10) (0.80) (1.34)
UR 0.032 -0.013 -0.088 0.062

(1.22) (-0.38) (-1.17) (0.32)
Lag_MF_counts 0.355 *** 0.382 *** 0.310 *** 0.245 *

(11.09) (6.40) (4.56) (1.90)

Firm Fixed Effect Yes Yes Yes Yes
Year Fixed Effect Yes Yes Yes Yes
Observations 11,602  4,287    874 671
Adjusted R-squared 0.760 0.743 0.763 0.823

DV = MF counts
Total 

Matched 
High 

Localization 
Med 

Localization 
Low 

Localization 
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Table 4: Effect of local newspaper closures and layoffs on 8-K disclosure 

Table 4 presents results of 8-K disclosure frequency tests. Panel A reports estimation results using local newspaper closure sample, and Panel B reports 
estimation results using newspaper industry layoff sample. The dependent variable is the annual counts of 8-K disclosure, and our main test variable is 
Treat_firm*Post. Treat_firm is set equal to 1 if the firm is located within 50 miles from the closed local newspaper (Panel A) or if the firm is located in counties 
that experienced more than 25 percent wage drop in newspaper industry (Panel B). Post is set equal to 1 if the observation is after the corresponding newspaper 
closure. Column 1 reports regression result using total matched sample, matched based on year, total assets, two-digit SIC code, and location. Column 2 reports 
regression result using highly localized sample, which consists of firms with our localization proxy greater than 0.5. Column 3 reports regression result using 
moderately localized sample, which includes firms with the localization proxy between 0.25 and 0.5. Column 4 reports regression results using low-level 
localization sample, which consists of firms with the localization proxy lower than 0.25. We include firm-level control variables. We also control for state-level 
unemployment rate to control for the local macroeconomic condition. Variable definitions are provided in Appendix. The corresponding t-statistics are reported 
in the parentheses below each coefficient. We clustered standard errors by firm-level. ***, **, * indicate significance at the 1%, 5%, and 10% levels, 
respectively. 
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Panel A: Newspaper closure sample

(1) (2) (3) (4)
Treat_firm*Post 0.045 0.283 0.648 -0.156

(0.08) (0.39) (1.12) (-0.28)
Post -2.420 -1.324 0.156 -0.240

(-1.43) (-0.98) (0.25) (-0.21)
BM -0.875 *** -1.140 ** 0.113 -0.600 *

(-2.86) (-2.32) (1.39) (-1.93)
Leverage -1.669 1.535 4.668 ** 1.591

(-0.32) (0.98) (2.49) (1.37)
Size 0.960 1.162 0.095 0.152

(1.33) (1.28) (0.17) (0.34)
R&D 1.917 1.760 4.967 -4.155

(0.41) (0.36) (1.08) (-1.49)
Capex 2.151 5.401 4.900 -3.382

(0.47) (0.70) (1.40) (-0.98)
ROA -2.783 ** -1.162 -0.380 -1.764 **

(-2.19) (-1.43) (-0.38) (-2.10)
STD_PRC 0.063 0.002 0.056 -0.035

(0.87) (0.02) (0.87) (-0.59)
Ln_analyst 0.391 0.247 -0.208 0.055

(0.86) (0.48) (-0.59) (0.17)
IOR 0.068 -0.503 0.466 0.624

(0.05) (-0.27) (0.38) (0.60)
UR -0.510 -1.000 * 0.258 0.284

(-0.97) (-1.90) (0.39) (0.51)
Lag_8K_counts 0.187 *** 0.162 ** 0.168 0.032

(2.94) (2.48) (1.35) (0.82)

Firm Fixed Effect Yes Yes Yes Yes
Year Fixed Effect Yes Yes Yes Yes
Observations 13,367  5,623    753       891       
Adjusted R-squared 0.870 0.886 0.844 0.797

DV = 8-K counts
Total 

Matched 
High 

Localization 
Med 

Localization 
Low 

Localization 
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Panel B: Newspaper layoff sample

