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Abstract 
We study how information integration frictions shape retail investors’ responses to earnings news 
and drive post-earnings announcement drift (PEAD). Using the staggered rollout of the Electronic 
Data Gathering, Analysis, and Retrieval (EDGAR) system as our identification setting, we provide 
direct, investor-level evidence that reduced disclosure processing costs mitigate PEAD, with the 
attenuation concentrated among bad-news earnings announcements. We develop a parsimonious 
slow-diffusion model that clarifies how disclosure acquisition and integration map into PEAD and 
trading volume. Guided by this framework, mechanism tests point to a retail investor integration 
channel: retail trading around earnings announcements declines after EDGAR inclusion, 
consistent with more uniform integration. In particular, contrarian retail buying after bad news 
falls sharply, helping to explain why PEAD attenuates most on the short leg. We further exploit 
the eXtensible Business Reporting Language (XBRL) mandate and find cross-sectional evidence 
consistent with retail investors benefiting from XBRL through a different integration channel that 
operates on structured disclosure data. 
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I. INTRODUCTION 

Individual investors face substantial costs in processing corporate mandatory disclosures that 

help them evaluate earnings news when making stock-trading decisions. If these processing costs 

are substantial, individual investors may decide against using fundamentals and rely on their 

biased or overconfident beliefs, leading to stock price underreactions and over-trading (Odean 

1998, Hong and Stein 1999, Hirshleifer and Teoh 2003). Yet existing evidence suggests that 

simply increasing awareness or easing acquisition of disclosures does not reliably induce 

individual investors to rely more on accounting fundamentals and, in some settings, even leads to 

attention-driven trading (Lawrence, Ryans, Sun, and Laptev 2018, Blankespoor, deHaan, Wertz, 

and Zhu 2019, Bushee, Cedergren, and Michels 2020). 

Against this backdrop, we study how processing costs affect investors’ use of standardized, 

value-relevant mandatory disclosures in responding to earnings news. A central implication of 

this literature is that processing costs slow the incorporation of earnings news into prices, 

whether through partial price adjustment or gradual information diffusion, thereby amplifying 

post-earnings announcement drift (PEAD).1 In rational expectations models, high processing 

costs lead to fewer informed traders and therefore to less informative equilibrium prices 

(Grossman and Stiglitz 1980, Verrecchia 1982). In behavioral models, high processing costs lead 

to slower news diffusion with similar stock price underreaction (Hong and Stein 1999, 

Hirshleifer and Teoh 2003, Peng and Xiong 2006). 

We first empirically test this general prediction. Our main empirical setting leverages the 

 
1 One exception is when there are interactive effects between costs. For example, Goldstein and Yang (2017) show 
that the substitution between acquisition costs and integration costs can generate a non-monotonic relation between 
processing costs and price efficiency. We further discuss this in the context of our framework in Section II. For a 
review of analytical works on the effects of processing costs on PEAD, see Blankespoor, deHaan, and Marinovic 
(2020). 
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staggered implementation of the Electronic Data Gathering, Analysis, and Retrieval (EDGAR) 

system, in which the U.S. Securities and Exchange Commission (SEC) required all publicly 

listed firms to file their mandatory disclosures electronically over ten discrete phase-in waves 

from 1993 to 1996. With digital mandatory filings accessible and searchable at the cost of an 

internet connection, this policy arguably reduces investors’ processing costs of acquiring and 

processing mandatory disclosures, which in turn aids their trading decisions upon earnings news. 

Importantly for identification, firms are assigned to their respective waves purely on firm size, 

allowing us to establish plausible causality by comparing treated and control firms closely 

matched by size (Chang, Ljungqvist, and Tseng 2023). 

We adopt a stacked difference-in-differences (DD) specification to compare the change in 

PEAD around EDGAR inclusion for treated and to-be-treated control firms. We find that 

EDGAR inclusion attenuates PEAD across post-announcement windows extending to at least 

thirty days, consistent with the view that lower processing costs promote stock price efficiency.2 

The reduction ranges from 4.5 to 9.4 percent of the pre-EDGAR sample average. We further 

document that the effect is largely concentrated in bad-news earnings surprises, where the 

economic magnitude of PEAD reduction reaches 25.5 percent. This is consistent with the 

stylized fact that PEAD is driven primarily by the short leg, and the view that managers withhold 

bad news relative to good news (Hong, Lim, and Stein 2000, Kothari, Shu, and Wysocki 2009, 

deHaan, Shevlin, and Thornock 2015).3 

 To pin down the mechanisms at work and guide our further empirical analyses, we develop a 

 
2 This result is consistent with prior studies that also adopt EDGAR as the empirical setting (Hirshleifer and Ma 
2025). 
3 Prior works that document this asymmetry in PEAD include, but are not limited to, Lee (1992), Chan, Jegadeesh, 
and Lakonishok (1996), Skinner and Sloan (2002), Hirshleifer, Myers, Myers, and Teoh (2008), Cheng, Fang, and 
Myers (2023). For example, Skinner and Sloan (2002) find that approximately 63 percent of earnings momentum 
portfolio profitability is driven by the short leg. There is a similar asymmetry in unconditional stock price 
momentum (Hong, Lim, and Stein 2000, Daniel, Klos, and Rottke 2023). 
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parsimonious slow-diffusion model motivated by Hong and Stein (1999). In our model, investors 

are boundedly rational and do not condition on prices, preventing a fully revealing rational 

expectations equilibrium. All investors observe a common earnings headline at announcement, 

whose price implication is incorporated immediately. However, investors require additional 

disclosures to clarify the full value implication beyond the headline. Acquisition of these 

additional disclosures is costly, and more investors acquire them over time. Specifically, 

acquisition is the step of obtaining mandatory disclosures content in usable form: bottom-line 

numbers, historical statements, MD&A, segment information, or footnote items. Integration is 

the subsequent step of assessing those inputs’ implications for persistence, segments, cash flows, 

or risk.4 

The model predicts that reducing either acquisition costs or integration costs reduces PEAD. 

When acquisition becomes easier, more investors incorporate additional disclosures sooner; 

when integration becomes easier, those who have acquired interpret the value implications more 

fully and with less disagreement. Importantly, the two margins have different implications for 

trading volume: faster acquisition can intensify trading initially as early and late acquirers 

disagree, whereas better integration mitigates disagreement among acquirers and generally leads 

to lower trading volume. 

With that in mind, we examine the effect of EDGAR inclusion on retail investor trading 

volume using the brokerage data of Barber and Odean (2000). We focus on retail investors 

because institutions and professional investors largely had access to all corporate filings pre-

EDGAR (Chang, Ljungqvist, and Tseng 2023). Our DD estimates show that post-earnings retail 

 
4 Analytically, integration costs are often modeled as variable acquisition costs. In our model, the key departure from 
rational information-acquisition models is that investors do not extract information from prices and trading is driven 
by investor disagreement. We provide further discussions in Section II. 
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trading volume declines sharply after EDGAR inclusion. Because pure acquisition would predict 

an initial increase, this decline points to the integration margin as a central mechanism through 

which EDGAR reduces PEAD. The decline suggests that EDGAR raises the completeness and 

precision of retail investors’ integration of acquired disclosures: more of the contextual 

implication is incorporated earlier, and interpretations are less dispersed across investors. 

We further decompose retail trading volume into buys and sells to examine more granular 

directional reactions to earnings news following EDGAR inclusion. Following bad earnings 

news, retail trading contracts sharply, driven primarily by a reduction in contrarian buying. This 

pattern echoes prior evidence that retail investors tend to buy following negative earnings news 

(Hirshleifer et al. 2008), and suggests that EDGAR mitigates this tendency by improving 

investors’ ability to integrate valuation implications of bad news. Importantly, this finding helps 

explain our baseline result that EDGAR primarily attenuates PEAD on the short leg: with weaker 

contrarian buying, bad news diffuses into prices faster; i.e., bad news travels faster with EDGAR 

than without it. By contrast, following good earnings news, the contraction is more symmetric 

across buys and sells, consistent with EDGAR reducing disagreement-driven trading more 

broadly and helping explain the more muted effect long-leg effect.5 

We next explore cross-sectional patterns. Three settings should make disclosure integration 

especially consequential: high-beta firms, where disagreement-driven trading is more 

pronounced (Hong and Sraer 2016); low-coverage firms, where weaker external intermediation 

slows the diffusion of earnings implications and sustain disagreement (Hong, Lim, and Stein 

 
5 This interpretation is consistent with prior evidence that individual investors’ trading responses often load more on 
buying than on selling (Barber and Odean 2008), while selling after gains is commonly linked to the disposition 
effect (Odean 1998). It is also consistent with the broader asymmetry that bad news tends to diffuse more slowly 
than good news (Kothari, Shu, and Wysocki 2009). In the disagreement framework, EDGAR can tighten investors’ 
interpretations of earnings and thereby reduce dispersion-driven speculative trading incentives, especially on the buy 
side following bad news (Scheinkman and Xiong 2003, Chang, Hsiao, Ljungqvist, and Tseng 2022). 
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2000); and high-complexity firms, where complex underlying operations make disclosure 

intrinsically harder to integrate into valuation (Barinov, Park, and Yildizhan 2024). Consistent 

with this interpretation, triple-difference estimates imply that PEAD and retail trading volume 

decrease more following EDGAR inclusion for high-beta and low-coverage firms. We find 

directionally similar, albeit statistically weaker, patterns for high-complexity firms. The cross-

sectional contrast itself is informative. EDGAR’s electronic search, cross-filing comparison, and 

cross-checking most directly constrain disagreement over disclosure interpretation proxied by 

high beta and low analyst coverage. By contrast, manual processing alone only partly overcomes 

the intrinsic difficulty of integrating disclosure for operationally complex firms. This contrast 

motivates our next setting, the SEC’s eXtensible Business Reporting Language (XBRL) 

mandate, which improves the structure and machine-readability of mandatory disclosures more 

directly. 

Unlike EDGAR, which makes mandatory filings cheaply available and appears to have 

improved how retail investors process disclosure, XBRL converts mandatory filings into 

machine-readable tags and therefore primarily reduces structured-data processing frictions. 

XBRL’s average PEAD attenuation is more modest than EDGAR’s, but the cross-sectional 

pattern differs in informative ways. While EDGAR is most effective in settings where 

disagreement and weak external intermediation are pronounced, XBRL is most effective where 

the disclosure-to-valuation mapping is intrinsically more demanding, namely for operationally 

complex firms. Retail trading volume also declines on average following XBRL inclusion, with 

cross-sectional patterns that are statistically weaker but again most pronounced at operationally 

complex firms. Taken together, EDGAR and XBRL reach retail investors through different 

integration channels. EDGAR lowers the acquisition and integration costs of mandatory filings, 
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while XBRL improves their structure and usability. 

We make two principal contributions to the literature. First, we contribute to the literature on 

investors’ disclosure processing costs, in particular for individual investors. Empirical studies in 

this literature has focused on awareness and acquisition costs (DellaVigna and Pollet 2009, 

Hirshleifer, Lim, and Teoh 2011, Lawrence et al. 2018), while more recent work suggests that 

integration frictions, the costs of mapping disclosure into valuation, also shape retail trading 

behavior (Grant 2020, Lee and Zhong 2022). We build on this work by developing an analytical 

framework that disentangles integration costs from acquisition costs and by providing plausibly 

causal evidence on the market consequences of the former. Our results complement Blankespoor 

et al. (2019), who find that reducing awareness and acquisition costs alone does not lead retail 

investors to rely more on accounting information and Gomez, Heflin, Moon, and Warren (2024), 

who show that third-party financial analysis can alleviate disclosure-processing frictions around 

earnings announcements (Gomez, Heflin, Moon, and Warren 2024). 

Relatedly, our setting overlaps with three papers that also adopt EDGAR as the empirical 

setting. Chang, Hsiao, Ljungqvist, and Tseng (2022) study EDGAR’s effect on stock price 

corrections and crash risk, interpreting the channel through differential interpretations among 

investors. Chang, Ljungqvist, and Tseng (2023) study EDGAR’s effect on sell-side analyst 

forecast behavior. Hirshleifer and Ma (2025) study EDGAR’s attenuation of asset-pricing 

anomalies, including PEAD. While these papers may implicitly attribute retail investors as the 

plausible agents behind their results, we test this mechanism directly using the Barber and Odean 

(2000) brokerage data and show that PEAD attenuation traces specifically to the faster diffusion 

of retail investor integration after bad news. Put differently,  our paper complements these 

aggregate-level inferences with direct mechanism tests at the investor level. 
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Second, we contribute to the ongoing debate in the literature over whether individual 

investors contribute to accounting anomalies such as PEAD. Prior empirical studies have not 

reached a consensus (Battalio and Mendenhall 2005, Hirshleifer et al. 2008, Ayers, Li, and Yeung 

2011, Kaniel et al. 2012, and Blankespoor et al. 2018). Our evidence points to individual 

investors’ difficulty in integrating information, especially negative earnings news, in an 

environment of slow news diffusion. In our sample, this mechanism contributes materially to 

PEAD, particularly on the short leg. That said, our clean-control matching design tilt our sample 

toward smaller firms, precisely the cross-section where retail contrarian trading is first-order and 

the retail integration mechanism should be strongest (Hong, Lim, and Stein 2000). We therefore 

view this sample composition as a feature for our specific research question, though readers 

should interpret the aggregate magnitudes with this size-tilt in mind. 

The paper is organized as follows. Section II presents the theoretical framework and 

hypotheses. Section III describes the identification strategy and data. Section IV presents the 

empirical results with EDGAR. Section V examines alternative mechanisms. Section VI presents 

the empirical results with XBRL. Section VII concludes. 

