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Introduction
Understanding the relationship between financial accounting information and capital

markets has been one of the main goals of accounting research for a long time (Kothari 2001).
Empirical literature analyzed the impact of accounting information presented to capital market
participants on capital market outcomes (e.g. Landsman and Maydew 2002). For example,
examining the earnings-return relation does not directly allow researchers to assess the actual
usage of accounting information by share- and other stakeholders, because only the capital
market reaction to accounting signals is observed. Therefore, Lev (1989) called for research
“aimed at understanding the actual use of reported data by investors” [p.155]. Drake et al.
(2015) and others answered this call and attempt to find ways to directly observe information
acquisition.
The rise of the internet over the last decades made financial information more easily
available for potential information recipients. In search for new and direct measures of
information acquisition and shareholder attention, the finance and accounting literature uses a
central feature of digital information: its acquisition is recorded. Such proxies include Yahoo!
Finance Searches (Lawrence et al. 2016 and 2017), Google Search Volume (e.g. Drake et al.
2012 and Da et al. 2011), Wikipedia firm page views (e.g. Ungeheuer 2017), Bloomberg news
article requests (Ben-Rephael et al. 2017), and views of news articles on the internet (Drake,
Thornock and Twedt 2017).
Further, all filings containing mandatory reporting information made with the Securities
and Exchange Commission (SEC) in electronic form are easily accessible for everybody with
internet access without restrictions or charges on the Electronic Data Gathering, Analysis, and
Retrieval system (EDGAR) website. EDGAR records all information requests made by its users
in log files, which are publicly available since a successful Freedom of Information Act request
(Loughran and McDonald 2017). The level of precision and detail of these log files about
1

information acquisition by EDGAR users makes them a potent resource for researchers (e.g.
Drake et al. 2015), and they are the primary data source for investor attention in this dissertation.
The thesis at hand contributes to the relatively novel accounting literature using the SEC
EDGAR log files in several ways. First, it reviews the accounting literature using the EDGAR
log files and encourages future research to examine a new user class of digital reporting
information, namely robots. Second, the thesis contributes to the literature by examining how
the temporary unavailability of public information on the EDGAR website , which is demanded
by investors, affects capital market liquidity. Third, the thesis contributes to the debate
regarding the usefulness of frequent quarterly relative to annual reporting, by examining the
revealed preferences of financial reporting recipients documented in the EDGAR log files.
This thesis consists of five chapters: an introduction, three research papers, as well as
concluding remarks. An overall list of references as well as appendices to chapter three and
four are provided at the end of the thesis. Each chapter represents a study that stands on its own.
More specifically, the second and fourth chapter are single authored papers and, for this end,
use the first person singular. On the contrary, chapter three is a working paper coauthored by
Prof. Dr. Maximilian A. Müller and, therefore, uses the first person plural.
The first paper presented in chapter two begins by structuring the usage of SEC EDGAR
log files in the finance and accounting literature into two clusters:
The first cluster of papers consists of studies which focus on the users of the SEC EDGAR
database, analyzing different aspects of disclosure requests of EDGAR users and thereby
demonstrating that the EDGAR log files provide ample opportunities to observe and utilize the
actual and documented disclosure acquisition.
The second cluster of papers using the SEC EDGAR log files contains articles focusing
on investor attention and capital markets, linking information acquisition of capital market
2

participants to market outcomes. These papers oftentimes exploit the fact that the information
provided in the EDGAR log files about individual information requests is available with much
more detail than in other comparable measures. I verify the manual classification of the
identified papers using the EDGAR log files, applying Latent Dirichlet Allocation, a machine
learning approach. The literature review is accompanied by descriptive statistics of the
information acquisition on EDGAR.
The SEC EDGAR database is not protected, like other comparable financial databases,
against direct access from algorithmic / robot users. In descriptive analyses, I show that the
information acquisition of robots on EDGAR increased from 77% in the second quarter of 2008
to 96% in the second quarter of 2017. Hence, neglecting information acquisition of robots, as
the majority of the papers using the EDGAR log files does, excludes a high share of the total
information acquisition on EDGAR (e.g. Drake et al., 2015 and Lee et al. 2015).
In this chapter, I argue that robot activity is costly and that therefore the robot (i.e. its
human-designed algorithm to acquire information) must be somewhat intelligent to generate a
benefit for its owner. Even if robots were agnostic and just harvested the database universe, the
harvesting is likely to be part of a process of data dissemination and analysis through other
media (e.g., Bloomberg and Yahoo! Finance), improving the overall information environment.
In the literature, however, little is known about the “intelligence” of robot information requests
and whether they play these economic roles.
I show that the covariates of daily human and automated information acquisition display
statistically significant differences between human and automated information acquisition. This
indicates that human and automated information acquisition is driven by similar reasoning, but
not to the same extent. Further, automated information acquisition varies between SEC EDGAR
user groups and therefore might contain further insights. In accordance with Stephan (2019), I
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also demonstrate that automated trading crowds out private information acquisition of humans
more strongly than the information acquisition of robots.
This chapter encourages future research into the information acquisition by the users of
robots, a major SEC EDGAR user group collecting vast quantities of disclosed information
using technically sophisticated methods. Further, with high frequency / automated trading on
the capital markets (Hendershott et al. 2011) and automated journalism (Blankespoor et al.
2018) sharply increasing during the last decades, it is also important to evaluate how automated
programs acquire information, who controls these information gathering robots, and, as
indicated above, how they affect a firm’s as well as the market-wide information environment.
Finally, mandatory disclosure is often motivated by the desire to strengthen the marketwide information environment (e.g., Leuz and Wysocki, 2008). Prior literature only informed
policy-makers and standard setters about the demand for mandatory disclosures by humans,
while neglecting a novel accounting information user group gaining in importance over the last
decade.
This paper greatly benefits from helpful comments and suggestions from Antonio De
Vito, Garen Markarian, Niklas Meyer and Maximilian A. Müller. The paper was advanced
during a visit at IE Business School in Madrid. I also thank Huaizhi Chen for sharing the
deciphering table used in Chen et al. (2019).
Investors increasingly rely on electronic systems to acquire information. An unexplored
risk of relying on electronic systems is their unexpected downtimes. The SEC’s EDGAR system
for example, receives millions of requests per day for information on publicly listed firms. The
paper presented in chapter three focuses on an unexpected, severe down time of the EDGAR
server.
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This issue is important to examine because one of the primary goals of the SEC with its
platform EDGAR is to “to level the playing field for all investors [by] providing investors with
timely access to information they need to make investment decisions” (SEC 2002).
Accordingly, we examine whether the inability to access public information affects the level
playing field, which we capture with liquidity. We assess the effects on stock liquidity when
such downtime risk materializes by exploiting a single, large-scale, unexpected server outage
of EDGAR. We find that liquidity worsens for firms more strongly affected by the outage.
Exploiting cross-sectional heterogeneity in how the server outage affects liquidity, we
find that the server outage affects liquidity more adversely when the erroneous requests stem
from funds and banks; when the requests are made by algorithms; when the requests target
recently published filings; and when the firms for which information could not be obtained have
a weaker information environment. Analyzing the association of EDGAR outages with a
smaller magnitude shows a similar association between EDGAR server outages and liquidity,
but remains statistically insignificant. This can be due to two reasons: first, small EDGAR errors
affect liquidity in a way unmeasurable with the Bid-Ask Spread at day end, and second, the
relation between publicly available disclosure and liquidity is non-linear in a way that major
reductions in available disclosure marginally reduce liquidity stronger than small reductions in
available disclosure.
This coauthored paper greatly benefits from helpful comments and suggestions from
Yakov Amihud, Karthik Balakrishnan, Mary Barth, Matthias Breuer, Bill McDonald, Caspar
David Peter, and Markus Schmid, and seminar participants at ESSEC Business School,
Fundación Ramón Areces XV International Accounting Research Symposium, Rotterdam
School of Management, Erasmus School of Economics and WHU – Otto Beisheim School of
Management. Again, I would like to thank Huaizhi Chen for sharing the deciphering table used
in Chen et al. (2019).
5