(1) (2) (3) (4)
Treat_firm*Post -0.462 -0.274 0.059 -0.865

(-1.37) (-0.60) (0.08) (-1.03)
Post 0.247 -0.411 -0.447 0.240

(0.58) (-0.57) (-0.61) (0.21)
BM -0.161 -0.281 0.264 0.495 *

(-0.71) (-0.89) (0.43) (1.69)
Leverage 0.263 -1.902 1.211 1.562

(0.15) (-0.54) (0.70) (0.82)
Size 0.386 0.382 -0.529 -1.797 **

(0.91) (0.48) (-0.64) (-2.40)
R&D 2.843 1.065 3.230 -2.577

(1.12) (0.34) (1.17) (-0.28)
Capex 4.012 6.936 0.885 -2.767

(1.16) (1.46) (0.26) (-0.43)
ROA -0.775 -0.835 0.008 2.770

(-1.52) (-1.13) (0.01) (1.01)
STD_PRC 0.052 -0.003 0.193 ** 0.060

(1.21) (-0.03) (2.04) (0.82)
Ln_analyst 0.325 0.341 -0.450 1.445 *

(1.04) (0.67) (-0.80) (1.78)
IOR 0.099 2.406 2.029 -2.152

(0.08) (1.17) (0.92) (-1.15)
UR -0.486 * -0.934 ** 0.197 0.282

(-1.66) (-1.98) (0.45) (0.45)
Lag_8K_counts 0.268 *** 0.307 *** 0.073 * 0.091

(7.86) (5.97) (1.74) (1.65)

Firm Fixed Effect Yes Yes Yes Yes
Year Fixed Effect Yes Yes Yes Yes
Observations 11,694  4,316    889       673       
Adjusted R-squared 0.785 0.770 0.769 0.832

High 
Localization 

Med 
Localization 

Low 
Localization 

DV = 8-K counts
Total 

Matched 
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Table 5: Effect of local newspaper closures and layoffs on the likelihood of dividend payment 

Table 5 presents results of dividend payment likelihood tests. Panel A reports estimation results using local newspaper closure sample, and Panel B reports 
estimation results using newspaper industry layoff sample. The dependent variable is an indicator variable for dividend payment which is set equal to 1 if the 
firm pays dividend, and our main test variable is Treat_firm*Post. Treat_firm is set equal to 1 if the firm is located within 50 miles from the closed local 
newspaper (Panel A) or if the firm is located in counties that experienced more than 25 percent wage drop in newspaper industry (Panel B). Post is set equal to 1 
if the observation is after the corresponding newspaper closure. Column 1 reports regression result using total matched sample, matched based on year, total 
assets, two-digit SIC code, and location. Column 2 reports regression result using highly localized sample, which consists of firms with our localization proxy 
greater than 0.5. Column 3 reports regression result using moderately localized sample, which includes firms with the localization proxy between 0.25 and 0.5. 
Column 4 reports regression results using low-level localization sample, which consists of firms with the localization proxy lower than 0.25. We include firm-
level control variables. We also control for state-level unemployment rate to control for the local macroeconomic condition. Variable definitions are provided in 
Appendix. The corresponding t-statistics are reported in the parentheses below each coefficient. We clustered standard errors by firm-level. ***, **, * indicate 
significance at the 1%, 5%, and 10% levels, respectively. 
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Panel A: Newspaper closure sample