 

II. THEORETICAL UNDERPINNINGS, HYPOTHESES, AND RELATED 

LITERATURE  

Slow-Diffusion Model and Hypotheses 

To guide our empirical analyses, we adopt the slow-diffusion model of Hong and Stein 

(1999), adapted to publicly observable earnings announcements with heterogeneous disclosure 

acquisition and interpretation. In this model, investors are boundedly rational such that they do 

not infer others’ information from prices, so prices aggregate beliefs and are not themselves fully 
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revealing. We model an earnings announcement over event time 𝑡 ∈ {0,1, … , 𝑇}, with investors 

partitioned into 𝐺 equal-sized groups. There is a risky asset with terminal payoff 𝑣 = 𝑣‾ + 𝐸! +

𝜂, where 𝜂 ∼ 𝑁30, 𝜎"#5 and 𝑣‾ includes the pre-event value and the common implication of the 

headline announcement.6 We focus on the contextual value implication 𝐸! associated with 

earnings news at 𝑡 = 0, beyond what the headline alone suggests. There exists contextual 

disclosure 𝐷 that is informative about 𝐸!. The usefulness of disclosure 𝐷 depends on two 

separate margins: investors must first acquire the disclosure in usable form (the extensive 

margin), and they must then integrate the contents to infer the contextual implication 𝐸! (the 

intensive margin). The same disclosure item can affect both margins. For example, obtaining 

MD&A in usable form is acquisition; using it to assess whether a surprise is persistent, segment-

specific, or transitory is integration. 

We formalize each margin in turn. First, acquisition is gradual, with costs driven by 

dissemination technology, investor specialization, or investor inattention. Each investor group 𝑔 

has an acquisition time 𝑇$ ∈ {0,1, … , 𝑇,∞}, and we define an indicator variable 𝑎$,& ≡ 𝟏{𝑡 ≥ 𝑇$} 

for whether group 𝑔 has acquired and processed 𝐷 by time 𝑡. We further define the fraction of 

investor groups that have acquired as 𝑎‾& ≡ (1/𝐺)∑ 𝑎$,&'
$() . 

Second, conditional on acquisition, investors integrate the contextual disclosure into 

valuation, with integration productivity 𝜓 governing both the completeness and the precision of 

integration. Before acquisition, investors have a coarse pre-acquisition understanding capturing a 

fixed fraction 𝜆 ∈ [0,1) of 𝐸!. After acquisition, they map a common share 𝜌&(𝜓) ∈ [0,1] of the 

remaining contextual implication (1 − 𝜆)𝐸! into valuation, with 𝜌&(𝜓) increasing in 𝜓. The 

 
6 We assume the headline component is observable to all investors immediately and is incorporated into the 
announcement-date baseline price.  
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post-acquisition interpretation also carries idiosyncratic noise 𝜀$,&(𝜓) with precision 𝜏!(𝜓), 

increasing in 𝜓. Specifically, each group forms a posterior belief about 𝐸!, denoted as 𝑚$,& ≡

𝑏$,&(𝜓)𝐸! + 𝑒$,&(𝜓), where 𝑏$,&(𝜓) ≡ 𝜆 + (1 − 𝜆)𝑎$,&𝜌&(𝜓) is the incorporation fraction and 

𝑒$,&(𝜓) ≡ 𝑎$,&  𝜀$,&(𝜓) is the interpretation error component. Higher integration productivity 

therefore operates on two distinct dimensions: it raises the depth of contextual implication 

absorbed at any given event date and compresses the cross-sectional dispersion of post-

acquisition interpretations. 

With constant absolute risk aversion (CARA), the expected price conditional on 𝐸!, the 

acquisition path, and the integration path is 

𝔼[𝑃& ∣ 𝐸! , 𝒂, 𝝆(𝜓)] = 𝑣‾ + [𝜆 + (1 − 𝜆)𝑎‾&𝜌&(𝜓)]𝐸! − 𝛾𝜎"#𝑄. 

The conditional expectation highlights the central economic mechanism: the headline component 

is reflected in 𝑣‾ at the announcement date and plays no role in post-announcement dynamics; the 

contextual component enters both through the share of investors who have acquired the 

disclosure and through the depth of integration achieved among acquirers. In the model, we 

measure PEAD as squared post-announcement drift (𝑃* − 𝑃+)# and show that 

𝔼[(𝑃* − 𝑃+)#] = (1 − 𝜆)#[𝑎‾*𝜌*(𝜓) − 𝑎‾+𝜌+(𝜓)]#Var(𝐸!) +
)
'
⋅ (𝑎‾* − 𝑎‾+) ⋅

)
,!(.)

.        (1) 

Comparative statics show that, under mild conditions, reducing integration costs (i.e., higher 𝜓) 

attenuates systematic PEAD (first term) and reduces dispersion of the residual interpretation 

noise (second term) under mild conditions. Reducing acquisition costs attenuates PEAD, 

provided it raises early acquisition relatively more than late acquisition.7 This leads to our first 

hypothesis: 

 
7 We provide more detail of these results in Appendix B. 
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H1: Reducing disclosure processing costs attenuates PEAD. 

Note that our baseline framework is deliberately parsimonious and does not impose a good- 

and bad-news asymmetry. Such an asymmetry could be generated straightforwardly by, for 

example, allowing negative news to be harder to interpret, to diffuse more slowly, or to face 

tighter short-sale constraints than good news. We adopt this minimal setup to clarify the first-

order roles of disclosure acquisition and integration in PEAD and trading volume, rather than to 

incorporate other mechanisms that may generate such asymmetry. 

The distinguishing predictions concern trading volume. We begin by defining period-by-

period revision disagreement as the average squared deviation of changes in posterior beliefs: 

RevDisagree& ≡
)
'
` (Δ𝑚$,& − Δ𝑚̄&

'

$()
)#, 

where Δ𝑚$,& ≡ 𝑚$,& −𝑚$,&0) and Δ𝑚̄& ≡ (1 𝐺⁄ )∑ Δ'
$() 𝑚$,&. Next, we define turnover at time 𝑡 

as half the total absolute change in group positions 𝑉& ≡ (1 2)⁄ ∑ ∣'
$() 𝑥$,& − 𝑥$,&0) ∣. We show 

that under mild normality assumptions, turnover 𝑉& is proportional to gRevDisagree& ; that is, 

trading intensity reflects the extent of revision disagreement. 

This link allows us to distinguish acquisition from integration. Lower acquisition costs 

mainly change the timing and mass of belief revisions: as more groups acquire disclosure earlier, 

some groups revise while others do not, which can increase early-window trading and reduce 

later-window trading. Lower integration costs, by contrast, operate through two channels. A 

speed component changes how much contextual information acquirers incorporate at each date 

and has no general signed implication for volume. A precision component compresses 

idiosyncratic interpretation errors among acquirers and reduces revision disagreement. Because 

our framework is designed to capture disagreement-driven trading around public disclosures, we 

state the integration-volume prediction under the empirically refutable assumption that the 
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disagreement-compression component dominates the residual speed-and-mass component:8 

H2a: Lower integration costs decrease disagreement in belief revisions and thereby decrease 

trading after earnings announcements.   

H2b: Reducing acquisition costs redistributes trading toward earlier periods after earnings 

announcements. 

By contrast, rational expectations models with imperfect competition often imply that 

lowering processing costs should stimulate trading volume. In these models, informed investors 

internalize the price impact of their trades (Kyle 1989). Reducing processing costs incentivizes 

more investors to become informed, reduces their concerns about price impacts, and supports 

more aggressive trading (Fishman and Hagerty 1992, Kim and Verrecchia 1994, Avdis and 

Banerjee 2018). In a competitive setting, Kim and Verrecchia (1991a,b) obtain a non-monotonic, 

inverse-U relation between trading volume and processing costs. Even there, howevjer, the 

prediction is not a straightforward decline in trading volume when processing costs fall. 

Related Literature 

Our analytical framework builds on the broad investor disagreement literature, which 

encompasses differential interpretations of public signals and slow news diffusion arising from 

investor inattention or other processing frictions (Hong and Stein 2007). The key foundations are 

bounded rationality models with private news that diffuse only gradually through markets (Hong 

and Stein 1999), and limited-attention models that show even public disclosure need not be 

processed equivalently by all investors (Hirshleifer and Teoh 2003). Our model follows the Hong 

and Stein tradition, adapted to public announcements in which investors first acquire usable 

 
8 Broadly speaking, behavioral models with heterogeneous beliefs typically predict lower trading intensity with 
lower revision disagreement (Harrison and Kreps 1978, Scheinkman and Xiong 2003, Peng and Xiong 2006, 
DellaVigna and Pollet 2009, Hirshleifer et al. 2011). 
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disclosure inputs and then map them into valuation. 

Empirical work links these mechanisms to how markets respond to accounting information. 

A large literature shows that the speed of price response to earnings news, and the resulting 

PEAD (Bernard and Thomas 1990), depends on inattention (Hirshleifer, Lim, and Teoh 2009), 

distraction (DellaVigna and Pollet 2009), conference-call access (Bushee, Matsumoto, and Miller 

2003), intermediary responsiveness (Zhang 2008), disclosure timing (deHaan, Shevlin, and 

Thornock 2015), earnings-date notifications (Chapman 2018), media dissemination (Lawrence et 

al. 2018), and properties of the accounting signal itself (Barth, Landsman, Raval, and Wang 

2020). More recent work measures disagreement, information diversity, or processing costs more 

directly, using EDGAR activity, social media, or investor information heterogeneity around 

earnings news (Drake et al. 2016, Ben-Rephael, Easton, and Israelsen 2022, Booker, Curtis, and 

Richardson 2023, Chen 2023). Within this literature, Chang, Hsiao, Ljungqvist, and Tseng 

(2022) is closest to ours in identification, exploiting the same EDGAR implementation as a 

plausible exogenous shock to investor disagreement. The two papers differ in two important 

ways. First, Chang et al. (2022) focus on EDGAR’s asset-pricing consequences (stock price 

corrections and crash risk) and interpret the mechanism mainly through a differential 

interpretations channel. We instead focus on how slow diffusion among retail investors drives 

PEAD. Second, we use retail trading around earnings announcements to distinguish disclosure 

integration from disclosure acquisition. We find that EDGAR primarily improves retail investors’ 

integration of contextual disclosure into valuation.  

  

III. IDENTIFICATION STRATEGY AND DATA 

EDGAR Institutional Setting 



 13 

Our main identification setting exploits the staggered implementation of the EDGAR system 

from 1993 to 1996. Before EDGAR, firms physically sent mandatory filings to the SEC, and 

investors who wanted them had to visit one of the SEC’s reference rooms in Chicago, New York, 

or Washington, D.C., or purchase costly commercial data feeds. On February 23, 1993, the SEC 

announced that all registered firms would begin filing electronically over ten discrete waves. The 

dates for the first four waves were fixed in that release (Release No. 33-6977), whereas the 

remaining six wave dates were not announced until December 19, 1994, after a prolonged 

interim evaluation and less than one month before the wave 5 phase-in date (Release No. 33-

7122). 

Importantly, electronic filing itself did not immediately lower investors’ processing costs. 

Processing costs fell only when the National Science Foundation (NSF), in cooperation with 

New York University (NYU), made the filings of the first four waves publicly available online 

on January 17, 1994. For later waves, electronic filing and public online access were aligned. 

Accordingly, we define EDGAR inclusion as January 17, 1994 for waves 1 through 4, and as 

SEC phase-in dates for the remaining waves.9 

Identification Strategy 

Three features make EDGAR appealing for identification. First, firms were assigned to 

phase-in waves randomly, conditional only on firm size. This conditional random assignment 

guides and simplifies our propensity-score matching criteria and regression specifications 

(described below). Second, the staggered rollout mitigates concerns that our estimates are driven 

by contemporaneous unobservable shocks. Third, EDGAR inclusion was plausibly unexpected. 

Firms in waves 1 through 4 did not anticipate that their filings would become publicly available 

 
9 Ginsburg and Kambil (1995) report that the NYU/NSF EDGAR site received 12,000-14,000 accesses per weekday 
in 1995. 
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online through the NSF/NYU project, and firms in later waves learned their phase-in dates only 

shortly before implementation (Chang, Ljungqvist, and Tseng 2023). 

Our identification strategy uses a stacked difference-in-differences (DD) specification that 

compares EDGAR-included treated firms with yet-to-be-treated firms (Cengiz, Dube, Lindner, 

and Zipperer 2019): 

Outcome123 = 𝛼 + 𝛽treated12 × post23 + 𝛾X1230) + 𝑐12 + 𝑐4 + 𝑐5 + 𝜀123,        (2) 

where Outcome123 is either PEAD (H1) or retail trading volume (H2) following the earnings 

announcement in quarter 𝑡 for firm 𝑖 in wave 𝑤. The DD variable treated12 × post23 equals one 

for treated firms in the EDGAR inclusion quarter and the following four quarters, and zero 

otherwise. X1230) is a vector of control variables measured in quarter 𝑡 − 1. In all specifications, 

we control for log market capitalization, as well as the magnitude of earnings surprise (measured 

as the [-1,+1] event-period absolute abnormal return) and its interaction with the DD variable 

(Bernard and Thomas 1989).10 Finally, the specification includes wave-specific firm fixed effects 

(𝑐67), calendar-quarter fixed effects (𝑐4), fiscal-quarter fixed effects (𝑐5), and firm-clustered 

standard errors.11 

Sample and Data 

Treated and Control Firms 

A firm is treated in the fiscal quarter in which low-cost access to its mandatory filings 

becomes available. Thus, firms in waves 1 through 4 are treated from January 17, 1994 onward, 

whereas firms in later waves are treated in the quarter of their SEC phase-in date. Control firms 

are drawn from firms that remain untreated throughout the EDGAR inclusion quarter and the 

 
10 Imbens (2004, p.14) suggests controlling for the covariate used in the propensity score matching to avoid 
misspecification.   
11 Firm-level clustering is because EDGAR is a firm-level regulatory shock, and our panel is significantly smaller in 
the time dimension relative to the firm dimension (Petersen 2009). 
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subsequent four-quarter event window. This clean-control stacked-DD design avoids 

contamination from heterogeneous treatment timing (Baker, Larcker, and Wang 2022). Because 

the later EDGAR waves are closely spaced, no suitable controls are available for waves 7 

through 10. In practice, this leaves three staggered treatment dates: January 17, 1994 for waves 1 

through 4, January 30, 1995 for wave 5, and March 6, 1995 for wave 6. 