The study presented in chapter four examines the usefulness of quarterly, relative to
annual financial reporting information – measured through information requests on the SEC
EDGAR database, thereby being the first study to point out the empirical regularity that annual
reporting filings are deemed to be more useful relative to quarterly reporting information.
Tracking down the EDGAR users shows that the general trend of a higher usefulness of
annual relative to quarterly reporting information is weaker for institutional EDGAR users from
the finance sector. This indicates that stakeholders from the finance sector deem frequent
reporting information more useful compared to other EDGAR users.
To generate insights about the information acquisition behavior of the SEC EDGAR users
of annual and quarterly financial reporting information, I analyze their total information
acquisition on EDGAR on the day of their information request. Based on the information
acquisition patterns, I find that the acquisition of annual reporting information is complemented
more by reporting information of other firms relative to quarterly reporting information,
indicating a higher comparability of annual financial reporting information among different
firms. Further, quarterly reporting information acquisition is complemented by a high share of
ad-hoc disclosure acquisition, indicating that quarterly reporting information is more useful on
the background of current developments.
Focusing on the investment horizon of institutional investors, I find that a higher share of
dedicated (transient) investors is associated with a higher (lower) usefulness of annual relative
to quarterly reporting. This indicates a higher usefulness of annual relative to quarterly reporting
for investors with a longer investment horizon. The higher usefulness of annual relative to
quarterly reporting is also detectable on the capital markets after the earnings announcement,
showing that the higher usefulness of annual relative to quarterly reporting can be linked to the
valuation role of accounting. Further, the information acquisition of technically sophisticated

6

EDGAR users employing robots confirms the higher usefulness of annual relative to quarterly
reporting.
This study greatly benefits from helpful comments and suggestions from Audra Boone,
Matthias Breuer, Antonio De Vito, Katharina Hombach, Martin Jacob, Garen Markarian,
Maximilian A. Müller, Thorsten Sellhorn, Joshua T. White, and seminar participants at WHU
– Otto Beisheim School of Management. The paper was advanced during a visit at IE Business
School in Madrid. I also thank Huaizhi Chen for sharing the deciphering table used in Chen et
al. (2019) and Brian Bushee for sharing the institutional investor data used in Bushee and Noe
(2000).
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2

On the usage of EDGAR log files in archival finance and accounting research: A
literature review1
2.1

Introduction

In search for new and direct measures of information acquisition and shareholder
attention, the finance and accounting literature uses the log files of the SEC EDGAR database,
which were made available after a successful Freedom of Information Act request (Loughran
and McDonald 2017). EDGAR contains all filings made with the SEC in electronic form and
is easily accessible for everybody with internet access without restrictions or charges. These
files track all information requests made by users of EDGAR on a detailed level. This level of
precise and detailed information about the financial information acquired by the EDGAR users
make these log files a powerful resource for researchers. Descriptive analysis shows that the
total number of requests on EDGAR increased drastically from 2007 to 2017, indicating its
high relevance.
Analyzing the usage of the SEC EDGAR log files in the finance and accounting literature,
I distinguish between two topics that are studied: The users of EDGAR and the link between
information acquisition on EDGAR by capital market participants and market outcomes, mostly
around information events. I identified the papers by screening the titles and the abstracts of
published and forthcoming articles in accounting and finance journals, by searching SSRN for
frequently used key words as well as screening papers citing the identified published articles.
This provided me with a total of 49 academic articles using the EDGAR log files.
The first cluster of papers consists of studies which focus on the users of the SEC EDGAR
database, analyzing the usage of EDGAR by stakeholders (e.g., Loughran and McDonald, 2017
and Drake et al., 2016). Papers in this first cluster also examine the information acquisition of