(1) (2) (3) (4)
Treat_firm*Post 0.031 *** 0.045 *** -0.014 0.023

(2.85) (2.75) (-0.40) (0.78)
Post -0.019 -0.018 0.023 -0.036

(-1.50) (-1.27) (0.65) (-0.80)
BM -0.005 -0.008 -0.001 0.004

(-0.62) (-0.51) (-0.42) (0.15)
Leverage -0.014 0.011 0.086 -0.023

(-0.33) (0.26) (0.74) (-0.27)
Size 0.002 0.011 -0.029 0.015

(0.21) (0.74) (-0.75) (0.69)
R&D 0.025 0.037 0.053 0.020

(0.73) (0.98) (0.34) (0.20)
Capex 0.028 -0.030 0.197 -0.105

(0.50) (-0.35) (1.39) (-0.56)
ROA 0.015 0.012 0.105 ** -0.012

(1.12) (0.85) (2.10) (-0.22)
STD_PRC 0.001 0.001 0.001 -0.001

(0.57) (0.39) (0.22) (-0.82)
Ln_analyst 0.012 * 0.007 -0.005 0.010

(1.67) (0.65) (-0.18) (0.44)
IOR 0.057 ** 0.075 * 0.038 0.053

(2.20) (1.73) (0.54) (0.56)
UR 0.000 0.023 * 0.027 -0.058 **

(0.01) (1.82) (1.37) (-2.20)
Lag_div_pay 0.264 *** 0.207 *** 0.395 *** 0.270 ***

(9.10) (5.54) (4.69) (2.97)

Firm Fixed Effect Yes Yes Yes Yes
Year Fixed Effect Yes Yes Yes Yes
Observations 14,298    5,904      865         975         
Adjusted R-squared 0.887 0.890 0.893 0.876

DV = Div_pay
Total Matched

Sample
High

Localization
Med

Localization
Low

Localization
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Panel B: Newspaper layoff sample

(1) (2) (3) (4)
Treat_firm*Post 0.023 ** 0.042 *** 0.019 -0.005

(2.28) (2.79) (0.64) (-0.17)
Post -0.010 -0.006 -0.012 -0.015

(-1.42) (-0.40) (-0.56) (-0.64)
BM -0.025 *** -0.032 ** -0.038 * -0.011

(-3.21) (-2.51) (-1.84) (-0.85)
Leverage -0.033 -0.002 -0.053 -0.053

(-1.37) (-0.10) (-0.97) (-0.34)
Size 0.004 0.014 0.022 -0.012

(0.48) (0.99) (0.86) (-0.38)
R&D 0.017 -0.006 0.101 * -0.076

(0.98) (-0.23) (1.89) (-0.41)
Capex -0.021 -0.184 ** -0.067 0.153

(-0.36) (-2.01) (-0.65) (1.17)
ROA 0.019 ** -0.003 0.048 0.032

(2.16) (-0.33) (1.28) (0.67)
STD_PRC 0.001 0.000 0.000 0.001

(1.12) (0.20) (0.12) (0.38)
Ln_analyst 0.008 0.001 -0.014 -0.005

(0.92) (0.05) (-0.46) (-0.21)
IOR 0.060 *** 0.110 ** 0.131 * 0.008

(2.62) (2.55) (1.92) (0.15)
UR -0.013 ** 0.005 -0.025 * -0.021

(-2.51) (0.55) (-1.96) (-1.13)
Lag_div_pay 0.359 *** 0.346 *** 0.379 *** 0.169

(12.56) (8.19) (3.97) (1.38)

Firm Fixed Effect Yes Yes Yes Yes
Year Fixed Effect Yes Yes Yes Yes
Observations 12,018    4,366      930         685         
Adjusted R-squared 0.878 0.890 0.862 0.879

DV = Div_pay
Total Matched

Sample
High

Localization
Med

Localization
Low

Localization
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Table 6: Effect of local newspaper closures and layoffs on dividend pay amount 

Table 6 presents results of the dividend yield tests. Panel A reports estimation results using local newspaper closure sample, and Panel B reports estimation 
results using newspaper industry layoff sample. The dependent variable is the amount of cash dividend divided by book value of equity, and our main test 
variable is Treat_firm*Post. Treat_firm is set equal to 1 if the firm is located within 50 miles from the closed local newspaper (Panel A) or if the firm is located 
in counties that experienced more than 25 percent wage drop in newspaper industry (Panel B). Post is set equal to 1 if the observation is after the corresponding 
newspaper closure. Column 1 reports regression result using total matched sample, matched based on year, total assets, two-digit SIC code, and location. Column 
2 reports regression result using highly localized sample, which consists of firms with our localization proxy greater than 0.5. Column 3 reports regression result 
using moderately localized sample, which includes firms with the localization proxy between 0.25 and 0.5. Column 4 reports regression results using low-level 
localization sample, which consists of firms with the localization proxy lower than 0.25. We include firm-level control variables. We also control for state-level 
unemployment rate to control for the local macroeconomic condition. Variable definitions are provided in Appendix. The corresponding t-statistics are reported 
in the parentheses below each coefficient. We clustered standard errors by firm-level. ***, **, * indicate significance at the 1%, 5%, and 10% levels, 
respectively. 
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Panel A: Newspaper closure sample 