We then match treated and control firms by size, the SEC’s only criterion for wave 

assignment. This approach delivers an apples-to-apples comparison that is as-good-as-random 

assignment, conditional on size. Specifically, for each wave we estimate a propensity-score 

model and match firms on equity market capitalization (in levels and logs) and fiscal quarter, 

using a 0.05 caliper within the common support. The final sample contains 1,694 treated firms 

and 1,694 control firms. Because these identification choices leave relatively few qualified 

untreated firms, especially among larger issuers, the sample is tilted toward smaller firms. The 

average (median) treated firm has a market capitalization of $179 ($76) million in the quarter 

before treatment, compared with $890 ($91) million for the average (median) listed U.S. firm. 

Our design therefore tilts toward strong internal validity, and caution is warranted when 

generalizing the estimates to larger firms. 

Outcome Variables 

Our variables are measured at the firm-quarter level. To test H1, the dependent variable is the 

magnitude of PEAD, defined as the absolute value of cumulative abnormal returns over a post-

earnings announcement window [+1,+𝑡]. Our empirical PEAD measure is not defined as squared 

price changes as in the model, both to facilitate comparability with published magnitudes and 

avoid the outlier-sensitivity of squared returns in finite samples. Under the model’s normality 

assumptions, the two measures are monotone transformations of one another. 
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To test H2, the dependent variable is retail investors’ trading volume, defined as the natural 

logarithm of one plus the number of shares bought and sold over a post-earnings announcement 

window [+1,+𝑡] (from Barber and Odean’s large discount-brokerage data), divided by the 

number of common shares outstanding.12 The discount-brokerage data also identifies the 

direction of each trade. Accordingly, we define retail buy volume and sell volume analogously. 

For detailed definitions of all variables, please see Appendix A. 

Summary Statistics 

Table 1 reports summary statistics for the key dependent variables, separately for the treated 

and control firms identified using the matching procedure described above. We use three post-

earnings announcement event windows [+1,+5], [+1,+10], and [+1,+30]. Pre-treatment levels are 

measured at the end of the fiscal quarter immediately before EDGAR inclusion (quarter 𝑡-1). To 

check for potential violations of the DD parallel-trends assumption, we also present pre-

treatment changes, measured across the two quarters before inclusion (𝑡-2 to 𝑡-1). Accordingly, 

in the last two columns we report the average differences and corresponding 𝑡-statistics of pre-

treatment changes between treated and control firms. Overall, we do not find statistically 

significant differences in pre-trends, except for the marginally significant difference for the five-

day PEAD. In the DD regressions, we address this directly with dynamic pre-EDGAR inclusion 

DD tests and fail to find any violations of the parallel-trends assumption. In the bottom row, we 

also report the same statistics for the key propensity score matching variable, market 

capitalization. The summary statistics here show that the treated and control samples have very 

similar average firm size pre-treatment, in both levels and changes. This evidence also speaks to 

 
12 The data consists of trading and positions information for 78,000 households (of which 66,465 have common 
stock investments) at a large discount brokerage firm from 1991 to 1996. For details, see Barber and Odean (2000) 
and Barber and Odean (2008). 
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the validity of the SEC’s wave-assignment rule. 

 

IV. EMPIRICAL RESULTS 

Disclosure Processing Costs and Post-Earnings Announcement Drift 

We begin our empirical analysis by examining the impact of EDGAR inclusion on PEAD. 

Hypothesis H1 predicts that EDGAR inclusion reduces the magnitude of stock price 

underreaction after earnings announcements. With PEAD as the dependent variable, we expect a 

negative 𝛽 coefficient estimate from the DD specification of equation (2). 

Table 2 reports the DD estimation results. In Panel A, where we use the full sample, the 

effect of EDGAR inclusion is uniformly negative across all three event windows. The DD 

coefficients are statistically significant with meaningful economic magnitudes. Column (1) 

shows that the DD coefficient is -0.007. Economically, this implies a 9.35 percent reduction in 

PEAD relative to the pre-treatment mean (𝑝 < 0.001). In the bottom two rows, we also report the 

𝑝-values from pre-trend tests. Consistent with our findings in Table 1, we find no evidence that 

violates the parallel-trends assumption of the DD framework. Overall, the DD results are 

consistent with H1; that is, reducing processing costs via EDGAR inclusion reduces the 

magnitude of PEAD on average. 

In Panels B and C, we further partition earnings announcements into bad news and good 

news events and re-estimate our baseline DD specification separately for each subsample. 

Because prior literature shows that retail investors interpret earnings news relative to a naïve 

seasonal random walk benchmark, we use the sign of the seasonal random walk forecast error to 

classify an announcement as good news or bad news (Bhattacharya 2001, Battalio and 

Mendenhall 2005, Ayers et al. 2011). The DD results indicate that the effect of EDGAR inclusion 
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on PEAD is concentrated in the bad news subsample. In Panel B, which conditions on bad news 

announcements, the DD coefficient estimates are consistently negative and statistically 

significant. For example, the DD estimate of -0.017 in column (2) implies that EDGAR inclusion 

reduces PEAD by an economically significant 17.26 percent (𝑝 < 0.001). By contrast, EDGAR’s 

attenuation effect on PEAD is substantially weaker for good news announcements in Panel C, 

with economic magnitudes ranging from 2.3 percent to 5.62 percent relative to the pre-treatment 

mean. This asymmetry is consistent with the stylized fact that PEAD is stronger on the short leg 

(i.e., following bad news). More specifically, reducing processing costs through EDGAR has a 

larger effect where underreaction is most severe. We return to this asymmetry below when we 

decompose retail trading into buys and sells, which helps clarify the mechanism behind 

EDGAR’s stronger effect following bad news. 

Causal inferences based on our results in Table 2 require that treated and control firms would 

have followed similar trends in the magnitude of PEAD absent EDGAR inclusion. To evaluate 

the plausibility of this assumption, we plot in Figure 1 the dynamic DD estimates of the effect of 

EDGAR inclusion on PEAD for each fiscal quarter in our event window, along with 95 percent 

confidence intervals. Panels A, B, and C report the full sample, the bad-news subsample, and the 

good-news subsample, respectively. For brevity, we show only the [+1,+10] post-announcement 

window; the plots for the [+1,+5] and [+1,+30] windows are qualitatively similar. Across all 

three panels, Figure 1 confirms the absence of diverging pre-trends for PEAD, supporting causal 

interpretations of our results in Table 2. 

Because some earnings announcements occur before the statutory filing deadline, investors 

may not yet be able to access current-period filings through EDGAR at the time of the 

announcement (Easton and Zmijewski 1993). To avoid this timing issue, we exclude the 
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EDGAR-inclusion quarter itself (i.e., 𝑡=0) and repeat DD regressions over the following four 

quarters (𝑡=1 to 𝑡=4). During this post-inclusion period, investors can, at a minimum, obtain 

prior mandatory filings at substantially lower costs. These historical filings serve as useful 

reference points for both trend-based analysis (Lev 1983) and broader fundamental analysis (Ou 

and Penman 1989, Abarbanell and Bushee 1998, Piotroski 2000). In addition, Drake, Roulstone, 

and Thornock (2016) show that historical filings convey not only quantitative data, but also 

qualitative discussion, textual interpretation of recognized and disclosed amounts, and numerical 

information reported in footnotes. 

We report the DD results of this robustness test in Table C.1 of Appendix C. Overall, we find 

results similar to those in Table 2. Both statistical and economic significance are largely similar 

to those of Table 2. For the [+1,+5] window, the DD coefficient -0.008 in column (1) 

corresponds to a 10.69 percent drop in PEAD (𝑝 < 0.001), compared to 9.35 percent in Table 2, 

Panel A. 

Disclosure Processing Costs and Retail Trading Volume 

In this section, we examine EDGAR’s effect on retail trading volume. Hypothesis H2a 

predicts that retail trading volume should fall uniformly because lower integration costs 

compress retail disagreement. By contrast, H2b predicts higher retail trading volume in shorter 

post-announcement windows, because lowering acquisition costs leads more investors to acquire 

disclosures earlier. 

We estimate equation (2) with retail trading volume as the dependent variable and report the 

DD results in Panel A of Table 3. In columns (1) to (3), the DD point estimates are negative and 

statistically significant across all windows, with the strongest statistical significance for the 

shorter windows closer to the earnings announcement date. The DD estimates in columns (1) and 
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(3) are -0.010 (𝑝=0.012) and -0.017 (𝑝=0.034), respectively. These imply reductions of 

approximately 1 percent and 1.7 percent in retail trading volume. In columns (4) through (9), we 

separately estimate equation (2) for retail buy volume (columns 4-6) and sell volume (columns 7-

9), respectively. For buy volume, the DD estimates are -0.005 (𝑝=0.012), -0.010 (𝑝<0.001), and 

-0.013 (𝑝=0.030) across the three event windows. We see broadly similar reductions in sell 

volume, albeit with slightly weaker statistical significance. Overall, results from Panel A are 

consistent with H2a; retail trading volume falls uniformly across both short and long horizons, 

pointing to EDGAR’s key role in reducing integration costs. We find no evidence of volume 

increases. In particular, contrary to what H2b predicts, retail volume falls in shorter windows 

rather than rising. 

In Panel B of Table 3, we repeat the same analyses with the bad earnings news subsample. 

The DD estimates in columns (1) to (3) show that total retail volume drops after EDGAR 

inclusion. The DD estimates in columns (1) and (2) are -0.013 (𝑝=0.010) and -0.020 (𝑝=0.070), 

corresponding to 1.3 percent and 2 percent decreases in total volume compared to the pre-

treatment averages. Columns (4) to (6) examine EDGAR’s effect on buy volume, and columns 

(7) through (9) on sell volume. These results show a sharp difference: the reduction in volume is 

concentrated on the buy side, driven by reduced contrarian buying. The DD estimates in columns 

(4) to (6) are consistently negative. The DD estimates in columns (5) and (6) are -0.018 

(𝑝=0.024) and -0.022 (𝑝=0.068), corresponding to 1.8 percent and 2.2 percent reductions 

compared to the pre-treatment averages.13 By contrast, while the results in columns (7) to (9) 

 
13 While the EDGAR effect on retail trading volume is seemingly economically modest, it is not small relative to the 
PEAD effect we estimate. A useful back-of-the envelope benchmark comes from Chang, Hong, and Liskovich 
(2015), who estimate a price elasticity of demand -1.46. With this estimate, a 1 to 3 percent reduction in retail 
trading would map into an absolute price effect of roughly 0.7 to 2.1 percent. The PEAD attenuation effect with the 
bad news subsample ranges between 1.5 percent to 2.0 percent. 
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also point to sell order reduction, they are not statistically significant. Taken together, the results 

in Panel B suggest that the contraction in retail trading following bad earnings news is driven 

primarily by a reduction in contrarian buying. This pattern is consistent with prior evidence that 

retail investors tend to buy following negative earnings news, a tendency that likely contributes 

to the short leg of PEAD (Hirshleifer et al. 2008). Our findings suggest that EDGAR mitigates 

exactly this aspect of retail trading behavior. In our model, this is consistent with EDGAR 

helping retail investors better integrate the value implications of bad news; that is, bad news 

travels faster with better integration. 

We next turn to the good earnings news subsample in Panel C of Table 3. In columns (1) to 

(3), we first examine total retail trading volume and find patterns similar to those in the bad 

earnings news subsample. The DD estimates are consistently negative, with point estimates of -

0.011 (𝑝=0.028) and -0.012 (𝑝=0.045) in columns (1) and (2). The key difference from the bad-

news case emerges in the buy-sell decomposition. While the buy-sell decomposition in the bad 

news subsample is highly asymmetric, the results in the good news subsample are more 

symmetric.14 In columns (4) and (5), buy volume falls by 0.005 (𝑝=0.096) and 0.009 (𝑝=0.024). 

The most robust result is in column (7), where the DD point estimate is -0.008 (𝑝=0.008). The 

point estimates in other event windows also suggest volume reductions, albeit with less 

precision. Collectively, the results imply that EDGAR reduces retail trading in a more symmetric 

fashion, consistent with a general compression of speculative turnover driven by disagreement. 

This symmetric contraction also helps explain why EDGAR’s attenuation of PEAD is weaker on 

the long leg, since the reduction in volume is not concentrated in contrarian sells analogous to 

 
14 While our model predicts lower disagreement-turnover is associated with faster price discovery, the good news 
results suggest that the directional composition of trading also matters. A symmetric decline in buy and sell activity 
has a weaker effect on PEAD than the concentrated drop in contrarian buying following good news. Our stylized 
model abstracts from this directional asymmetry. 
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contrarian buys following bad news.15 

Figure 2 plots the dynamic DD estimates of the effect of EDGAR inclusion on total retail 

trading volume over the [+1,+10] window for each fiscal quarter in our event window, with 

Panels A, B, and C reporting the full sample, the bad-news subsample, and the good-news 

subsample, respectively. As with PEAD, we find no visual evidence of diverging pre-trends, 

supporting the parallel-trends assumption underlying our inferences in Table 3. 

To complement the results based on the Barber and Odean discount brokerage data and gauge 

the broader market relevance of the effect, we also use TAQ data and partition all trades into 

small and large trades following Asthana, Balsam, and Sankaraguruswamy (2004). Trades with 

value less than or equal to $5,000 (more than $50,000) are classified as small (large) trades. We 

then measure trading volume separately for small and large trades and estimate our DD 

specification. We find that EDGAR inclusion primarily reduces small but not large trade volume. 

The results are reported in Table E.1 of Appendix E. With the full sample in Panel A, the DD 

estimates are statistically significant in columns (1) and (2). We observe similarly significant 

drops in the subsamples in Panels B and C.  

Our framework also yields corroborating predictions for announcement-window responses. 

The net effect of EDGAR on |CAR| at [-1,+1] is theoretically ambiguous: improved integration 

absorbs more contextual implication at the announcement (raising the signed response) but 

compresses interpretation dispersion (lowering noise variance).16 Table F.1 in Appendix F shows 

that |CAR|[-1,+1] declines following EDGAR inclusion, consistent with the dispersion-

 
15 In Table D.1 of Appendix D, we report DD estimates of EDGAR inclusion’s effect on PEAD and retail trading 
volume over a longer event window [+1,+60]. The results are qualitatively similar to our baseline specifications. 
16 Improved integration has two opposing effects on the announcement-window price change: it raises the depth of 
contextual implication absorbed at the announcement (raising the signed response to 𝐸") and compresses the 
dispersion of post-acquisition interpretations (lowering the variance contribution from heterogeneous 
interpretations). The net effect on |CAR|[-1,+1] is therefore theoretically ambiguous. 