1

This chapter is based on Heilig, M. (2019): “On the usage of EDGAR log files in archival finance and
accounting research: A literature review”. Unpublished Working Paper.
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certain recipients of financial information (e.g., the Internal Revenue Service, Bozanic et al.,
2017). The papers in this cluster show different aspects of disclosure requests of the users of
EDGAR and that the EDGAR log files provide ample opportunities to observe and utilize the
actual and well documented disclosure acquisition.
The second cluster of papers using the SEC EDGAR log files contains articles focusing
on investor attention and capital markets. These papers link information acquisition of capital
market participants with market outcomes, thereby oftentimes exploiting the fact that the
information provided in the EDGAR log files about individual information requests is available
at a much higher level of detail than in other comparable measures. The biggest sub-cluster
consists of papers examining information acquisition around information releases (e.g., Drake
et al., 2015, Dechow et al., 2016 and Chapman, 2018). Additional papers in this cluster belong
to one of three following sub-clusters: (1) studies that analyze the predictive power of current
information acquisition for future market outcomes, especially future expected returns (e.g., Li
and Sun, 2018 and Wang, 2019); (2) studies that analyze the attention transfer between firms
and relate this transfer in investor attention and knowledge to market outcomes (Drake,
Jennings, Roulstone, Thornock 2017 and Madsen, 2017); (3) studies that analyze the general
effect of investor attention on market outcomes (Chi and Shanthikumar, 2018).
To verify the manual classification of the papers, machine learning in the form of Latent
Dirichlet Allocation is employed to verify the manual classification of papers into the two
clusters. Using the stop words proposed by Schwarz (2018) and Loughran and McDonald
(2016), the machine learning algorithm sorts the title and the abstract of the identified articles
using SEC EDGAR log files into the same clusters as in the manual topic clustering, in more
than 70 - 90% of the cases.
To show that the automated information acquisition on the SEC EDGAR database is not
a negligible factor, I analyzed the information acquisition of automated information acquisition
9

on EDGAR. The share of requests attributed to robots relative to the total number of information
requests increased from 77% in the second calendar quarter of 2008 to 96% in the second
calendar quarter of 2017. Analyzing the covariates of daily human and automated information
acquisition displays statistically significant differences between human and automated
information acquisition. This indicates that human and automated information acquisition are
driven by similar reasoning, but not to the same extent. Additional descriptive analyses show
that these algorithms do not randomly harvest EDGAR, but that the information acquisition
varies by filing age and filing type. Analyzing automated information acquisitions for listed
firms on EDGAR displays additional variation which also shows that automated information
acquisition is not equally high across listed firms in the US.
Tracing back the users of robots on the SEC EDGAR database, I identify Internet
Providers, Cloud Hosts and Internet Solution providers, Research Institutes, Business users and
Information intermediaries, and show that most robots are deployed through IP addresses
belonging to Internet Providers and Cloud Hosts and Internet Solution providers. Comparing
the covariates of the amount of daily information acquisition of Research Institutes, which
might be more interested in agnostically harvesting the SEC EDGAR database compared to
Business users, shows that the association between the covariates explaining robot information
acquisition on the SEC EDGAR database and the information acquisition of Business firms is
significantly stronger compared to Research Institutes. This indicates, that automated
information acquisition varies between different user groups and therefore might contain
insights that might be worth exploiting by future research.
I further demonstrate that automated information acquisition on the firm level is not solely
driven by another phenomenon linked with the digitalization of financial markets, algorithmic
trading. I construct an index, consisting of the deciles of the four proxies of algorithmic trading,
as identified by Weller (2018) and include this index in the regressions analyzing the covariates
10

of human and automated information acquisition. The coefficients of the covariates do not
change their sign and the within R squared contribution of the algorithmic trading index is
smaller than 5%.
Automated information acquisition is not considered in the majority of papers using the
SEC EDGAR log files. A significant number of papers do not even mention how they treated
information acquisition from web crawlers / robots in their empirical analysis. Only five of the
identified papers consider automated information acquisition in their analysis. Drake et al.
(2019) include robots, because hedge funds use the financial reporting information extracted by
their robots. Bauguess et al. (2018) include information acquisition from robots in their analysis,
because the acquisition of financial reporting information by robots is allowed by the SEC. Bird
et al. (2018) use in a cross-sectional test the trait of robots of being less likely to be intelligent
in focusing their attention. Further, Crane et al. (2018) use robots in a cross-sectional test as a
proxy for extreme information processing by hedge funds. Boone et al. (2016) analyze the
information acquisition of human and robots separately, but do not focus in their research on
the differences between humans and robots. They conclude, that humans make more targeted
requests related to the examined information event and exhibit different consumption patterns
over time compared to robots.
Automated information acquisition activity in the SEC EDGAR database might be an
interesting research topic for future research for several reasons: First, as designing and running
algorithms for automated information acquisition is costly, it will only be worth employing
robots that are sufficiently intelligent to provide valuable information. If robot clicks reveal
automated information acquisition, then it implies additional economic effects truncated by
prior literature, such as their contribution to the speed at which information is impounded into
prices. Second, even if robots were agnostic and just harvested the database, this is likely to be
part of a process to disseminate and analyze the harvested data through other media (e.g.,
11

Bloomberg and Yahoo! Finance), improving the overall information environment. In the
literature, however, little is known about the “intelligence” of robot information requests and
whether robots play these economic roles outlined above.
I further argue that automated information acquisition should be of further interest to
researchers, because prior research primarily informs standard setters and policy-makers about
the information acquisition of human users and not of deployed web-crawlers, which retrieve
much higher quantities of financial reporting information than human users. This research can
inform policy-makers and standard setters about an unexplored stakeholder group requesting
financial reporting data using sophisticated automated methods. Therefore, information about
this group requesting large amounts of data could also be considered to better understand the
channel through which mandatory disclosures improves the information environment. Finally,
with high frequency / automated trading on the capital markets (Hendershott et al. 2011) and
automated journalism (Blankespoor et al. 2018) (increasing sharply during the last decades), it
is also important to evaluate how automated programs acquire information, who controls these
information gathering robots, and how they affect the firm as well as the market-wide
information environment.
In accordance with Stephan (2019), I also demonstrate that automated trading crowds out
private information acquisition of human SEC EDGAR users as well as for robots. The
difference in the association between human and robot clicks is statistically different, showing
that robots react less to the crowding out effect of algorithmic trading on private information
acquisition.
After focusing on robot financial statement users, I provide short outlines for possible
future research regarding the user groups of auditors and investors. One possible application of
the SEC EDGAR log files could be to examine the effect of an auditor change on the usefulness
of financial reporting information. Furthermore, researchers could test the effect of information
12

acquisition on deposit withdrawals as predicted in the bank run model of He and Manela (2016).
Contributing to the “frog in the pan” limited attention literature, which is demonstrated with
market outcomes by Da et al. (2014), researchers could show which investors drive the under
reaction to continuous information provided to the market compared to the same information
provided at one point in time. Additionally, researchers could analyze how sensitive investors
are to changes in taxation, by analyzing the information acquisition around tax regulation
changes.