(1) (2) (3) (4)
Treat_firm*Post 0.002 ** 0.002 ** 0.000 0.001

(2.28) (2.09) (0.01) (0.52)
Post 0.000 0.000 0.000 0.000

(0.04) (-0.03) (0.11) (-0.10)
BM -0.002 *** -0.003 *** 0.000 -0.002 **

(-3.36) (-3.48) (-1.27) (-2.03)
Leverage 0.000 0.001 -0.004 0.002

(0.13) (0.33) (-0.49) (0.33)
Size -0.002 * 0.000 -0.004 -0.003

(-1.82) (-0.02) (-1.00) (-1.03)
R&D -0.001 0.000 0.003 -0.005

(-0.42) (-0.07) (0.39) (-1.06)
Capex 0.006 0.002 0.010 -0.011

(1.35) (0.33) (1.03) (-1.13)
ROA 0.002 ** 0.000 0.012 * 0.000

(2.08) (0.29) (1.96) (0.18)
STD_PRC 0.000 0.000 0.000 0.000

(-0.29) (-0.06) (0.81) (-1.28)
Ln_analyst 0.001 ** 0.001 0.001 -0.001

(2.47) (0.91) (0.26) (-0.60)
IOR 0.002 0.002 0.006 0.010

(1.14) (0.79) (0.99) (0.96)
UR 0.000 0.001 0.002 -0.004 **

(0.07) (1.59) (1.55) (-2.23)
Lag_div_yield -0.001 -0.002 *** 0.029 -0.002 ***

(-1.16) (-5.23) (1.22) (-14.61)

Firm Fixed Effect Yes Yes Yes Yes
Year Fixed Effect Yes Yes Yes Yes
Observations 14,298  5,904    865       975       
Adjusted R-squared 0.762 0.832 0.739 0.768

DV = Div_yield
Total 

Matched 
High 

Localization 
Med 

Localization 
Low 

Localization 
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Panel B: Newspaper layoff sample

(1) (2) (3) (4)
Treat_firm*Post 0.000 0.001 0.007 -0.004

(0.13) (1.11) (1.14) (-1.08)
Post 0.000 0.000 -0.001 -0.002

(-0.11) (0.13) (-0.19) (-0.73)
BM -0.002 *** -0.003 *** -0.004 ** -0.001

(-4.88) (-4.28) (-2.07) (-0.96)
Leverage 0.000 0.001 0.011 -0.018

(0.01) (0.49) (0.94) (-0.76)
Size -0.001 0.001 -0.002 -0.002

(-1.27) (0.78) (-0.37) (-0.42)
R&D -0.002 0.001 0.001 -0.007

(-0.80) (0.28) (0.11) (-0.38)
Capex 0.011 * -0.006 -0.007 0.011

(1.69) (-0.86) (-0.35) (0.44)
ROA 0.002 ** 0.000 0.006 0.001

(2.57) (0.05) (1.13) (0.10)
STD_PRC 0.000 * 0.000 0.000 0.000

(1.87) (1.65) (-0.52) (0.59)
Ln_analyst 0.000 0.000 0.004 0.000

(0.10) (0.43) (1.30) (0.15)
IOR 0.004 * 0.001 0.012 0.006

(1.70) (0.32) (1.30) (0.66)
UR -0.001 0.001 * -0.004 * -0.002

(-1.46) (1.65) (-1.90) (-0.70)
Lag_div_yield -0.001 *** 0.000 -0.013 *** -0.001 ***

(-2.98) (-0.02) (-3.66) (-5.46)

Firm Fixed Effect Yes Yes Yes Yes
Year Fixed Effect Yes Yes Yes Yes
Observations 12,018  4,366    930       685       
Adjusted R-squared 0.701 0.792 0.738 0.546