 23 

compression channel dominating. In Panel A, the DD coefficient estimates are consistently 

negative for the full sample, the bad-news subsample, and the good-news subsample. In Panel B, 

the DD estimates for announcement-window retail volume are consistently negative though only 

weakly significant. Taken together, these results also support our interpretation that EDGAR 

primarily relaxes integration frictions. 

Reusing Natural Experiments 

Heath, Ringgenberg, Samadi, and Werner (2023) (hereafter, HRSW) caution that repeated 

reuse of the same natural experiment across multiple hypotheses can inflate Type I error rates. 

We take this concern seriously and address it in three ways. First, under HRSW’s “best foot 

forward” logic, the strongest claims should concern outcomes closely linked to a policy’s 

intended economic mechanism (Foster and Stine 2008). EDGAR was designed to reduce the 

costs of accessing and using mandatory disclosures. Our paper studies the investor group most 

directly affected by that reduction (i.e., retail investors) and outcomes tightly linked to that 

mechanism: price drift after earnings news and retail trading around earnings announcements.  

Second, we benchmark our baseline estimates against the Romano and Wolf (2005, 2016) 

critical values reported by HRSW for staggered experiments. We identify approximately 20 prior 

published papers across 13 accounting and finance journals that exploit the staggered 

implementation of EDGAR as a source of exogenous variation.17 At this count, HRSW-adjusted 

critical value is 2.99 (HRSW Table AI, Panel B). Our core price results clear this threshold: 

EDGAR attenuates PEAD in the full sample over the [+1,+5] and [+1,+10] windows, and this 

 
17 In alphabetical order, the journals are International Review of Economics and Finance, Journal of Accounting and 
Economics, Journal of Accounting Research, Journal of Banking and Finance, Journal of Corporate Finance, Journal 
of Economic Studies, Journal of Empirical Finance, Journal of Finance, Management Science, Review of 
Accounting Studies, Review of Finance, Review of Financial Studies, and The Accounting Review. The list of 
EDGAR papers published in these journals is available upon request. 
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attenuation is stronger for bad-news announcements over the same windows. These estimates 

also clear the more conservative critical values corresponding to N = 40 and N = 50, which are 

3.19 and 3.25, respectively. Several retail-trading estimates also clear these thresholds, most 

notably the full-sample reduction in retail buy-order volume over the [+1,+10] window. We 

interpret the more granular buy-sell and good-news/bad-news decompositions as mechanism 

evidence, rather than as independent hypotheses. 

Third, our empirical design also follows HRSW's non-statistical recommendations. Rather 

than relying on a single isolated estimate, we document a coherent pattern across related retail 

outcomes within the EDGAR setting (PEAD attenuation, reductions in retail trading volume, and 

a bad-news asymmetry driven specifically by weaker contrarian buying) and discipline the 

interpretation with an explicit Hong and Stein(1999) slow-diffusion framework that distinguishes 

the integration channel from the acquisition channel. Taken together, these features make our 

setting a disciplined test of a first-order policy channel.  

Cross-Sectional Analyses 

To corroborate our preferred interpretation that EDGAR inclusion reduces PEAD and retail 

trading intensity through an integration mechanism, we examine whether EDGAR’s effects vary 

across three settings in which incomplete and imprecise integration should be especially 

consequential. Following Hong and Sraer (2016), high beta proxies for disagreement-driven 

speculative trading. Following Hong, Lim, and Stein (2000), low analyst coverage proxies for 

weak external intermediation and slow diffusion of earnings implications. Following Barinov, 

Park, and Yildizhan (2024), high business complexity proxies for the intrinsic difficulty of 

mapping mandatory disclosure into valuation. The first two settings are most directly relevant to 

EDGAR, whose electronic search, cross-filing comparison, and cross-checking compress retail 
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belief dispersion. The third serves as a bridge to the XBRL setting, where structural 

improvements to disclosure should matter more. We use a triple-differences approach to examine 

how these conditioning variables moderate EDGAR’s effect. 

In Panel A of Table 4, we interact High Beta with 𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 in equation (2). The 

results show that high-beta firms exhibit stronger PEAD attenuation after EDGAR inclusion. 

Specifically, the triple-difference estimates for the three event windows in columns (1), (2), and 

(3) are -0.013 (𝑝=0.030), -0.013 (𝑝=0.063), and -0.022 (𝑝=0.028), respectively. The 

corresponding reductions ranges from 14.19 percent to 17.37 percent relative to the pre-treatment 

mean. In Panel B, we find similar results for firms with low analyst coverage. The triple-

difference estimates are statistically significant for the first two event windows. In columns (1) 

and (2), the point estimates are -0.019 (𝑝=0.007) and -0.015 (𝑝=0.033). The corresponding 

reductions are 25.38 percent and 16.37 percent. 

Turning to retail trading volume, the results are directionally similar, although they are 

estimated less precisely. For high beta firms, the triple-difference estimates in columns (4) to (6) 

in Panel A are consistently negative and statistically significant. For low-coverage firms, the 

point estimates are consistently negative with stronger statistical significance in the shorter 

windows. Notably, low coverage is also where a pure acquisition mechanism would predict the 

strongest early-window volume spike. We observe the opposite: volume falls in the early 

window, sharpest for low-coverage firms, which is consistent with EDGAR compressing 

disagreement through improved information integration. Overall, the results for both 

conditioning variables are consistent with our preferred interpretation. 

We next examine firms that are operationally more complex, with High Complexity as the 

conditioning variable in Panel C. While the statistical significance is weaker than for high-beta 
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and low-coverage firms, the results are still directionally consistent with the integration channel: 

the triple-difference estimates for PEAD and retail volume are negative across all three windows, 

with statistical significance for the shorter windows. We will revisit this analysis in the XBRL 

setting, where intrinsic integration difficulty should matter more. 

 

V. ALTERNATIVE MECHANISMS 

In this section, we discuss alternative mechanisms through which EDGAR inclusion may 

attenuate PEAD. First, EDGAR may affect firms’ reporting behavior rather than investors’ 

processing of mandatory disclosures. If the EDGAR mandate induces more conservative 

reporting, less earnings management, or less hoarding of bad news, then PEAD could weaken 

because there would be less scope for underreaction. Table 5 provides little support for this view. 

Following EDGAR inclusion, we do not find detectable changes in return on assets, 

discretionary accruals, the tendency to meet or beat analyst consensus, earnings restatements, or 

breaks in streaks of earnings increases. This evidence is consistent with Chang et al. (2022), who 

use similar tests to argue against a bad-news-hoarding channel. 

Second, EDGAR may dampen attention-driven retail trading. In particular, the literature 

typically attributes retail investors’ tendency to buy after bad earnings news to attention-driven 

trades (Hirshleifer et al. 2008). In fact, limited attention mechanisms are analytically similar to 

the slow-diffusion mechanism adopted in this paper. In both mechanisms, investors process only 

a fraction of the signals and do not adjust for this fact when trading with others (Hong and Stein 

2007). If the EDGAR mandate relaxes retail investors’ attention constraints, an attention-based 

mechanism can explain the reduction in contrarian retail buying after bad news. Nevertheless, 

this mechanism does not naturally explain why retail trading declines overall after EDGAR 
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inclusion, or why the contraction after good news is more symmetric across buys and sells. 

Attention-driven trading operates primarily on the buy side, so it cannot account for the sell-side 

reductions in either pattern (Barber and Odean 2008). 

Third, EDGAR inclusion may change retail investors’ role as liquidity providers. Kaniel, 

Saar, and Titman (2008) show that individual investors trade as contrarians, buying (selling) after 

price declines (increases), a pattern they interpret as liquidity provision to institutions demanding 

immediacy. In the earnings-announcement setting, Kaniel et al. (2012) show that liquidity 

provision can also account for part of the return pattern around earnings news. However, we find 

evidence opposite to what a strengthened liquidity-provision channel would predict: overall retail 

activity falls after EDGAR inclusion. In particular, we find weaker contrarian buying following 

bad news. If this contrarian buying were rational liquidity provision, better disclosure access 

does not affect a position that earns a premium. That EDGAR reduces it therefore indicates the 

role of information, consistent with incomplete integration rather than liquidity provision. 

Fourth, we consider the possibility that investors re-time their trades around EDGAR filing 

dates. We re-run our PEAD and retail trading volume specifications around these filing dates, 

finding no PEAD effects and only a weakly negative effect on retail trading volume. There is no 

indication of elevated trading at filing dates that would suggest temporal substitution. If 

anything, the trading volume results are more consistent with our interpretation that EDGAR 

compresses speculative turnover. These results are untabulated and available upon request.  

Overall, these alternatives may each rationalize part of the evidence, but the full pattern is 

arguably most consistent with the view that EDGAR lowers retail investors’ integration frictions 

and, through gradual diffusion of disclosure into prices, attenuates PEAD and compresses 

disagreement-driven trading. 
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VI. AN ALTERNATIVE DISCLOSURE MANDATE: XBRL 

The intriguing contrast in the cross-sectional patterns with the EDGAR mandate motivates us 

to use XBRL as a complementary policy shock. While both are regulatory changes regarding 

mandatory disclosure filings, they differ in important ways. 

XBRL Institutional Setting 

In April 2009, the SEC enacted the Interactive Data to Improve Financial Reporting Rule, 

requiring firms to file financial statements in XBRL in addition to the standard filing format. The 

mandate was phased in across three filer groups. The first phase applied to firms with public float 

above $5 billion for fiscal periods ending on or after June 15, 2009. The second phase applied to 

the remaining large accelerated filers (firms with public float above $700 million) for fiscal 

periods ending on or after June 15, 2010. All remaining filers entered the third phase beginning 

June 15, 2011 (Blankespoor, Miller, and White 2014). 

Conceptually, XBRL differs from EDGAR in an important way. EDGAR primarily lowers 

the cost of accessing mandatory filings and supports their contextual processing, affecting both 

the acquisition and integration margins. XBRL instead standardizes and tags financial statement 

items, making them machine-readable and easier to organize, compare, and process. By changing 

the structure of disclosure itself, XBRL affects the integration margin specifically. This 

distinction is useful in our setting because XBRL should be most informative for high-

complexity firms, where the underlying integration task is more demanding. 

Identification Strategy 

Our identification exploits the staggered phase-in of the mandatory XBRL program. We form 

treated cohorts from the first two phase-in groups and use future adopters as clean controls. 
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Group 1 firms are those first required to file in XBRL during the initial phase, and Group 2 firms 

are those first required to file during the second phase. Group 3 firms, which entered only in the 

final phase, serve as controls but are not used as treated firms. Thus, controls for Group 1 firms 

come from Groups 2 and 3, while controls for Group 2 firms come from Group 3. This design 

gives us staggered treatment timing and avoids using already-treated firms as controls 

(Hirshleifer and Ma 2025). 

We begin by identifying firms’ initial XBRL 10-K filings using the SEC XBRL index files. 

We exclude firms that adopted XBRL before they were required to do so. As in the EDGAR 

setting, we use nearest-neighbor propensity-score matching to construct comparable controls. 

The matching variables are public float in both levels and logs, measured before the firm’s 

phase-in, with a 0.05 caliper. Our treated sample consists of 78 firms in Group 1 and 171 firms in 

Group 2, for a total of 249 treated firms. 

Table 6 reports the summary statistics for our XBRL sample. While the sample firms are 

much larger than those in the EDGAR sample ($1,748 million), they exhibit qualitatively similar 

PEAD magnitudes over the same post-earnings windows. Importantly for DD validity, we also 

do not find significant pre-trends comparing average changes in PEAD, retail trading volume, 

and public float from quarter t-2 to t-1. 

XBRL: Average and Heterogeneous Effects on PEAD and Retail Trading Volume 

Columns (1) to (3) of Table 7 report baseline DD estimates for PEAD; columns (4) to (6) 

report estimates for retail trading volume. We find some evidence that XBRL mitigates PEAD on 

average, although the effect is weaker and less pervasive than in the EDGAR setting. With the 

full sample in Panel A, the DD coefficients are consistently negative, though they are only 

statistically significant for the [+1,+30] window. The DD point estimate is -0.013 (𝑝=0.009), 
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corresponding to a 12.53 percent decrease relative to the pre-treatment mean. Splitting the 

sample into bad-news and good-news announcements in Panels B and C, the effect is 

concentrated on the short leg. In the bad-news subsample, the DD estimate in the [+1,+30] 

window is -0.020 (𝑝=0.045), corresponding to a 19.01 percent reduction in PEAD, while the 

good-news estimates are small and statistically insignificant throughout. Thus, XBRL appears to 

attenuate PEAD, but the average effect is modest. 

We turn next to retail trading volume. Because microstructure and technological changes 

since the 1990s allow larger investors to camouflage their trades by splitting them into smaller 

trades, trade-size-based identification of retail trading using TAQ data is no longer reliable 

(Campbell, Ramadorai, and Schwartz 2009; Easley, López de Prado, and O’Hara 2012; Cready, 

Kumas, and Subasi 2014). We instead use the method of Boehmer, Jones, Zhang, and Zhang 

(2021; hereafter BJZZ), who identify marketable retail trades from off-exchange transactions 

reported to a Trade Reporting Facility at subpenny prices, reflecting the small fractional-penny 

price improvement that wholesalers provide on internalized retail orders. We refer readers to 

BJZZ for the algorithmic details.18 

Columns (4) to (6) of Table 7 report the DD estimates for BJZZ-identified retail trading 

volume. In Panel A (full sample), retail trading volume declines following XBRL inclusion 

across all windows, with point estimates of -0.071 (𝑝=0.069), -0.106 (𝑝=0.010), and -0.131 

(𝑝=0.001) for the [+1,+5], [+1,+10], and [+1,+30] windows. The bad-news and good-news 

 
18 Barber, Huang, Jorion, Odean, and Schwarz (2024) document that the BJZZ subpenny-digit signing rule 
incorrectly signs approximately 28 percent of identified trades and that the algorithm identifies roughly 35 percent 
of true retail trades. In our XBRL sample, BJZZ-identified trading accounts for approximately 8% percent of total 
trading activity. Combining this sample share and a rough estimate that retail investors account for about 10 percent 
of U.S. equity trading volume implies that roughly 44 percent of BJZZ-identified trades are truly retail and roughly 
only 31 percent are both retail and correctly signed. The signing problem is the more material concern for directional 
inference; we therefore confine inference to total identified retail trading volume and do not interpret directional 
buy-sell decompositions. 
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subsamples in Panels B and C show broadly similar declines, with statistical significance 

concentrated at the longer windows. Directionally, this evidence aligns with the EDGAR retail-

volume evidence at the DD level. 