2.2

Describing the SEC EDGAR log files

The SEC introduced the Electronic Data Gathering, Analyzing and Retrieval (EDGAR)
database as a free of charge and publicly accessible electronic database in 1994 and fully
mandated all filings in electronic form in 1997 (Asthana et al., 2004). Before the introduction
of the SEC EDGAR database, interested stakeholders of firms filing at the SEC hat to physically
visit an office of the SEC or purchase the filing from an intermediary (Asthana and Balsam,
2001). The EDGAR database currently stores all filings made with the SEC in electronic form,
which can be accessed by everybody with internet access. Like most other websites, the
EDGAR website keeps records of all page requests in daily log files. The EDGAR log files
contain, on a request basis, the client IP address, the timestamp of the request, information
regarding the filing requested and additionally other qualifying items. The IP addresses in the
EDGAR log files are only displaying the first three octets in a numeric form while the last octet
is replaced by letters. Therefore, it is not directly possible for researchers to identify the user
behind the IP. As outlined in the following review, Researchers have worked out several ways
to identify the users behind the IP. These log files were made available to researchers after
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several Freedom of Information Act requests (Loughran and McDonald 2017). The SEC
EDGAR log files are currently available until July 2017.2
The SEC EDGAR log files have several limitations which are prominently pointed out
by Drake et al. (2015). First, the SEC EDGAR log files do not capture all information
acquisition performed by stakeholders, since unsophisticated investors could gain the
information from alternative sources, like Google Finance, Yahoo! Finance and Wikipedia.
Sophisticated investors could gather financial information from other sources than EDGAR,
like Thomson-Reuters, Morningstar Document Research, Capital IQ or Bloomberg. Second,
one IP address could be used by several users. Therefore, it might not always be the case that
researchers observe the information acquisition by one individual behind one IP address. Third,
the observed fact that the financial reporting information is acquired by stakeholders does not
necessarily lead to the conclusion that the information is actually used.
The SEC EDGAR log files are not the only proxies used in the finance and accounting
literature to measure investor information demand. Lawrence et al. use Searches on Yahoo!
Finance to measure the investor demand for sell-side analyst research (2017) and investor
attention around earnings announcements (2016). Filzen and Schutte (2017), Drake, Thornock
and Twedt (2017), Drake et al. (2012) and Da et al. (2011) use the Google Search Volume for
the ticker symbol of the firm as a measure for investor information demand. Focke et al. (2019),
Hillert and Ungeheuer (2019) and Ungeheuer (2017) use the Wikipedia page views of a firm as
a measure of investor attention. Drake, Thornock and Twedt (2017) exploit the information
acquisition of internet articles covering earnings announcements by nonprofessional investors
by using the web traffic data provided by Alexa to measure investor attention. These measures
are being used as a proxy for unsophisticated investor attention while a proxy for sophisticated

2

As of 05.27.2019. The log files are publicly available at the SEC website: https://www.sec.gov/dera/data/edgarlog-file-data-set.html
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investor attention being the Bloomberg number of readings of news articles, as used by BenRephael et al. (2017). A non-US measure for attention to financial disclosure, similar to the
EDGAR log files, is the count of online views of annual statements on the German Federal
Gazette (Bundesanzeiger) as used by Breuer et al. (2018).
To generate a general understanding of the development of information acquisition
documented on the SEC EDGAR database over the time period from July 2006 to July 2017
the following sections provide and discuss some descriptive statistics. These statistics were
developed using the raw SEC EDGAR log files, which are forming the data fundament of the
papers reviewed in this literature review. Further, these descriptive analyses might inspire future
research.
Using the EDGAR log files, I follow Ryans (2017) and focus only on filing requests,
which were fulfilled by the SEC EDGAR server. Figure 1 examines the total number of
requests/clicks on SEC EDGAR filings in the period from July 2006 to July 2017. The first
aspect which can be seen is that the number of requests increased drastically over the observed
time period. The median daily number of clicks in the second calendar quarter increased from
381 thousand in 2008 to 9.3 million clicks in 2017. This means that the median number of clicks
increased by a factor of more than 24 over the time period of nine years. This is in line with the
general increase in internet speed over this time period and increasing digitalization trends.
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Figure 1 – Total requests on the SEC EDGAR database
This graph depicts the total number of daily clicks on filings on the SEC EDGAR database (in millions). The
presented values are on a daily basis, only including working days (Monday to Friday). The graph is using local
polynomial smoothing to focus on trends and displays the 95% confidence interval (grey area).

Further, the average number of unique IPs requesting financial reporting information
increased from a median of 16.9 thousand in the second calendar quarter of 2008 to 83 thousand
in the second calendar quarter of 2017. This is equivalent to an increase by more than 490% in
nine years. This might be explained for example by the fact that more people are having access
to the internet in their homes and at their workplaces. Additionally, this might indicate an
increase in the importance of the SEC EDGAR database for stakeholders. One unique IP can
be interpreted as at least one person or institution searching for financial reporting information.
The detailed development of the number of IPs requesting financial information on EDGAR is
depicted in Figure 2.
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Figure 2 – Number of IPs requesting information on the SEC EDGAR database
This graph depicts the number of IPs accessing the SEC EDGAR database. The presented values are on a daily
basis, only including working days (Monday to Friday). The graph is using local polynomial smoothing to focus
on trends and displays the 95% confidence interval (grey area).