DV = Div_yield
Total 

Matched 
High 

Localization 
Med 

Localization 
Low 

Localization 
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Table 7: Effect of local newspaper closures and layoffs on governance and accounting quality metrics 

Table 7 presents results of tests for firm governance metrics. Panel A reports estimation results when the dependent variables is E-index. Panel B presents 
regression result when the dependent variable is the natural log of pay-performance-sensitivity (delta), and Panel C reports regression results when the dependent 
variable is unsigned abnormal accruals. Panel D and Panel E report results for investment efficiency tests when the dependent variables are overinvestment 
indicator (Panel D) and underinvestment indicator (Panel E). Our main test variable is Treat_firm*Post. Treat_firm is set equal to 1 if the firm is located within 
50 miles from the closed local newspaper (Newspaper closure sample) or if the firm is located in counties that experienced more than 25 percent wage drop in 
newspaper industry (Newspaper layoff sample). Post is set equal to 1 if the observation is after the corresponding newspaper closure. Columns 1 - 4 present 
estimation results using newspaper closure sample and Columns 5 - 8 report estimation results using newspaper layoff sample. We include firm-level control 
variables. We also control for state-level unemployment rate to control for the local macroeconomic condition. Variable definitions are provided in Appendix. 
The corresponding t-statistics are reported in the parentheses below each coefficient. We clustered standard errors by firm-level. ***, **, * indicate significance 
at the 1%, 5%, and 10% levels, respectively. 
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Panel A: E-index

(1) (2) (3) (4) (5) (6) (7) (8)
Treat_firm*Post -0.022 0.016 0.018 0.006 -0.076 -0.120 -0.123 -0.047

(-0.43) (0.20) (0.09) (0.05) (-1.35) (-1.16) (-0.85) (-0.53)

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Firm Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Year Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 3,950      1,231      210         326         3,797      933         411         357         
Adjusted R-squared 0.922 0.938 0.909 0.968 0.887 0.908 0.913 0.943

DV = Eindex
Newspaper closure sample Newspaper layoff sample

Med
Localization

Low
Localization

Total Matched
Sample

High
Localization

Med
Localization

Low
Localization

Total Matched
Sample

High
Localization

Panel B: Pay-performance-sensitivity

(1) (2) (3) (4) (5) (6) (7) (8)
Treat_firm*Post 0.075 -0.169 -0.344 0.161 -0.087 -0.005 -0.219 0.344

(0.76) (-0.66) (-1.49) (0.78) (-0.94) (-0.03) (-0.82) (1.58)

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Firm Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Year Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 1,546      356         92           118         1,632      231         274         163         
Adjusted R-squared 0.853 0.861 0.894 0.855 0.840 0.873 0.797 0.902

DV = Ln_Delta
Newspaper closure sample Newspaper layoff sample

Med
Localization

Low
Localization

Total Matched
Sample

High
Localization

Med
Localization

Low
Localization

Total Matched
Sample

High
Localization
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Panel C: Abnormal Accruals

(1) (2) (3) (4) (5) (6) (7) (8)
Treat_firm*Post -0.009 -0.009 -0.011 -0.011 -0.010 -0.016 0.030 -0.044

(-1.53) (-0.95) (-0.61) (-0.61) (-1.12) (-1.30) (1.14) (-1.42)

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Firm Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Year Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 9,818      3,560      668         668         9,918      2,984      856         672         
Adjusted R-squared 0.343 0.356 0.264 0.264 0.310 0.329 0.277 0.217

Low
Localization

DV = ABACC
Newspaper closure sample Newspaper layoff sample

Total Matched
Sample

High
Localization

Med
Localization

Low
Localization

Total Matched
Sample

High
Localization

Med
Localization

Panel D: Investment Efficiency (Lieklihood of overinvest)

(1) (2) (3) (4) (5) (6) (7) (8)
Treat_firm*Post 0.051 0.017 -0.006 0.107 0.050 0.053 -0.140 0.030

(1.33) (0.23) (-0.04) (0.98) (1.38) (0.71) (-1.36) (0.31)

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Firm Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Year Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 2,878      816         152         248         2,832      545         350         298         