We next explore the same cross-sectional tests as in the EDGAR setting. In Panels A and B of 

Table 8, we interact the DD variable with High beta and Low analyst coverage. For PEAD, the 

triple-difference point estimates across both panels and across all windows do not have a 

consistent sign and are all indistinguishable from zero. The retail-volume triple-difference 

estimates in columns (4) to (6) of Panels A and B are also statistically insignificant. This 

evidence suggests that XBRL does not affect retail investors through the same channel as 

EDGAR. By contrast, reducing processing costs through XBRL has a stronger marginal benefit 

when firms’ disclosures are inherently more difficult to process. In Panel C, we explore firms 

with High complexity (i.e., high revenue diversity). The triple-difference estimates are 

consistently negative and statistically significant. For the three event windows, the point 

estimates are -0.025 (𝑝=0.012), -0.031 (𝑝=0.002), and -0.028 (𝑝=0.045), respectively. The 

economic magnitudes are also sizable, corresponding to PEAD reductions of 26.99 percent to 

42.76 percent relative to the pre-treatment mean.  

The retail-volume DDD estimates in columns (4) to (6) of Table 8 are uniformly imprecise: 

none of the three DDD estimates is statistically distinguishable from zero. This pattern is 

consistent with the BJZZ retail-volume measure being a noisier dependent variable than PEAD, 

and with limited power due to a much smaller sample compared to the EDGAR setting. The 

economic magnitudes of the point estimates, however, trace out a directional pattern. The High 

beta DDD on retail volume is essentially zero across all windows, with economic magnitudes 

between -0.40 percent and +1.01 percent of the pre-treatment mean, mirroring the High beta 



 32 

DDD on PEAD. The largest retail-volume DDD magnitudes appear on High complexity 

(between -2.65 percent and -5.45 percent), the conditioning variable that also delivers the 

strongest PEAD DDD estimates. The Low analyst coverage DDD on retail volume (between -

2.54 percent and -3.17 percent) is smaller in absolute magnitude. Taken together, we treat the 

retail-volume DDD magnitudes as descriptive corroboration of the PEAD DDD heterogeneity, 

with the High beta null providing the clearest contrast with the EDGAR-style retail channel. 

Overall, the XBRL results are consistent with the slow-diffusion integration framework that 

organizes our analysis: both EDGAR and XBRL reduce retail trading volume on average, but 

they affect retail investors through different forms of integration help. EDGAR lowers the 

acquisition and contextual processing costs that bind retail investors most where disagreement 

and weak intermediation are most pronounced, which is why its cross-sectional effects 

concentrate on high beta and low analyst coverage firms. XBRL instead lowers the cost of 

organizing and comparing structured disclosure data, which is why its PEAD effects concentrate 

on high-complexity firms, with retail trading volume effects directionally consistent. The two 

mandates thus engage the same integration channel but reduce different kinds of integration cost, 

and the cross-sectional fingerprints reflect what each mandate actually changes. We do not take a 

stand on whether XBRL’s retail effect operates directly, through intermediaries that process 

structured tagged data on retail investors’ behalf, or indirectly, through smaller institutions that 

benefit from XBRL (Bhattacharya, Cho, and Kim 2018) and in turn affect the trading 

environment retail investors face; we cannot separate these two channels empirically. 

 

VII. CONCLUSIONS 

A large literature on mandatory disclosure regulation studies how disclosure mandates 
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change information dissemination and presentation to protect investors (Kothari, Zhang, and Zuo 

2023). We provide evidence that disagreement among boundedly rational investors declines 

when mandatory disclosure helps them translate earnings news into value implications. Using a 

randomly assigned shock, we find less stock price underreaction to earnings news and overall 

less speculative trading by retail investors. Importantly, our inference with the EDGAR mandate 

is that improved integration is as important as improved acquisition for retail investors, and in 

our setting more important. In other words, the key to the economics of information 

dissemination regulation is the extent and speed with which it helps investors translate disclosure 

into value-relevant implications. Our evidence and preferred interpretation fit well with the slow-

diffusion model of Hong and Stein (1999) and investor inattention framework of Hirshleifer and 

Teoh (2003) and Peng and Xiong (2006). 

The XBRL setting highlights a different aspect of disclosure regulation: information 

structure. Both EDGAR and XBRL reduce retail trading volume on average and attenuate 

PEAD, but the cross-sectional patterns differ. EDGAR’s effects concentrate where disagreement 

and weak external intermediation are most pronounced (high-beta and low-coverage firms), 

while XBRL’s concentrate where the underlying integration task is intrinsically most demanding 

(high-complexity firms). The two mandates thus engage the same integration channel through 

different forms of integration help.  

Collectively, our evidence speaks to the broader economics of mandatory disclosure 

regulation. What matters is not only whether regulation lowers processing costs, but whether it 

does so by improving access or by improving integration. The answer is likely to differ across 

investor groups. Disclosure policy should therefore be evaluated not only by how much 

information it releases, but by how usable that information is for the investors it is meant to help. 
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FIGURE 1. Dynamics of the Treatment Effect: PEAD 
The figure graphs dynamic difference-in-differences estimates of the effect of inclusion in EDGAR on the magnitude 
of the post-earnings-announcement drift (PEAD) over the [+1,+10] trading-day window following the earnings 
announcement. Panels A, B, and C uses the full sample, bad earnings news, and good earnings news, respectively. 
Treated firms are those included in EDGAR at time 0; control firms are nearest-neighbor propensity-score matched 
on equity market capitalization (in levels and logs) and fiscal quarter using a 0.05 caliper. We include data from a 
nine-fiscal quarter window centered on the fiscal quarter in which a treated firm's EDGAR inclusion takes place. All 
specifications are estimated using OLS and include controls (the one-quarter lag of log market cap) as well as fixed 
effects for calendar-quarter, fiscal-quarter, and firm. Point estimates are plotted as solid markers, and the vertical bars 
denote 95% confidence intervals based on heteroskedasticity-consistent standard errors clustered at the firm level. The 
horizontal axis indexes fiscal quarters relative to EDGAR inclusion. For variable definitions and details of their 
construction see Appendix A. 
 

Panel A: Full Sample Panel B: Bad News 

  

Panel C: Good News 
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FIGURE 2. Dynamics of the Treatment Effect: Retail Trading Volume 
The figure graphs dynamic difference-in-differences estimates of the effect of inclusion in EDGAR on total retail 
trading volume over the [+1,+10] trading-day window following the earnings announcement. Panels A, B, and C uses 
the full sample, bad earnings news, and good earnings news, respectively. Treated firms are those included in EDGAR 
at time 0; control firms are nearest-neighbor propensity-score matched on equity market capitalization (in levels and 
logs) and fiscal quarter using a 0.05 caliper. We include data from a nine-fiscal quarter window centered on the fiscal 
quarter in which a treated firm's EDGAR inclusion takes place. All specifications are estimated using OLS and include 
controls (the one-quarter lag of log market cap) as well as fixed effects for calendar-quarter, fiscal-quarter, and firm. 
Point estimates are plotted as solid markers, and the vertical bars denote 95% confidence intervals based on 
heteroskedasticity-consistent standard errors clustered at the firm level. The horizontal axis indexes fiscal quarters 
relative to EDGAR inclusion. For variable definitions and details of their construction see Appendix A. 
 

Panel A: Full Sample Panel B: Bad News 

  

Panel C: Good News 
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TABLE 1. Summary Statistics 
The table reports summary statistics for the variables used in our analysis, separately for treated and control firms and measured in either levels or changes as of 
the quarter before treatment. Treated firms are those included in EDGAR; control firms are nearest-neighbor propensity-scored matched on equity market 
capitalization (in levels and logs) and fiscal quarter using a 0.05 caliper. All variables are measured at the firm/fiscal-quarter level. For variable definitions and 
details of their construction see the Appendix A. The final two columns report a test of diverging pre-trends, that is, whether the average difference in pre-treatment 
changes between treated and controls is statistically significant. 
 

    
  Pre-treatment levels   Pre-treatment changes (from t-2 to t-1) 

 Treated Firms  Control Firms  Treated Firms  Control Firms  Treated - Controls 
  # obs. Mean Std. dev.   # obs. Mean Std. dev.   # obs. Mean Std. dev.   # obs. Mean Std. dev.   Difference t-stat 

                   PEAD                    
[1,5] 1,381 0.075 0.061  985 0.089 0.068  1,337 -0.002 0.069  936 0.003 0.082  -0.006 -1.76 
[1,10] 1,381 0.092 0.071  985 0.108 0.078  1,337 -0.003 0.083  936 0.001 0.098  -0.004 -1.00 
[1,30] 1,381 0.132 0.104  985 0.158 0.119  1,337 -0.001 0.123  936 0.006 0.139  -0.007 -1.24 

Retail total volume                   
[1,5] 1,313 0.045 0.108  1,265 0.045 0.108  1,226 0.002 0.120  1,149 0.001 0.125  0.002 0.35 
[1,10] 1,347 0.074 0.150  1,282 0.074 0.148  1,259 -0.001 0.163  1,163 0.000 0.173  0.000 -0.06 
[1,30] 1,409 0.167 0.269  1,322 0.173 0.266  1,313 -0.006 0.265  1,202 -0.008 0.284  0.002 0.17 

Retail buy volume                   
[1,5] 1,279 0.022 0.071  1,254 0.025 0.072  1,208 0.002 0.078  1,139 0.000 0.087  0.002 0.69 
[1,10] 1,299 0.037 0.099  1,268 0.042 0.103  1,221 0.000 0.111  1,151 0.001 0.121  -0.001 -0.24 
[1,30] 1,351 0.090 0.184  1,295 0.100 0.185  1,256 -0.004 0.189  1,177 -0.002 0.213  -0.001 -0.17 

Retail sell volume                   
[1,5] 1,294 0.024 0.071  1,249 0.022 0.068  1,212 0.002 0.079  1,138 0.002 0.083  0.000 0.00 
[1,10] 1,320 0.042 0.104  1,257 0.035 0.093  1,231 0.002 0.117  1,145 0.001 0.119  0.001 0.23 
[1,30] 1,373 0.096 0.178  1,286 0.090 0.174  1,268 -0.002 0.191  1,173 -0.006 0.198  0.004 0.50 

Matching variable                   
  Market capitalization 1,694 179.4 362.5  1,694 181.0 378.3  1,678 6.805 50.9  1,647 6.389 60.1  0.417 0.22 
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TABLE 2. The Effect of Mandatory Disclosure Processing Costs on PEAD: DD Estimates 

The table reports DD estimates of the effects of EDGAR inclusion on PEAD over post-earnings windows. Treated 
firms are those included in EDGAR; control firms are nearest-neighbor propensity-score matched on equity market 
capitalization (in levels and logs) and fiscal quarter using a 0.05 caliper. We include data from a nine-fiscal quarter 
window around the fiscal quarter of EDGAR inclusion. Panel A includes all earnings events. Panel B and Panel C 
report results with subsamples of bad and good earnings news, respectively. All specifications include controls and 
fixed effects. For variable definitions and details of their construction see Section III and Appendix A. 
Heteroskedasticity consistent standard errors clustered at the firm level are shown in italics underneath the coefficient 
estimates. We use ***, **, and * to denote significance at the 1%, 5%, and 10% level, respectively. 
 

Panel A: Full Sample [1,5] [1,10] [1,30] 
  (1) (2) (3) 
    
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -0.007*** -0.007*** -0.006* 
 0.002 0.002 0.003 
    
Controls and FEs? yes yes yes 
    
R-squared 34.2% 33.6% 32.9% 
No. of firms 3,005 3,005 3,005 
No. of observations 17,975 17,975 17,975 
Pre-trend test (p-value) 0.334 0.789 0.183 
    
    
Panel B: Bad news [1,5] [1,10] [1,30] 
  (1) (2) (3) 
    
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -0.020*** -0.017*** -0.015** 
 0.004 0.005 0.007 
    
Controls and FEs? yes yes yes 
    
R-squared 46.6% 46.0% 43.7% 
No. of firms 2,017 2,017 2,017 
No. of observations 6,379 6,379 6,379 
Pre-trend test (p-value) 0.558 0.944 0.607 
    
    
Panel C: Good news [1,5] [1,10] [1,30] 
  (1) (2) (3) 
    
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -0.003 -0.005* -0.003 
 0.002 0.003 0.004 
    
Controls and FEs? yes yes yes 
    
R-squared 42.3% 42.2% 40.9% 
No. of firms 2,899 2,899 2,899 
No. of observations 11,596 11,596 11,596 
Pre-trend test (p-value) 0.322 0.703 0.136 
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TABLE 3. The Effect of Mandatory Disclosure Processing Costs on Retail Trading Volume: DD Estimates 
The table reports DD estimates of the effects of EDGAR inclusion on retail trading volume (total, buys, and sells) for post-earnings windows. Treated firms are 
those included in EDGAR; control firms are nearest-neighbor propensity-score matched on equity market capitalization (in levels and logs) and fiscal quarter using 
a 0.05 caliper. We include data from a nine-fiscal quarter window around the fiscal quarter of EDGAR inclusion. Panel A includes all earnings events. Panel B and 
Panel C report results with subsamples of bad and good earnings news, respectively. All specifications include controls and fixed effects. For variable definitions 
and details of their construction see Section III and Appendix A. Heteroskedasticity consistent standard errors clustered at the firm level are shown in italics 
underneath the coefficient estimates. We use ***, **, and * to denote significance at the 1%, 5%, and 10% level, respectively. 
 