To gain further insights on the share of users requesting small quantities of information,
Figure 3 (Figure 4) separates the number of IPs requesting only one filing per day (financial
information for only one firm) from the total number of IPs requesting financial reporting
information. These graphs show that a major share of users access EDGAR to acquire small
number of filings. To generate a further understanding of the average amount of financial
reporting information being requested by users of EDGAR, Figure 5 depicts the average number
of filings and the average number of different firms being accessed by one IP in the time period
of July 2007 to July 2017. Both averages increase drastically, while showing a high fluctuation.
This might be considered if comparing papers using earlier and later accesses to EDGAR,
because the individuals or their information acquisition behavior on EDGAR might have
changed.
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Figure 3 – IPs accessing only one filing
This graph depicts the number of IPS accessing exactly one filing per day and the total number of IPs accessing
one and multiple filings per day. The presented values are on a daily basis, only including working days (Monday
to Friday). The graph is using local polynomial smoothing to focus on trends and displays the 95% confidence
interval (grey area).

18

Figure 4 – IPs accessing only one firm
This graph depicts the number of IPS accessing information (filings) about one firm per day and the number of
IPs accessing filings at the SEC EDGAR database per day. The presented values are on a daily basis, only including
working days (Monday to Friday). The graph is using local polynomial smoothing to focus on trends and displays
the 95% confidence interval (grey area).

This increase in the general demand for financial reporting information is further
observable when focusing on filings which are attributable to firms with equity traded on the
New York Stock Exchange, the NASDAQ Stock Market and the American Stock Exchange.
The median number of requests per firm and day increased from 20 in the second calendar
quarter of 2008 to 638 in the second calendar quarter of 2017. Further, this increase in the
requests is observable in the P25 and P75 Quartiles. The detailed development of the clicks on
listed firms in the SEC EDGAR database is depicted in Figure 6. The majority of papers include
time fixed effects, which absorb the general time trend, but might not control for all differences
across time.
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Figure 5 – Average information demand per IP
Figure 5 – A depicts the average number of different filings being accessed by an IP.
Figure 5 – B depicts the average number of different firms being accessed by an IP.
The presented values are on a daily basis, only including working days (Monday to Friday). The graph is using
local polynomial smoothing to focus on trends and displays the 95% confidence interval (grey area).
Figure 5 – A

Figure 5 – B

Figure 6 – EDGAR requests on listed firms
This graph depicts the Median, the upper and lower quartile of the number of clicks on the SEC EDGAR database.
Only firms with actively traded equity on the New York Stock Exchange, the NASDAQ Stock Market and the
American Stock Exchange are considered in this graph. The presented values are on a daily basis, only including
working days (Monday to Friday). The graph is using local polynomial smoothing to focus on trends and displays
the 95% confidence interval (grey area).
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2.3

Paper Collection

To identify papers using the SEC EDGAR log files, I screened the titles and abstracts of
articles published in top finance and accounting journals3 in all issues published between
January 2014 to May 2019. I further screened the accepted, but not yet published articles of
these journals. I started with the paper collection in 2012 to ensure that I collected all papers,
because the EDGAR log files were publicly released in 2013 by the SEC after the successful
Freedom of Information Act request by Tim Loughran and Bill McDonald.4 I further scanned
the references of the published articles to identify additional articles using the SEC EDGAR
log files and I screened the Google Scholar citations of the identified papers, to ensure that my
paper collection process is all extensive.
After I screened the published papers, I analyzed the key words of all published papers.
The list of key words used by journal articles is displayed in Table 1. I used the key words
mentioned in more than one journal article to search for working papers published on the Social
Science Resarch Networks’ (SSRN) website. After identifying additional papers with these key
words, I searched for all working papers on the SSRN website with key words listed more than
once in a working paper or a published article. The complete list of key words used more than
once by a paper is presented in Table 2. To avoid screening working papers which were dropped
by the authors, I focused on papers posted or updated in the last three years on the SSRN
website. In total, I identified 49 papers using the SEC EDGAR log files in their analyses.

3
I screened the following journals: The Journal of Finance, The Review of Financial Studies, Journal of
Financial Economics, Journal of Accounting Research, The Accounting Review, Journal of Financial and
Quantitative Analysis, Review of Accounting Studies and Contemporary Accounting Research.
4
Please refer to the personal website of Bill McDonald, where he detailed describes how he received the
SEC EDGAR log files. (https://sraf.nd.edu/data/edgar-server-log/) (last accessed 05.17.2017)
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Table 1 – Journal Articles Key Words
This table displays the key words of all published journal papers identified during scanning the top finance and
accounting journals and therein referred published journal articles. The top finance and accounting journal include:
The Journal of Finance, The Review of Financial Studies, Journal of Financial Economics, Journal of Accounting
Research, The Accounting Review, Journal of Financial and Quantitative Analysis, Review of Accounting Studies
and Contemporary Accounting Research.
Key Word

Investor attention
EDGAR
Information acquisition
Accounting
Advertising
Anticipated earnings announcements
Attention comovement
Attention‐based portfolio
Audit process
Client financial reporting
Co‐search
Customer–supplier anomaly
Data analytics
Disclosure benchmarking
Downloads of XBRL files
Earnings announcement premium
Earnings notifications
Earnings response coefficient
EDGAR downloads
EDGAR filings
EDGAR log file dataset
EDGAR search traﬃc
FIN 48
Financial disclosure
Financial reporting
Form 10‐K
Fundamental research
Historical accounting reports
Industry classiﬁcation
Information decay
Information environment
Insider trading
Investor inattention
iIvestor limited attention
IRS
Peer ﬁrm
Post–earnings announcement drift
Return comovement
Revealed preference
Revenue recognition
SEC comment letters
(This Table is continued on the next page.)