Adjusted R-squared 0.398 0.382 0.316 0.448 0.393 0.492 0.360 0.292

DV = Overinvest
Newspaper closure sample Newspaper layoff sample

Low
Localization

Total Matched
Sample

High
Localization

Med
Localization

Low
Localization

Total Matched
Sample

High
Localization

Med
Localization
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Panel E: Investment Efficiency (Lieklihood of underinvest)

(1) (2) (3) (4) (5) (6) (7) (8)
Treat_firm*Post -0.041 -0.044 -0.053 -0.113 -0.030 -0.181 ** 0.035 -0.137

(-1.24) (-0.70) (-0.57) (-1.29) (-0.87) (-2.25) (0.34) (-1.33)

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Firm Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Year Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 2,878      816         152         248         2,832      545         350         298         

Adjusted R-squared 0.537 0.525 0.341 0.568 0.464 0.512 0.387 0.324

High
Localization

Med
Localization

Low
Localization

DV = Underinvest
Newspaper closure sample Newspaper layoff sample

Total Matched
Sample

High
Localization

Med
Localization

Low
Localization

Total Matched
Sample
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Table 8: Effect of local newspaper closures and layoffs on operating performance 

Table 8 presents results of operating performance tests. Panel A reports estimation results using local newspaper closure sample, and Panel B reports estimation 
results using newspaper industry layoff sample. The dependent variable is return on assets (ROA), and our main test variable is Treat_firm*Post. Treat_firm is 
set equal to 1 if the firm is located within 50 miles from the closed local newspaper (Panel A) or if the firm is located in counties that experienced more than 25 
percent wage drop in newspaper industry (Panel B). Post is set equal to 1 if the observation is after the corresponding newspaper closure. Column 1 reports 
regression result using total matched sample, matched based on year, total assets, two-digit SIC code, and location. Column 2 reports regression result using 
highly localized sample, which consists of firms with our localization proxy greater than 0.5. Column 3 reports regression result using moderately localized 
sample, which includes firms with the localization proxy between 0.25 and 0.5. Column 4 reports regression results using low-level localization sample, which 
consists of firms with the localization proxy lower than 0.25. We include firm-level control variables. We also control for state-level unemployment rate to 
control for the local macroeconomic condition. Variable definitions are provided in Appendix. The corresponding t-statistics are reported in the parentheses 
below each coefficient. We clustered standard errors by firm-level. ***, **, * indicate significance at the 1%, 5%, and 10% levels, respectively. 
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Panel A: Newspaper closure sample 

(1) (2) (3) (4)
Treat_firm*Post 0.010 0.019 0.001 0.006

(1.10) (1.30) (0.04) (0.22)
Post -0.003 -0.012 0.002 -0.002

(-0.40) (-1.45) (0.08) (-0.06)
BM -0.020 *** -0.020 * 0.012 -0.021

(-2.86) (-1.77) (1.01) (-1.04)
Leverage -0.392 *** -0.488 *** -0.421 *** -0.430 **

(-6.76) (-4.04) (-3.35) (-2.52)
Size 0.070 *** 0.138 *** 0.010 0.044

(3.74) (3.25) (0.27) (1.17)
R&D -1.192 *** -0.961 *** -1.646 *** -1.316 ***

(-10.05) (-6.22) (-6.74) (-5.62)
Capex -0.011 -0.220 0.060 0.133

(-0.11) (-0.99) (0.39) (0.49)
STD_PRC 0.001 0.001 0.004 0.001

(1.19) (0.55) (1.38) (0.58)
Ln_analyst -0.006 -0.016 0.019 0.007

(-0.68) (-1.03) (0.87) (0.33)
IOR -0.058 ** -0.090 * -0.048 -0.048

(-2.27) (-1.78) (-0.66) (-0.66)
UR 0.008 0.014 * 0.016 -0.009

(1.59) (1.86) (0.55) (-0.45)

Firm Fixed Effect Yes Yes Yes Yes
Year Fixed Effect Yes Yes Yes Yes
Observations 14,298  5,904    865       975       
Adjusted R-squared 0.736 0.673 0.720 0.777