Panel A: Full Sample  Total    Buy    Sell  
 [1,5] [1,10] [1,30]  [1,5] [1,10] [1,30]  [1,5] [1,10] [1,30] 
  (1) (2) (3)  (4) (5) (6)  (7) (8) (9) 

            
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -0.010*** -0.013** -0.017**  -0.005** -0.010*** -0.013**  -0.006**  -0.005 -0.010* 
 0.004 0.005 0.008  0.002 0.003 0.006  0.002 0.003 0.006 
            
Controls and FEs? yes yes yes  yes yes yes  yes yes yes 
            
R-squared 37.7% 40.7% 50.0%  34.1% 36.3% 43.9%  33.1% 35.4% 42.4% 
No. of firms 3,065 3,106 3,188  2,988 3,034 3,117  2,997 3,047 3,145 
No. of observations 22,476 22,897 23,725  22,102 22,397 23,065  22,138 22,455 23,169 
Pre-trend test (p-value) 0.285 0.443 0.930  0.798 0.726 0.891  0.906 0.326 0.278 
            
Panel B: Bad news  Total    Buy    Sell  
 [1,5] [1,10] [1,30]  [1,5] [1,10] [1,30]  [1,5] [1,10] [1,30] 
  (1) (2) (3)  (4) (5) (6)  (7) (8) (9) 

            
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -0.013* -0.020* -0.024  -0.007 -0.018** -0.022*  -0.006 -0.006 -0.008 
 0.008 0.011 0.016  0.005 0.008 0.012  0.004 0.007 0.011 
            
Controls and FEs? yes yes yes  yes yes yes  yes yes yes 
            
R-squared 47.1% 50.7% 60.6%  42.1% 44.7% 53.2%  41.8% 43.1% 53.2% 
No. of firms 2,278 2,278 2,278  2,278 2,278 2,278  2,278 2,278 2,278 
No. of observations 7,594 7,594 7,594  7,594 7,594 7,594  7,594 7,594 7,594 
Pre-trend test (p-value) 0.639 0.737 0.789  0.378 0.585 0.689  0.306 0.378 0.178 
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TABLE 3. (Cont’d) 
 

Panel C: Good news  Total    Buy    Sell  
 [1,5] [1,10] [1,30]  [1,5] [1,10] [1,30]  [1,5] [1,10] [1,30] 
  (1) (2) (3)  (4) (5) (6)  (7) (8) (9) 

            
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -0.011** -0.012** -0.017*  -0.005* -0.009** -0.011  -0.008** -0.005 -0.013* 
 0.005 0.006 0.010  0.003 0.004 0.007  0.003 0.004 0.007 
            
Controls and FEs? yes yes yes  yes yes yes  yes yes yes 
            
R-squared 45.0% 47.7% 54.0%  41.4% 43.1% 49.2%  41.8% 44.4% 48.2% 
No. of firms 3,003 3,050 3,145  2,923 2,975 3,067  2,932 2,983 3,087 
No. of observations 14,882 15,303 16,131  14,508 14,803 15,471  14,544 14,861 15,575 
Pre-trend test (p-value) 0.198 0.441 0.854  0.993 0.790 0.706  0.849 0.342 0.866 
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TABLE 4. The Effect of Mandatory Disclosure Processing Costs on PEAD and Retail Trading Volume: Heterogenous Effects 
The table reports triple-difference (DDD) estimates of the heterogeneous effects of EDGAR inclusion on PEAD and retail trading volume for post-earnings windows. 
Treated firms are those included in EDGAR; control firms are nearest-neighbor propensity-score matched on equity market capitalization (in levels and logs) and 
fiscal quarter using a 0.05 caliper. We include data from a nine-fiscal quarter window around the fiscal quarter of EDGAR inclusion. The conditioning variables 
are High beta, Low analyst coverage, and High complexity. All specifications include controls and fixed effects. For variable definitions and details of their 
construction see Section III and Appendix A. Heteroskedasticity-consistent standard errors clustered at the firm level are shown in italics underneath the coefficient 
estimates. We use ***, **, and * to denote significance at the 1%, 5%, and 10% level, respectively. 

 
Panel A PEAD  Retail Volume 
 [1,5] [1,10] [1,30]  [1,5] [1,10] [1,30] 
  (1) (2) (3)  (4) (5) (6) 
        
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -0.005** -0.005* -0.003   -0.008* -0.009* -0.014 
 0.002 0.003 0.004  0.004 0.006 0.009 
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 × 𝐻𝑖𝑔ℎ 𝑏𝑒𝑡𝑎 -0.013** -0.013* -0.022**  -0.021** -0.030** -0.043** 
 0.006 0.007 0.010  0.006 0.012 0.020 
        
Controls and FEs? yes yes yes  yes yes yes 
        
R-squared 34.3% 33.6% 32.9%  37.8% 40.8% 50.0% 
No. of firms 3,005 3,005 3,005  3,065 3,106 3,188 
No. of observations 17,975 17,975 17,975  22,476 22,897 23,725 
Panel B PEAD  Retail Volume 
 [1,5] [1,10] [1,30]  [1,5] [1,10] [1,30] 
  (1) (2) (3)  (4) (5) (6) 
        
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -0.005** -0.005** -0.006  -0.009** -0.010* -0.017* 
 0.002 0.003 0.004  0.004 0.005 0.009 
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 × 𝐿𝑜𝑤 𝑎𝑛𝑎𝑙𝑦𝑠𝑡 𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒 -0.019*** -0.015** -0.004  -0.020** -0.032** -0.030 
 0.007 0.007 0.011  0.010 0.014 0.022 
        
Controls and FEs? yes yes yes  yes yes yes 
        
R-squared 34.3% 33.6% 32.9%  37.7% 40.8% 50.1% 
No. of firms 3,005 3,005 3,005  3,065 3,106 3,188 
No. of observations 17,975 17,975 17,975  22,476 22,897 23,725 
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TABLE 4. (Cont’d) 
 

Panel C PEAD  Retail Volume 
 [1,5] [1,10] [1,30]  [1,5] [1,10] [1,30] 
  (1) (2) (3)  (4) (5) (6) 
        
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -0.007*** -0.007*** -0.006  -0.009** -0.012** -0.019** 
 0.002 0.003 0.004  0.043 0.005 0.009 
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 × 𝐻𝑖𝑔ℎ 𝑐𝑜𝑚𝑝𝑙𝑒𝑥𝑖𝑡𝑦 -0.010 -0.007 -0.003  -0.049** -0.066** -0.045 
 0.012 0.013 0.018  0.019 0.031 0.044 
        
Controls and FEs? yes yes yes  yes yes yes 

 

        

R-squared 34.3% 33.6% 32.9%  37.8% 40.8% 50.0% 
No. of firms 3,005 3,005 3,005  3,065 3,106 3,188 
No. of observations 17,975 17,975 17,975  22,476 22,897 23,725 
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TABLE 5. Alternative Mechanisms 
The table reports difference-in-differences estimates of the effects of inclusion in EDGAR on firm fundamentals and 
reporting practices: return on assets, two measures of discretionary accruals, the likelihood of earnings restatements 
and meeting or beating analyst consensus, earnings restatements, and breaks in streaks of earnings increases. Treated 
firms are those included in EDGAR; control firms are nearest-neighbor propensity-score matched on equity market 
capitalization (in levels and logs) and fiscal quarter using a 0.05 caliper. We include data from a nine-fiscal quarter 
window around the fiscal quarter of EDGAR inclusion. All specifications include controls and fixed effects. For 
variable definitions and details of their construction see Section III and Appendix A. Heteroskedasticity-consistent 
standard errors clustered at the firm level are shown in italics underneath the coefficient estimates. We use ***, **, 
and * to denote significance at the 1%, 5%, and 10% level, respectively. 
 

  𝑅𝑂𝐴 
𝐷𝐴 

(𝐽𝑜𝑛𝑒𝑠) 
𝐷𝐴  

(𝐾𝑜𝑡ℎ𝑎𝑟𝑖) 
𝑀𝑒𝑒𝑡-or- 
𝑏𝑒𝑎𝑡 

𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠  
𝑟𝑒𝑠𝑡𝑎𝑡𝑒- 
𝑚𝑒𝑛𝑡𝑠 

𝐵𝑟𝑒𝑎𝑘𝑠 𝑖𝑛  
𝑠𝑡𝑟𝑒𝑎𝑘𝑠 𝑜𝑓  
𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠  
𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑒𝑠 

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

𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -0.001 -0.004 -0.001 0.009 -0.010 -0.002 
 0.002 0.002 0.002 0.013 0.010 0.003 
       
Controls and FEs? yes yes yes yes yes yes 
       
R-squared 42.7% 10.5% 17.7% 25.9% 34.1% 11.2% 
No. of firms 3,388 3,323 3,336 2,214 3,388 3,388 
No. of observations  28,872  26,402  27,999  13,741  28,976  28,976 
Pre-trend test (p-value) 0.048 0.289  0.607  0.658  0.224  0.406 
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TABLE 6. XBRL Summary Statistics 
The table reports summary statistics for the variables used in our analysis, separately for treated and control firms 
measured in levels and changes in the quarter before treatment. Treated firms are those included in XBRL; control 
firms are nearest-neighbor propensity-score matched on equity market capitalization (in levels and logs) and fiscal 
quarter using a 0.05 caliper. All variables are measured at the fiscal-quarter level. For variable definitions and details 
of their construction, see Appendix A. The final two columns test whether the difference in pre-treatment changes 
between treated firms and control firms is statistically significant. 
 

Pre-treatment levels (t-1)  
       
 Treated firms  Control firms    

  # obs. Mean Std. dev.   # obs. Mean Std. dev.    
           

PEAD            
[1,5] 248 0.063 0.059  249 0.072 0.067    
[1,10] 248 0.072 0.071  249 0.082 0.072    
[1,30] 248 0.104 0.092  249 0.121 0.109    

Retail total volume           
[1,5] 240 1.578 0.772  237 1.447 0.890    
[1,10] 240 1.994 0.839  237 1.847 0.974    
[1,30] 240 2.794 0.882  237 2.656 1.055    

Controls:           
  Market cap. 249 1748.0 1874.1  249 1399.0 1310.7    
           
Pre-treatment changes (from t-2 to t-1) 
      
 Treated firms  Control firms  Treated – Controls 
 # obs. Mean Std. dev.   # obs. Mean Std. dev.  Difference t-stat 
PEAD            

[1,5] 247 -0.001 0.081  241 -0.003 0.088  0.002 0.25 
[1,10] 247 -0.001 0.100  241 -0.007 0.090  0.006 0.66 
[1,30] 247 -0.004 0.128  241 0.002 0.138  -0.006 -0.50 

Retail total volume           
[1,5] 239 0.076 0.488  224 0.084 0.514  -0.008 -0.18 
[1,10] 239 0.058 0.488  224 0.079 0.498  -0.021 -0.46 
[1,30] 239 -0.039 0.429  224 0.024 0.460  -0.063 -1.52 

Controls:           
  Market cap. 249 -19.8 431.3  242 35.0 469.6  -54.9 -1.35 
           



 48 

 
TABLE 7. XBRL, PEAD, and Retail Trading Volume: DD Estimates 

The table reports DD estimates of the effects of XBRL adoption on PEAD and retail trading volume over post-earnings 
windows. Treated firms are those required to adopt XBRL; control firms are future adopters selected using nearest-
neighbor propensity-score matching on equity market capitalization (in levels and logs) using a 0.05 caliper. Panel A 
includes all earnings events. Panel B and Panel C report results with subsamples of bad and good earnings news, 
respectively. All specifications include controls and fixed effects. For variable definitions and details of their 
construction, see Section III and Appendix A. Heteroskedasticity-consistent standard errors clustered at the firm level 
are shown in italics underneath the coefficient estimates. We use ***, **, and * to denote significance at the 1%, 5%, 
and 10% level, respectively. 
 

 PEAD  Retail Volume 
 [1,5] [1,10] [1,30]  [1,5] [1,10] [1,30] 
 Panel A: Full Sample (1) (2) (3)  (4) (5) (6) 
        
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -0.004 -0.003 -0.013**  -0.071* -0.106*** -0.131*** 
 0.004 0.004 0.003  0.039 0.041 0.041 
        
Controls and FE? yes yes yes  yes yes yes 
        
R-squared 30.3% 29.0% 29.8%  75.1% 77.9% 81.4% 
No. of firms 498 498 498  492 492 492 
No. of observations 4,308 4,308 4,308  4,267 4,267 4,267 
Pre-trend test (p-value) 0.239 0.307 0.112  0.156 0.349 0.043 
        
 PEAD  Retail Volume 

 [1,5] [1,10] [1,30]  [1,5] [1,10] [1,30] 
 Panel B: Bad news (1) (2) (3)  (4) (5) (6) 
        
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -0.009 -0.013 -0.020**  -0.027 -0.081 -0.112* 
 0.007 0.008 0.007  0.062 0.063 0.061 
        
Controls and FE? yes yes yes  yes yes yes 
        
R-squared 42.2% 40.6% 40.8%  81.0% 83.7% 87.0% 
No. of firms 453 453 453  448 448 448 
No. of observations 1,686 1,686 1,686  1,653 1,653 1,653 
Pre-trend test (p-value) 0.136 0.551 0.095  0.206 0.662 0.334 
        
 PEAD  Retail Volume 
 [1,5] [1,10] [1,30]  [1,5] [1,10] [1,30] 
 Panel C: Good news (1) (2) (3)  (4) (5) (6) 
        
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -0.002 0.004 -0.008  -0.068 -0.095* -0.130** 
 0.005 0.006 0.008  0.050 0.052 0.051 
        
Controls and FE? yes yes yes  yes yes yes 
        
R-squared 36.7% 34.9% 38.0%  77.9% 80.3% 83.2% 
No. of firms 498 498 498  491 491 491 
No. of observations 2,622 2,622 2,622  2,614 2,614 2,614 
Pre-trend test (p-value) 0.460 0.359 0.795  0.466 0.512 0.359 
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TABLE 8. XBRL, PEAD, and Retail Trading Volume: Heterogenous Effects 
The table reports triple-difference (DDD) estimates of the heterogeneous effects of mandatory XBRL adoption on PEAD and retail trading volume over post-
earnings windows. Treated firms are those required to adopt XBRL; control firms are future adopters selected using nearest-neighbor propensity-score matching 
on equity market capitalization (in levels and logs) using a 0.05 caliper. The conditioning variables are High beta, Low analyst coverage, and High complexity. All 
specifications include controls and fixed effects. For variable definitions and details of their construction, see Section III and Appendix A. Heteroskedasticity-
consistent standard errors clustered at the firm level are shown in italics underneath the coefficient estimates. We use ***, **, and * to denote significance at the 
1%, 5%, and 10% level, respectively. 
 