Count
4
3
3
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
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SEC’s EDGAR log files
Short sellers
Spillover effects
Tax enforcement
Usefulness
Web traffic
XBRL

1
1
1
1
1
1
1

Table 2 – All Key Words
This table displays the key words identified by all published journal articles and working papers posted on SSRN
which use the SEC EDGAR log files. All key words were used for a detailed search on SSRN, except the marked
(*) key words. These marked key words are linked to general topics in the literature and result in inefficiently large
general searches through the SSRN working papers, therefore only papers with more than 250 downloads at the
SSRN website were screened.
Word

Count

EDGAR
Investor attention
Information acquisition
Disclosure*
Voluntary disclosure
Financial Disclosure
Information asymmetry*
Insider trading
Soft Information
Inderpricing
Bookbuilding
Corporate governance*
EDGAR downloads
EDGAR search
Form 10‐K
Google search
Information decay
Institutional investors
IPOs
Search traffic
SEC
SEC EDGAR
SEC filings
Web traffic

2.4

13
11
10
5
5
3
3
3
3
3
2
2
2
2
2
2
2
2
2
2
2
2
2
2

Literature Review

The identified finance and accounting papers using the SEC EDGAR log files are
clustered in two main clusters. The first cluster consists of papers providing novel insights about
the information acquisition of users of financial statement information or effects of information
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acquisition on the firms providing the disclosure. The second cluster contains papers focusing
on capital markets. These papers link information acquisition of capital market participants with
market outcomes.
2.4.1

Users of the SEC EDGAR database
Papers studying the information acquisition of users of financial reporting information