DV = ROA
Total 

Matched 
High 

Localization 
Med 

Localization 
Low 

Localization 
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Panel B: Newspaper layoff sample

(1) (2) (3) (4)
Treat_firm*Post -0.001 0.007 0.014 0.015

(-0.07) (0.43) (0.45) (0.48)
Post -0.003 -0.005 0.002 0.005

(-0.36) (-0.47) (0.10) (0.16)
BM -0.018 ** -0.021 * -0.005 -0.031 **

(-2.54) (-1.71) (-0.18) (-2.43)
Leverage -0.355 *** -0.330 *** -0.245 ** -0.249 **

(-6.45) (-3.53) (-2.15) (-2.45)
Size 0.076 *** 0.099 *** 0.040 0.057

(4.38) (3.05) (0.98) (1.61)
R&D -0.921 *** -0.802 *** -1.097 *** -1.957 ***

(-11.00) (-7.84) (-4.91) (-4.50)
Capex -0.367 ** -0.690 ** 0.220 -0.843 *

(-2.04) (-2.39) (0.97) (-1.91)
STD_PRC -0.001 -0.004 0.000 0.001

(-1.05) (-1.16) (0.01) (0.43)
Ln_analyst -0.009 -0.017 0.012 -0.017

(-0.96) (-1.05) (0.35) (-0.74)
IOR -0.016 -0.032 0.087 0.015

(-0.62) (-0.72) (1.14) (0.16)
UR 0.010 * 0.013 -0.032 0.042 **

(1.92) (1.64) (-1.49) (2.23)

Firm Fixed Effect Yes Yes Yes Yes
Year Fixed Effect Yes Yes Yes Yes
Observations 12,018  4,366    930       685       
Adjusted R-squared 0.687 0.692 0.702 0.669

DV = ROA
Total 

Matched 
High 

Localization 
Med 

Localization 
Low 

Localization 
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Table 9 Tests of parallel trends assumption 
                   

Table 9 presents results of tests for the parallel trends assumption. Panel A reports estimation results when the dependent variable is the number of management 
earnings forecast. Panel B presents regression result when the dependent variable dividend payment indicator, and Panel C reports regression results when the 
dependent variable is dividend yield. Treat_firm is set equal to 1 if the firm is located within 50 miles from the closed local newspaper (Newspaper closure sample) 
or if the firm is located in counties that experienced more than 25 percent wage drop in newspaper industry (Newspaper layoff sample). Pre2 (Pre1) is equal to 1 for 
the observations 2 years (1 year) before the event. Post1 set equal to 1 for the observations of the event year. Post2 (Post3) is set equal to 1 for the observations 1 
year (2 years) after the event. Columns 1 - 4 present estimation results using newspaper closure sample and Columns 5 - 8 report estimation results using newspaper 
layoff sample. We include firm-level control variables. We also control for state-level unemployment rate to control for the local macroeconomic condition. Variable 
definitions are provided in Appendix. The corresponding t-statistics are reported in the parentheses below each coefficient. We clustered standard errors by firm-
level. ***, **, * indicate significance at the 1%, 5%, and 10% levels, respectively. 
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Panel A: Management earnings forecast

(1) (2) (3) (4) (5) (6) (7) (8)
Treat_firm*Pre2 -0.022 -0.009 0.332 0.537 -0.073 0.077 -0.273 -0.041

(-0.25) (-0.12) (0.73) (1.05) (-1.03) (0.75) (-1.31) (-0.17)
Treat_firm*Pre1 0.073 0.136 * 0.254 0.749 -0.036 0.134 -0.084 -0.500 *

(0.75) (1.82) (0.58) (1.41) (-0.53) (1.59) (-0.39) (-1.76)
Treat_firm*Post1 0.008 0.156 * 0.079 0.679 0.019 0.242 ** -0.272 -0.361

(0.08) (1.78) (0.16) (1.16) (0.24) (2.34) (-1.11) (-0.92)
Treat_firm*Post2 0.023 0.119 0.492 0.722 0.006 0.206 * -0.287 -0.526