Panel A PEAD  Retail Volume 
 [1,5] [1,10] [1,30]  [1,5] [1,10] [1,30] 
  (1) (2) (3)  (4) (5) (6) 

        
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -0.007 -0.004 -0.015**  -0.088* -0.117** -0.143*** 
 0.005 0.005 0.006  0.045 0.047 0.048 
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 × 𝐻𝑖𝑔ℎ 𝑏𝑒𝑡𝑎 0.013 0.007 0.004  0.016 -0.008 0.002 
 0.010 0.011 0.014  0.081 0.082 0.082 
        
R-squared 30.4% 29.1% 29.8%  75.1% 77.9% 81.4% 
No. of firms 498   498   498  492 492 492 
No. of observations 4,308   4,308   4,308  4,267 4,267 4,267 
        

        
Panel B PEAD  Retail Volume 
 [1,5] [1,10] [1,30]  [1,5] [1,10] [1,30] 
  (1) (2) (3)  (4) (5) (6) 

        
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -0.003 -0.001 -0.012*  -0.076* -0.108** -0.129*** 
 0.005 0.005 0.006  0.046 0.048 0.047 
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 × 𝐿𝑜𝑤 𝑎𝑛𝑎𝑙𝑦𝑠𝑡 𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒 -0.005 -0.006 -0.006  -0.050 -0.061 -0.071 
 0.010 0.011 0.014  0.085 0.086 0.086 
        
R-squared 30.4% 29.1% 29.8%  75.2% 78.0% 81.5% 
No. of firms 498   498   498  492 492 492 
No. of observations 4,308   4,308   4,308  4,267 4,267 4,267 
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TABLE 8. (Cont’d) 
 

Panel C PEAD  Retail Volume 
 [1,5] [1,10] [1,30]  [1,5] [1,10] [1,30] 
  (1) (2) (3)  (4) (5) (6) 

        
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡  0.001 0.004 -0.008  -0.065 -0.104** -0.126*** 
 0.005 0.005 0.007  0.045 0.047 0.047 
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 × 𝐻𝑖𝑔ℎ 𝑐𝑜𝑚𝑝𝑙𝑒𝑥𝑖𝑡𝑦 -0.025*** -0.031*** -0.028***  -0.086 -0.065 -0.074 
 0.010 0.010 0.014  0.083 0.084 0.084 
        
R-squared 30.5% 29.3% 29.9%  75.2% 78.0% 81.5% 
No. of firms   498   498   498  492 492 492 
No. of observations   4,308   4,308   4,308  4,267 4,267 4,267 
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APPENDIX A: Variable Definitions 
Main variables 
Abnormal trading volume is the sum of standardized daily stock trading volume around earnings announcements, 
following Asthana, Balsam, and Sankaraguruswamy (2004). For every firm-quarter earnings announcement, 
standardized daily trading volume is the trading volume (CRSP variable VOL) minus the mean daily trading volume, 
scaled by the standard deviation of daily trading volume during the estimation period. The event window is [+1, +𝑡] 
after the earnings announcement date. The estimation window is defined as thirty days to six days before the earnings 
announcement date. 
 
Abnormal trading volume (L/S) is the sum of standardized daily stock trading volume around earnings 
announcements by large/small trades, following Asthana, Balsam, Sankaraguruswamy (2004). Large trades have 
dollar trading value greater than $50,000. Small trades have dollar trading value less than or equal to $5,000 if the 
share price is less than $50, or less than or equal to 100 times the share price if the share price is greater than $50. 
Dollar trading volume is defined as the actual trade price per share (TAQ - Consolidated Trades database variable 
PRICE) multiplied by the number of shares traded (TAQ - Consolidated Trades database variable SIZE). The event 
window is [+1, +𝑡] after the earnings announcement date. The estimation window is defined as thirty days to six days 
before the earnings announcement date. 
 
Absolute abnormal return is the absolute value of the cumulative daily abnormal return in a three-day window 
centered on a firm’s earnings announcement in fiscal quarter t. Daily abnormal return is defined as the daily holding 
period return (CRSP variable ret) minus the value-weighted market return 
with dividends (CRSP variable vwretd). 
 
Market capitalization is firm i’s equity market capitalization (Compustat variable prccq times Compustat variable 
cschoq) on the last trading day of fiscal quarter t. 
 
Post earnings announcement drift is the absolute value of cumulative abnormal returns (market-adjusted) over an 
earnings announcement window [+1, + 𝑡] of firm 𝑖 in quarter 𝑡.  
 
Retail sell volume is the natural logarithm of the number of shares of firm i sold by investors scaled by the number 
of common shares outstanding for firm i at the end of quarter q. The event window is [+1, + 𝑡] after the earnings 
announcement date. 
 
Retail buy volume is the natural logarithm of the number of shares of firm i bought by investors scaled by the 
number of common shares outstanding for firm i at the end of quarter q. The event window is [+1, + 𝑡] after the 
earnings announcement date. 
 
Retail total volume is the natural logarithm of the number of shares of firm i bought and sold by investors scaled by 
the number of common shares outstanding for firm i at the end of quarter q. The event window is [+1, + 𝑡] after the 
earnings announcement date.  
 
Retail total volume (XBRL) is the natural logarithm of the number of shares of firm i bought and sold by investors 
scaled by the number of common shares outstanding for firm i at the end of quarter q. The event window is [+1, + 𝑡] 
after the earnings announcement date. Following Boehmer, Jones, Zhang, and Zhang (2021), retail sell volume is 
defined as 𝑍it ∈ (0, 0.4) and retail buy volume is defined as 𝑍it ∈ (0.6, 1), where	𝑍it ≡ 100*𝑚𝑜𝑑(𝑃it, 0.01),	𝑃it is 
the transaction price in stock 𝑖 at time 𝑡, and 𝑍it is the fraction of a penny associated with that transaction price. 
 
 
Firm characteristics for cross-sectional tests 
High Beta is a dummy variable that equals to one if a firm’s beta in a quarter is above the median in our sample. 
Beta is the coefficient on the market index (CRSP variable vwretd) obtained from a market model estimated using 
daily stock returns (CRSP variable ret) over the four fiscal quarters preceding quarter t. 
 



 52 

High Complexity is a dummy variable that equals to one if a firm’s Complexity in a year is above the median in our 
sample. Complexity is defined as 1- HHI, where HHI is the Herfindahl index computed using segment sales, 𝐻𝐻𝐼= 
∑ 𝑠6#8
6=)  . N is the number of segments (from Compustat segment files, segments with the same two-digits SIC code 

are counted as one segment), 𝑠6  is the fraction of total sales generated by firm’s segment i, following Barinov, Park, 
and Yildizhan (2024). 
 
Low Analyst coverage is a dummy variable that equals to one if log (1+ number of analysts) is below the median in 
a quarter. We define the number of analysts following a firm by identifying those who issue earnings-per-share 
forecasts for a firm in a fiscal quarter, counting unique I/B/E/S analyst identifiers (I/B/E/S unadjusted detail file 
variable 𝑎𝑛𝑎𝑙𝑦𝑠).  
 
Measures of firm response 
Breaks in string of earnings increases is an indicator variable equal to one if firm 𝑖’s quarter 𝑡 earnings (Compustat 
variable 𝑛𝑖𝑞) decrease after having increased in each of the previous four quarters. This definition follows Andreou, 
Louca, and Petrou (2017). 
 
DA (Jones) is firm 𝑖’s discretionary accruals in fiscal quarter 𝑡 obtained from a modified Jones model following 
Dechow, Sloan, and Sweeney (1995). The modified Jones model is specified as 
TA#$ ASSET#$%& = 𝛽' + 𝛽& 1 ASSET#$%& + 𝛽( ∆REV#$ ASSET#$%& + 𝛽) PPE#$ ASSET#*%&⁄⁄⁄⁄ +𝜀#$, where TA#$ is total 
accruals, defined as earnings before extraordinary items and discontinued operations (Compustat variable ibq) 
minus operating cash flows (Compustat variable oancfy), ASSET#$%& is lagged total assets (Compustat variable atq), 
∆REV#$ is the change in quarterly revenue (Compustat variable saleq), and PPE#$ is gross property, plant, and 
equipment (Compustat variable ppegtq). Jones discretionary accruals is defined as DA#$ = (TA#$ ASSET#$%&⁄ ) −
NA#$, where NA#$ = 𝛽'o+		𝛽&o1 ASSET#$%& +⁄ 	𝛽(o(∆REV#$ − ∆AR#$) ASSET#$%&⁄ +		𝛽)oPPE#$ ASSET#$%&⁄  and AR#$ is 
accounts receivable (Compustat variable rectq). 
 
DA (Kothari) is the performance-matched discretionary accruals in a fiscal quarter following Kothari, Leone, and 
Wasley (2005), defined as a firm’s discretionary accruals from a modified Jones model minus that of a matched firm 
in the same Fama-French 48 industry with the closest return on assets.  
 
Earnings restatement is an indicator variable set equal to one if the absolute difference between firm 𝑖’s quarter 𝑡 
I/B/E/S earnings per share (variable 𝑣𝑎𝑙𝑢𝑒) and Compustat earnings per share (variable 𝑒𝑝𝑠𝑝𝑥𝑞) is equal to or 
greater than 0.015. This definition follows Livnat and Mendenhall (2006).  
 
Meet-or-beat is an indicator variable set equal to one if a firm’s EPS is both greater than and within 1 cent of the 
median analyst’s earnings forecast. 
 
Return on assets (ROA) is firm i’s return on assets in fiscal quarter t, defined as earnings (Compustat variable niq) 
divided by the firm’s total assets as of the end of the previous fiscal quarter (Compustat variable atq).
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APPENDIX B 

This appendix derives the comparative statics underlying H1, H2a, and H2b. We use the 

notation of Section II: 𝑏$,&(𝜓) = 𝜆 + (1 − 𝜆)𝑎$,&𝜌&(𝜓), 𝑒$,&(𝜓) = 𝑎$,&𝜀$,&(𝜓), and 𝑚$,& =

𝑏$,&(𝜓)𝐸! + 𝑒$,&(𝜓). The post-acquisition interpretation error 𝜀$,&(𝜓) has mean zero and 

precision 𝜏!(𝜓), is independent across groups and of 𝐸!, with within-regime persistence (a 

group acquired at two event dates has the same 𝜀$,&(𝜓) at both). With CARA risk aversion 𝛾 and 

per-group supply 𝑄, market-clearing yields the equilibrium price 𝑃& = 𝑣‾ + 𝑚‾ & − 𝛾𝜎"#𝑄 and the 

conditional expected price stated in Section II. 

Acquisition 

The acquisition path is monotone with non-trivial flow 𝑎‾* > 𝑎‾+. Given our window focus 

between t=0 and t=T, we assume non-trivial baseline acquisition by the announcement, 𝑎‾+ > 0, 

so the integration channel has a non-empty mass to operate on at 𝑡 = 0. EDGAR raises early 

acquisition, 𝛿𝑎‾+ > 0, consistent with empirical evidence that EDGAR activity is triggered by 

corporate events such as earnings announcements (Drake, Roulstone, and Thornock 2016). We 

further assume that acquisition is near-saturated at time 𝑇, 𝛿𝑎‾* ≈ 0, consistent with the idea that 

disclosure acquisition is most valuable close to earnings announcements. Later in event time, 

contextual information is plausibly available through other channels. 

Integration 

Similar to the acquisition margin, we assume that integration productivity is effective at the 

announcement, ∂𝜌+(𝜓)/ ∂𝜓 > 0. In addition, integration is near-saturated at time 𝑇, 

∂𝜌*(𝜓)/ ∂𝜓 ≈ 0, since much of the contextual information may have arrived or been digested 

through other sources (analyst reports, media coverage, conference calls, etc.), so 𝜌*(𝜓) is 

already high and has less room to improve. The post-acquisition precision rises with 𝜓, 
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∂𝜏!(𝜓)/ ∂𝜓 > 0, compressing the cross-sectional dispersion of interpretations. 

Hypothesis 1 

Define the post-announcement incorporation wedge 𝑊+,*(𝜓) ≡ (1 − 𝜆)[𝑎‾*𝜌*(𝜓) −

𝑎‾+𝜌+(𝜓)]. Realized drift decomposes as 

𝑃* − 𝑃+ = 𝑊+,*(𝜓)𝐸! + [𝑒‾*(𝜓) − 𝑒‾+(𝜓)],                                    (B.1) 

where 𝑒‾&(𝜓) ≡ (1/𝐺)∑ 𝑒$,&$ (𝜓). Under cross-group independence and within-regime 

persistence, only groups switching from non-acquired to acquired between 0 and 𝑇 contribute to 

the residual variance, with variance 𝜏!(𝜓)0) per group. Therefore, 

𝑅+,*(𝜓) ≡ Var(𝑒‾*(𝜓) − 𝑒‾+(𝜓) ∣ 𝒂, 𝝆(𝜓)) =
)
'
(𝑎‾* − 𝑎‾+)𝜏!(𝜓)0).                 (B.2) 

Applying the law of total second moments to (𝑃* − 𝑃+) with conditioning set (𝐸! , 𝒂, 𝝆(𝜓)), 

𝔼[(𝑃* − 𝑃+)#] = (1 − 𝜆)#[𝑎‾*𝜌*(𝜓) − 𝑎‾+𝜌+(𝜓)]#Var(𝐸!) +
9‾,09‾-
',!(.)

,                   (B.3) 

which is equation (1) of Section II. 

Integration margin 

Differentiating (B.3) with regard to 𝜓, the systematic component (first term) is non-positive: 

∂𝜌*/ ∂𝜓 ≈ 0 gives 𝑎‾* ∂𝜌*/ ∂𝜓 ≈ 0, while 𝑎‾+ > 0 and ∂𝜌+/ ∂𝜓 > 0 give 𝑎‾+ ∂𝜌+/ ∂𝜓 > 0, 

shrinking the wedge. The residual component (second term) is strictly negative by ∂𝜏!/ ∂𝜓 > 0, 

given 𝑎‾* > 𝑎‾+. Hence ∂𝔼[(𝑃* − 𝑃+)#]/ ∂𝜓 < 0. 