are clustered in two sub-clusters. The papers in the first sub-cluster provide novel insights into
the general information acquisition of users of the SEC EDGAR database, while the second
sub-cluster focuses on the information acquisition of specified users of financial reporting
information.
The general usage of the SEC EDGAR database
The first sub-cluster of papers focuses on papers providing novel insights into the general
information acquisition of users of EDGAR. Loughran and McDonald (I) (2014) analyze the
decay of the relevance of annual financial reporting information (provided in form 10-K) and
financial information provided in the IPO prospectus (form S-1) after their filings at the SEC
EDGAR database. Loughran and McDonald (I) (2014) come to the conclusion, that financial
information provided during the annual financial reporting remains relevant for longer than
financial reporting information provided in the IPO prospectus. In an additional cross-section,
Loughran and McDonald (I) (2014) show that the information acquisition for annual financial
reporting information, as provided through EDGAR, only differs slightly for listed and unlisted
firms.
Loughran and McDonald (2017) examine the usage of the SEC EDGAR database by
investors for valuing stocks. They therefore focus on the demand of annual financial reporting
information after a firm files its annual financial reporting filing (form 10-K) with the SEC
EDGAR database. They find that, in general, only a small amount of information acquisition
takes place in the first days after the publication of the filings. In a cross-sectional analysis,
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Loughran and McDonald (2017) further confirm their previous (Loughran and McDonald (I),
2014) finding, that the information acquisition on EDGAR does not significantly differ for firms
with and without publicly traded equity. They conclude, due to the lack of requests for financial
reporting information on EDGAR, that investors generally do not perform fundamental
research on stock. According to Loughran and McDonald (2017), this has implications on
research examining the effects of the readability of financial reporting (e.g., Bonsall et al., 2017,
Loughran and McDonald (II), 2014 and Lehavy et. al., 2011). Loughran and McDonald (2017)
question the real impact of the readability of a filing, considering that filings are generally not
very often used to perform fundamental research. This statement of Loughran and McDonald
(2017) is not in full accordance with the literature presented in the following sections, which
find that information acquisition on the SEC EDGAR database is related to investors
performing fundamental research (see, e.g. papers in Section 4.1 Investors).
To generate insights into the characteristics of the human users of the SEC EDGAR
database, Drake, Quinn and Thornock (DQT) (2017) perform a large-scale demographic
analysis of the financial information requests performed by humans. DQT (2017) conclude that
the average education (rate of college degrees) of the habitants of a region has a higher positive
association of the information acquisition on EDGAR than other income or household
characteristics. Further, DQT (2017) find that income, derived from capital gains and dividends
has a higher positive association with information acquisition on EDGAR than other income
sources.
Using the economic knowledge of the users of the SEC EDGAR database, Lee et al.
(2015) analyze the search patterns of human users of EDGAR. Thereby, Lee et al. (2015)
generate a novel method for identifying economically related peer firms, by examining which
filings from different firms are accessed by EDGAR users during one session. The peer firms
found by Lee et al. (2015) outperform GICS6 industry peer firms in explaining cross-sectional
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variation in base firms’ capital market and operating metrics. Lee et al. (2015) therefore exploit
the revealed preferences for peer firm financial disclosures from the users of EDGAR.
The SEC EDGAR database contains not only recent, but also historic financial reporting
information of firms. Drake et al. (2016) focus on the usefulness of historic financial reporting
information requested from EDGAR. They find that the demand for historic financial reporting
information during the year is positively associated with financial reporting complexity.
Further, they find that the demand for historic financial reporting information around earnings
announcements is positively associated with negative earnings surprises and accounting
discretion. The daily demand for financial reporting information is also positively associated
with shocks to the market value of the firm. This association is especially pronounced for
negative shocks. Drake et al. (2016) use the unique depth of detail regarding the age of the
financial reporting information requested on EDGAR to analyze exactly which financial
reporting information is examined by individuals requesting financial reporting information.
User groups of the SEC EDGAR database
The second sub-cluster focuses on the information acquisition of specified recipients of
financial reporting information. These papers in general do not aim to generate a greater
understanding of the general usage of financial reporting information by all stake- and
shareholders, but by a defined stake- or shareholder group in particular. I cluster papers
examining the information acquisition by recipient groups. These groups are: Investors,
Government and Regulators, Information Intermediaries, Auditors, and Competitors. I further
identified papers analyzing the users of web crawlers. Since the papers analyzing the web
crawlers do not trace back the users of the automated information acquisition of web crawlers
to a single stakeholder group, they will be covered at the end of this chapter as a separate group.
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Investors
The papers analyzing investor attention can be split into two categories; papers analyzing
the information acquisition of one special investor group (e.g., Venture Capital Funds) or the
unspecified mass of investors.
Chen, Kelly, Wu (CKW) (2018) investigate how hedge funds change their information
acquisition in the case of a worsened information environment (due to exogenous brokerage
firm closures following Hong and Kacperczyk, 2010 and Kelly and Ljungqvist, 2012). CKW
(2018) are able to demonstrate that institutional investors increase the information acquisition
following a brokerage firm closure by using the SEC EDGAR log files. Information acquisition
of hedge funds is identified in the EDGAR log files, by tracking the geographic location of the
anonymized IP addresses and combining this with the addresses of hedge funds. CKW (2018)
are further able to demonstrate that this hedge fund behavior reduces the impairment of market
efficiency due to brokerage firm closures, documented in prior literature (Balakrishnan et al.,
2014 and Kelly and Ljungqvist, 2012).
In a recent working paper, Crane et al. (2018) explore the potential of available public
financial information to generate returns for institutional investors, by analyzing the
information acquisition of hedge funds on the SEC EDGAR database. The potential of public
information to generate positive returns is documented, by institutional investors using EDGAR
in a month having 1.5% higher annualized abnormal returns. This association is more
pronounced if the filing is accessed by more competing hedge funds, while being reduced if the
fund uses a robot to access the filings on EDGAR and if the filing is more complex. These
findings lead Crane et al. (2018) to conclude that hedge funds use financial reporting
information to complement private signals.
Analyzing the insider trading information acquisition of mutual funds, Chen, Cohen,
Gurun, Lou and Malloy (CCGLM) (2018) find fund managers’ monitoring and tracking to be
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persistent. This persistence shows that these mutual fund managers focus on firms over longer
time periods. Further firms, whose insider trading is tracked by fund managers, have higher
adjusted alphas (following the methodology developed by Daniel et al., 1997) than non-tracked
stocks. The EDGAR log files enable CCGLM (2018) to directly identify the insider trading
filing (form 4) acquisition by fund managers and therefore are able to show that the financial
information is actually used by fund managers in a structured way. Information acquisition by
fund managers is identified using the MaxMind dataset containing the IP addresses of funds
and linking them with the EDGAR log files. Further, CCGLM (2018) contribute to the insider
trading literature by showing that the insider trading information of trades tracked by fund
managers is important for the fundamental firm value.
To generate insights into the information acquisition of venture capital firms, Gibbons
(2019) tracks the information acquisition of venture capital firm managers on the SEC EDGAR
database. Linking EDGAR information acquisition to market outcomes of venture capital firms,
Gibbons (2019) finds that EDGAR is more frequently used by low reputation venture capital
firms before financing a private company. Further, Gibbons (2019) finds that public information
acquisition during the due diligence stage is positively related to positive investment outcomes
for low reputation venture capital firms. He does not find this relation for high reputation
venture capital firms. Further, venture capital firms reduce their public information acquisition
if they are in a deal stage in which they are having a high experience and if they invest in a
syndicate with high reputation venture capital firms. With these findings, Gibbons (2019)
contributes to the literature by quantifying the benefits of investing in research of public
information acquisition of venture capital firms.
Analyzing the monitoring of listed firms by institutional investors, Iliev et al. (2018)
proxy for the monitoring of institutional investors by examining the information acquisition of
identified institutional investors on the SEC EDGAR database before the shareholder meeting.
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Iliev et al. (2018) find that investors concentrate their research on larger firms and firms with