(0.22) (1.44) (1.13) (1.21) (0.07) (1.96) (-1.15) (-1.48)
Treat_firm*Post3 0.075 0.216 ** 0.037 0.902 -0.085 0.161 -0.585 * -0.775 *

(0.66) (2.12) (0.06) (1.55) (-0.98) (1.35) (-1.97) (-1.75)

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Firm Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Year Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 10,513    4,709      450         730         11,602    4,287      874         671         
Adjusted R-squared 0.765 0.771 0.763 0.674 0.760 0.743 0.763 0.823

Low
Localization

DV = MF counts
Newspaper closure sample Newspaper layoff sample

Total Matched
Sample

High
Localization

Med
Localization

Low
Localization

Total Matched
Sample

High
Localization

Med
Localization
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Panel B: Dividend payment likelihood

(1) (2) (3) (4) (5) (6) (7) (8)
Treat_firm*Pre2 -0.005 0.017 -0.007 0.031 0.011 0.025 0.017 0.045

(-0.34) (0.78) (-0.19) (0.92) (0.89) (1.19) (0.33) (1.62)
Treat_firm*Pre1 -0.012 0.012 0.024 -0.028 0.010 0.015 0.012 0.044

(-0.88) (0.55) (0.50) (-0.62) (0.73) (0.76) (0.25) (0.93)
Treat_firm*Post1 0.004 0.021 -0.027 0.025 0.024 * 0.036 0.000 0.063

(0.27) (0.96) (-0.54) (0.61) (1.66) (1.56) (-0.00) (1.41)
Treat_firm*Post2 0.030 * 0.069 ** 0.033 0.021 0.028 * 0.056 ** 0.062 0.005

(1.75) (2.43) (0.64) (0.49) (1.76) (2.46) (1.18) (0.08)
Treat_firm*Post3 0.045 ** 0.088 *** -0.021 0.015 0.041 ** 0.087 *** 0.029 0.002

(2.38) (2.80) (-0.39) (0.35) (2.28) (3.32) (0.58) (0.03)

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Firm Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Year Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 14,298    5,904      865         975         12,018    4,366      930         685         
Adjusted R-squared 0.887 0.890 0.894 0.875 0.878 0.890 0.862 0.879

DV = Div_pay
Newspaper closure sample Newspaper layoff sample

Low
Localization

Total Matched
Sample

High
Localization

Med
Localization

Low
Localization

Total Matched
Sample

High
Localization

Med
Localization
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Panel C: Dividend yield

(1) (2) (3) (4) (5) (6) (7) (8)
Treat_firm*Pre2 -0.001 0.001 -0.001 0.000 0.001 0.000 0.000 0.008

(-0.45) (0.40) (-0.23) (0.18) (0.60) (-0.09) (0.05) (1.32)
Treat_firm*Pre1 -0.003 ** -0.002 0.002 -0.007 * -0.001 -0.001 0.001 0.004

(-2.18) (-1.20) (0.54) (-1.91) (-0.56) (-0.68) (0.17) (0.61)
Treat_firm*Post1 -0.001 0.000 -0.001 -0.004 0.000 0.000 0.005 0.001

(-0.55) (0.02) (-0.29) (-1.33) (-0.01) (-0.02) (0.64) (0.32)
Treat_firm*Post2 0.001 0.002 0.003 0.000 0.000 0.001 0.008 -0.003

(0.84) (1.47) (0.79) (0.05) (0.15) (0.61) (0.85) (-0.45)
Treat_firm*Post3 0.002 0.004 ** 0.000 -0.001 0.000 0.002 0.009 0.003

(1.53) (2.10) (0.06) (-0.35) (0.11) (1.16) (1.05) (0.37)

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Firm Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Year Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 14,298    5,904      865         975         12,018    4,366      930         685         
Adjusted R-squared 0.762 0.833 0.739 0.770 0.701 0.792 0.740 0.544

High
Localization

Med
Localization

Low
Localization

DV = Div_yield
Newspaper closure sample Newspaper layoff sample

Total Matched
Sample

High
Localization

Med
Localization

Low
Localization

Total Matched
Sample
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