Acquisition margin 

Holding 𝜓 fixed, an EDGAR acquisition shock 𝛿𝑎‾& ≥ 0 changes the wedge by 

𝛿𝑊+,* = (1 − 𝜆)[𝜌*(𝜓)𝛿𝑎‾* − 𝜌+(𝜓)𝛿𝑎‾+].                                 (B.4) 

With 𝛿𝑎‾* ≈ 0, the first term is approximately zero. With 𝛿𝑎‾+ > 0 and 𝜌+(𝜓) > 0 (which 

follows from ∂𝜌+/ ∂𝜓 > 0 at any 𝜓 > 0), the second term is strictly positive. Hence 𝛿𝑊+,* < 0. 
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The residual term moves with 𝑎‾* − 𝑎‾+ and falls in the same direction. The acquisition channel 

therefore also attenuates squared-drift PEAD. 

Hypothesis 2 

Group 𝑔’s belief revision between 𝑡 − 1 and 𝑡 is 

Δ𝑚$,& = (1 − 𝜆)Δ𝜌$,&(𝜓)𝐸! + Δ𝑒$,&(𝜓),                                     (B.5) 

where Δ𝜌$,&(𝜓) ≡ 𝑎$,&𝜌&(𝜓) − 𝑎$,&0)𝜌&0)(𝜓). Under common 𝜌&(𝜓) and monotone acquisition, 

Δ𝜌$,& takes three values across groups: continuing acquirers (mass 𝑎‾&0)) revise by 𝜌& − 𝜌&0); 

new acquirers (mass Δ𝑎‾& ≡ 𝑎‾& − 𝑎‾&0)) revise by 𝜌&; non-acquirers (mass 1 − 𝑎‾&) revise by 0. 

Define RevDisagree& ≡ (1/𝐺)∑ ($ Δ𝑚$,& − Δ𝑚‾ &)#. Squaring (B.5), averaging across groups, 

and taking expectations (the cross-term between 𝐸! and Δ𝑒 vanishes by 𝜀⟂𝐸!): 

𝔼[RevDisagree&] ≈ (1 − 𝜆)#Ω&(𝜓)Var(𝐸!) + Ξ&(𝜓),                              (B.6) 

where Ω&(𝜓) is the cross-sectional variance of Δ𝜌$,&(𝜓) across groups and, by within-regime 

persistence, Ξ&(𝜓) ≈ (1 − 1/𝐺)Δ𝑎‾&𝜏!(𝜓)0). Under the standard normal approximation for 

Δ𝑚$,& − Δ𝑚‾ &, period-𝑡 turnover is 𝑉& ≈ (𝐺/(2𝛾𝜎"#))g2/𝜋gRevDisagree&. 

Integration margin 

Differentiating (B.6) with regard to 𝜓: 

;𝔼[>?@A1BCDE??.]
;.

≈ (1 − 𝜆)#Var(𝐸!) ;G.
;.

− �1 − )
'
�Δ𝑎‾&

,!
/ (.)

,!(.)0
.                        (B.7) 

The dispersion-compression channel (the second term) is non-positive by ∂𝜏!/ ∂𝜓 > 0, with 

strict inequality whenever Δ𝑎‾& > 0. The speed-and-mass channel (the first term) has no clean 

sign in general; it depends on ∂𝜌&/ ∂𝜓, ∂𝜌&0)/ ∂𝜓, and the acquisition path. The late-window 

contribution shrinks under ∂𝜌*/ ∂𝜓 ≈ 0. Because our framework is designed to capture 

disagreement-driven trading around public disclosures, we state the integration-volume 
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prediction under the sufficient condition that the dispersion-compression channel dominates the 

residual speed-and-mass channel: 

�(1 − 𝜆)#Var(𝐸!) ;G.
;.
� ≪ �;H.

;.
�.                                              (B.8) 

If (B.8) holds, ∂𝔼[RevDisagree&]/ ∂𝜓 < 0 whenever Δ𝑎‾& > 0, and window volume ∑ 𝑉&&  falls 

in 𝜓. 

Acquisition margin 

Holding 𝜓, 𝜌&, and 𝜌&0) fixed, the marginal effect of Δ𝑎‾& on revision disagreement is 

;𝔼[>?@A1BCDE??.]
;I9‾.

≈ (1 − 𝜆)#Var(𝐸!) ;G.
;I9‾.

+ �1 − )
'
� 𝜏!(𝜓)0).                              (B.9) 

The mass component ∂Ω&/ ∂Δ𝑎‾& flips sign at an intermediate value of Δ𝑎‾&: front-loading 

acquisition raises the mass of revisions in some periods and lowers it in others. An EDGAR 

access shock therefore primarily re-times turnover; the sign of total window volume depends on 

the shape of {Δ𝑎‾&} before and after the shock.
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APPENDIX C 
Table C.1. The Effect of Mandatory Disclosure Processing Costs on PEAD: Next Four 

Quarters 
The table reports DD estimates of the effects of EDGAR inclusion on PEAD over post-earnings windows. Treated 
firms are those included in EDGAR; control firms are nearest-neighbor propensity-score matched on equity market 
capitalization (in levels and logs) and fiscal quarter using a 0.05 caliper. We include data from an eight-fiscal quarter 
window around the fiscal quarter of EDGAR inclusion. The EDGAR inclusion quarter is not included. Panel A 
includes all earnings events. Panel B and Panel C report results with subsamples of bad and good earnings news, 
respectively. All specifications include controls and fixed effects. For variable definitions and details of their 
construction see Section III and Appendix A. Heteroskedasticity consistent standard errors clustered at the firm level 
are shown in italics underneath the coefficient estimates. We use ***, **, and * to denote significance at the 1%, 5%, 
and 10% level, respectively. 

 
Panel A: Full Sample [1,5] [1,10] [1,30] 
  (1) (2) (3) 

    
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -0.008*** -0.007*** -0.005 
 0.002 0.003 0.004 
    
Controls and FE? yes yes yes 
    
R-squared 35.2% 34.9% 34.3% 
No. of firms 2,998 2,998 2,998 
No. of observations 16,027 16,027 16,027 
Pre-trend test (p-value) 0.322 0.703 0.136 
    

    
Panel B: Bad news [1,5] [1,10] [1,30] 
  (1) (2) (3) 

    
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -0.023*** -0.019*** -0.016** 
 0.005 0.006 0.008 
    
Controls and FE? yes yes yes 
    
R-squared 49.5% 49.7% 47.0% 
No. of firms 1,989 1,989 1,989 
No. of observations 5,717 5,717 5,717 
Pre-trend test (p-value) 0.153 0.670 0.684 
    

    
Panel C: Good news [1,5] [1,10] [1,30] 
  (1) (2) (3) 

    
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -0.004 -0.004 -0.000 
 0.003 0.003 0.005 
    
Controls and FE? yes yes yes 
    
R-squared 43.7% 44.0% 42.2% 
No. of firms 2,877 2,877 2,877 
No. of observations 10,310 10,310 10,310 
Pre-trend test (p-value) 0.182 0.212 0.026 
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APPENDIX D 
Table D.1. The Effect of Mandatory Disclosure Processing Costs: Long-Term Window 

The table reports DD estimates of the effects of EDGAR inclusion on PEAD over long-term window [+1,+60]. Treated 
firms are those included in EDGAR; control firms are nearest-neighbor propensity-score matched on equity market 
capitalization (in levels and logs) and fiscal quarter using a 0.05 caliper. We include data from a nine-fiscal quarter 
window around the fiscal quarter of EDGAR inclusion. Panel A reports DD estimates for PEAD. Panel B, C, and D, 
we report DD results for retail total, buy, and sell volume. In each panel, we show the results with the full sample, 
with subsamples of bad and good earnings news, respectively. All specifications include controls and fixed effects. 
For variable definitions and details of their construction see Section III and Appendix A. Heteroskedasticity consistent 
standard errors clustered at the firm level are shown in italics underneath the coefficient estimates. We use ***, **, 
and * to denote significance at the 1%, 5%, and 10% level, respectively. 

 
Panel A: PEAD 
 Full Bad Good 
  (1) (2) (3) 
    
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -0.004 -0.018* -0.000 
 0.004 0.010 0.005 
    
Controls and FEs? yes yes yes 
    
R-squared 33.3% 44.0% 41.8% 
No. of firms 3,005 2,017 2,899 
No. of observations 17,975 6,379 11,596 
Pre-trend test (p-value) 0.392 0.281 0.856 
    
Panel B: Retail total volume 
 Full Bad Good 
  (1) (2) (3) 
    
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -0.031*** -0.042* -0.028** 
 0.011 0.021 0.013 
    
Controls and FEs? yes yes yes 
    
R-squared 58.0% 67.7% 61.7% 
No. of firms 3,214 2,278 3,013 
No. of observations 24,271 7,594 16,677 
Pre-trend test (p-value) 0.336 0.324 0.603 
    



 59 

Table D.1. (Cont’d) 

Panel C: Retail buy volume 
 Full Bad Good 
  (1) (2) (3) 
    
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -0.019** -0.040** -0.015 
 0.009 0.017 0.011 
    
Controls and FEs? yes yes yes 
    
R-squared 50.4% 59.0% 55.4% 
No. of firms 3,157 2,278 3,113 
No. of observations 23,584 7,594 15,990 
Pre-trend test (p-value) 0.455 0.921 0.291 
    
Panel D: Retail sell volume 
 Full Bad Good 
 (1) (2) (3) 
    
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -0.018** -0.010 -0.022** 
 0.008 0.015 0.009 
    
Controls and FEs? yes yes yes 
    
R-squared 50.6% 62.1% 55.5% 
No. of firms 3,183 2,278 3,132 
No. of observations 23,746 7,594 16,152 
Pre-trend test (p-value) 0.055 0.125 0.540 
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APPENDIX E 
Table E.1. The Effect of Mandatory Disclosure Processing on Small Trades Volume: DD 

Estimates 
The table reports DD estimates of the effects of EDGAR inclusion on small trades volume for post-earnings windows. 
Small trades are defined following Asthana et al. (2004). Treated firms are those included in EDGAR; control firms 
are nearest-neighbor propensity-score matched on equity market capitalization (in levels and logs) and fiscal quarter 
using a 0.05 caliper. We include data from a nine-fiscal quarter window around the fiscal quarter of EDGAR inclusion. 
Panel A includes all earnings events. Panel B and Panel C report results with subsamples of bad and good earnings 
news, respectively. All specifications include controls and fixed effects. For variable definitions and details of their 
construction see Section III and Appendix A. Heteroskedasticity consistent standard errors clustered at the firm level 
are shown in italics underneath the coefficient estimates. We use ***, **, and * to denote significance at the 1%, 5%, 
and 10% level, respectively. 
 

Panel A: Full Sample    
 [1,5] [1,10] [1,30] 
  (1) (2) (3) 

    
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -1.218*** -1.757*** 0.560 
 0.348 0.556 2.035 
    
Controls and FEs? yes yes yes 
    
R-squared 31.1% 26.8% 20.1% 
No. of firms 3,142 3,030 2,778 
No. of observations 21,136 17,709 17,208 
Pre-trend test (p-value)   0.872    0.502   0.595 
    
Panel B: Bad news    
 [1,5] [1,10] [1,30] 
  (1) (2) (3) 

    
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -1.465** -2.680** 3.704 
 0.752 1.178         4.814 
    
Controls and FEs? yes yes yes 
    
R-squared 49.8% 46.6% 36.0% 
No. of firms 2,080 1,979 1,779 
No. of observations 6,367 5,955 5,209 
Pre-trend test (p-value)   0.234   0.403   0.063 
    
Panel C: Good news    
 [1,5] [1,10] [1,30] 
  (1) (2) (3) 
    
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -1.383*** -1.793*** -1.981 
 0.426 0.682 1.996 
    
Controls and FEs? yes yes yes 
    
R-squared 33.9%       30.2% 24.2% 
No. of firms 3,062 2,928 2,666 
No. of observations 14,769 13,754 11,999 
Pre-trend test (p-value) 0.414 0.362 0.834 
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APPENDIX F 
Table F.1. The Effect of Mandatory Disclosure Processing Costs: Announcement Window 

The table reports DD estimates of the effects of EDGAR inclusion on PEAD over announcement window [-1,+1]. 
Treated firms are those included in EDGAR; control firms are nearest-neighbor propensity-score matched on equity 
market capitalization (in levels and logs) and fiscal quarter using a 0.05 caliper. We include data from a nine-fiscal 
quarter window around the fiscal quarter of EDGAR inclusion. Panel A reports DD estimates for PEAD. Panel B 
reports DD results for retail trading volume. In each panel, we show the results with the full sample, with subsamples 
of bad and good earnings news, respectively. All specifications include controls and fixed effects. For variable 
definitions and details of their construction see Section III and Appendix A. Heteroskedasticity consistent standard 
errors clustered at the firm level are shown in italics underneath the coefficient estimates. We use ***, **, and * to 
denote significance at the 1%, 5%, and 10% level, respectively. 
 

Panel A: |CAR| 
 Full Bad Good 
  (1) (2) (3) 
    
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -0.003* -0.009** -0.001 
 0.002 0.004 0.002 
    
Controls and FEs? yes yes yes 
    
R-squared 26.5% 39.8% 32.3% 
No. of firms 3,005 2,017 2,899 
No. of observations 21,212 6,378 14,834 
Pre-trend test (p-value) 0.980 0.618 0.897 
    
Panel B: Retail total volume 
 Full Bad Good 
  (1) (2) (3) 
    
𝑡𝑟𝑒𝑎𝑡𝑒𝑑 × 𝑝𝑜𝑠𝑡 -0.004 -0.005 -0.005 
 0.003 0.006 0.004 
    
Controls and FEs? yes yes yes 
    
R-squared 37.4% 48.4% 44.3% 
No. of firms 3,027 2,278 2,965 
No. of observations 22,288 7,594 14,694 
Pre-trend test (p-value) 0.424 0.479 0.599 
    

 
 