weaker governance and with shareholder meetings outside the busy spring proxy season.
Further, investors with larger holdings in a firm conduct more research. Compared to passive
investors, index funds seem to devote less resources into the governance of their investments.
Gallagher et al. (2019) examine the portfolio rebalancing choices of prime monetary
market funds (MMFs) in the Eurozone crisis. Gallagher et al. (2019) find that information
acquisition increases after the beginning of the Eurozone crisis (June 2011) and is focused
around firms with a higher share of sophisticated investors. The SEC EDGAR log files enables
Gallagher et al. (2019) to observe the information acquisition of investors of the MMFs. MMFs
which have a higher base of sophisticated investors rebalance their portfolio to reduce risks
associated with the Eurozone crisis.
Analyzing the clicks on the SEC EDGAR database as an unspecified proxy for the mass
of investor attention, Christensen et al. (2018) show that investors increase their information
acquisition after a covenant violation. Christensen et al. (2018) do not trace back the IPs to
investor groups, but use the, in the literature, common assumption that the clicks on EDGAR
are driven by investors (e.g., Drake et al. 2015). In this study, the information acquisition is one
of two proxies for stakeholder attention, alongside the likelihood of analysts providing nonGAAP metrics. Further, Christensen et al. (2018) find that firms decrease voluntary non-GAAP
disclosure after a covenant violation, while the quality of non-GAAP reporting increases.
Government and Regulators
The following papers use the ability of the SEC EDGAR log files to identify the
information acquisition of U.S. government and regulatory agencies, which otherwise is not
disclosed to the public. These papers provide unique insights into agencies which shape the
economy and enforce laws and regulations
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Analyzing how mandatory tax disclosure in financial reporting at the SEC affects tax
enforcement and firms’ disclosure activities, Bozanic et al. (2017) use the SEC EDGAR log
files to demonstrate that the financial reporting information acquisition of the Internal Revenue
Service (IRS) increased after FIN 48 (increased disclosure of contingent tax liability). The
information acquisition of public financial reporting information by the IRS decreased again
after the introduction of Schedule UTP (private disclosure of risky tax positions to the IRS).
Bozanic et al. (2017) are therefore able to show that public and private disclosure requirements
jointly interact to influence the regulator’s enforcement activities. Due to the EDGAR log files,
Bozanic et al. (2017) are able to document that the IRS uses publicly available financial
reporting information.
After the IRS, also the SEC’s information acquisition is examined in the literature.
Holzman et al. (2019) examine, amongst other things, which firm characteristics are associated
with a higher level of review and surveillance from the SEC. This working paper uses the SEC
EDGAR log files to directly observe the acquisition of publicly available financial information
by the SEC as a proxy for regulatory review and surveillance. Therefore, Holzman et al. (2019)
are able to show that firm-quarters with high levels of SEC downloads are positively associated
with the firm’s visibility in the market and with firm complexity, but negatively associated with
the presence of effective outside monitors. Increased surveillance by the SEC is also triggered
by non-routine accounting events (e.g., restatements, personnel events and negative
performance shocks). In further analyses, the paper examines the disclosure of SEC
investigations by the firms to outsiders, providing evidence on management disclosure
incentives in a setting where the negative information of an SEC investigation may finally not
be revealed. Information acquisition by the IRS and the SEC on EDGAR is identified by linking
the information requests from the partly anonymized IP addresses documented in the EDGAR
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log files to IP blocks attributed to the IRS and the SEC by the American Registry for Internet
Numbers (ARIN).
Bourveau et al. (2019) analyze the effect of increased cartel enforcement on disclosure.
Bourveau et al. (2019) show that firms increase their disclosure of customers, contracts and
products after an increase in cartel enforcement. The increased disclosure is more requested by
the U.S. Department of Justice (DoJ) and the Federal Trade Commission (FTC) on the SEC
EDGAR database, showing that this additional disclosure is informative to antitrust regulators
and not only competitors.
The Federal Reserve System (FED) generates economic forecasts on which it partially
bases its’ monetary policy. Li et al. (2018) track the firm level financial information acquisition
of the FED on the SEC EDGAR database. Thereby Li et al. (2018) are able to demonstrate that
the FED uses financial information for its' economic forecasts. These forecasts reflect the
qualitative information provided in the EDGAR filings. The economic forecasts of the FED
might further influence the monetary decisions of the FED. Thereby, Li et al. (2018) are able
to document the macroeconomic externality of public accounting disclosure.
Intermediaries
Information intermediaries collect and organize financial information and distribute it to
their respective information receiver (Womack, 2002). The information acquisition of
intermediaries, like the Business Press, Analysts and Rating Agencies is examined on the SEC
EDGAR database using the unique opportunity to observe the information acquisitions of these
information intermediaries.
Gibbons et al. (2019) analyze the effects of better informed analysts on their forecasts and
on market returns of forecasted firms during a forecast revision. Gibbons et al. (2019) confirm
the survey results of Brown et al. (2015) and Brown et al. (2016) that SEC EDGAR filings are
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an important information source for analysts, by directly showing in the EDGAR log files, that
approx. 26% of analysts rely on EDGAR filings for their forecasts. Gibbons et al. (2019) further
find that analysts, which are identified in the EDGAR log files to use EDGAR for their
forecasts, are associated with more precise forecasts, longer forecast periods and with providing
more financial metrics. Further, the market reaction to forecasts of analysts using EDGAR is
higher. Information requests form analysts on EDGAR are identified by linking the partly
anonymized IP addresses in the EDGAR log files to IP blocks reserved by analyst firms using
IP address owner information provided by Digital Elements.
Bozanic and Kraft (2018) find a strong association between qualitative disclosures and
the published ratings through credit analysts’ adjustments of qualitative factors influencing the
rating decision. This association between qualitative disclosure and credit analysts’ adjustments
of rating affected by quantitative factors is not found by Bozanic and Kraft (2018). To
demonstrate that rating agencies acquire qualitative disclosures, Bozanic and Kraft (2018) track
the information acquisition of Moody’s on the SEC EDGAR database. Bozanic and Kraft
(2018) show that credit rating analysts rely in part on public information enclosed in the annual
10-K filing of the firms.
Analyzing the difference between the disclosed subsidiaries in Exhibit 21 in form 10-K
and confidential IRS data, Dyreng et al. (2018) show that firms are more likely to withhold
information about subsidiaries if they are located in tax havens and in politically risky countries
and if the firms are more highly scrutinized in the media. To show that the media analyzes firms
disclosure of their subsidiaries, Dyreng et al. (2018) plot the number of Exhibit 21 downloads
from 17 different media outlets over the period of 2003 to 2014. The increase in media interest
on the subsidiary disclosure further documents the increased media scrutiny which might lead
firms to reduce public subsidiary location disclosure.
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Auditors
Auditors are by trade discreet about how they conduct their work in detail and how they
compete amongst themselves for audit clients. To open the black box of auditors benchmarking
the disclosure of their clients with peer firms, Drake, Lamoureaux, Quinn and Thornock
(DLQT) (2019) analyze the SEC EDGAR requests from auditors of Big4 audit firms. DLQT
(2019) find that auditors benchmark the disclosure of their clients with their peers, especially if
their clients face higher levels of authoritative guidance, financial reporting uncertainty and
litigation risk.
Using the clicks on filings of listed firms at the SEC by non-auditing big4 auditors,
Hallman et al. (2018) calculate a nouveau measure for auditor competition. Analyzing the
information acquisition three months before the announcement of an auditor change, Hallman
et al. (2018) are able to verify their measure. The auditors acquire financial information about
their potential new client to conduct their risk and workload assessment, needed to generate a
reasonable audit fee offer. Increased auditor competition reduces the likelihood for a
misstatement and the audit fees charged to the competitors.
Competitors
Analyzing the effect of disclosure on peer firms’ investment decision, Cao et al. (2018)
demonstrate that the likelihood of an investment company engaging in the same trades as their
peers increases after the investment company examined the portfolio holdings disclosed on the
SEC EDGAR database (form 13F). The trades conducted by the copycatting investment
company are more successful if the investment company engaged in additional investment
specific research on EDGAR. This copycatting behavior reduces the profits of the investments
of the disclosing firms. Cao et al. (2018) are therefore able to validate the proprietary costs of
disclosure.
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Automated information acquisition of web crawlers
The early literature using the SEC EDGAR log files identifies non-human, automated
information requests (web-crawlers / robots) which were often excluded from the analyses (e.g.,
Lee et al. 2015 and Drake et al. 2015). The following papers describe the automated information
acquisition on EDGAR without linking it to a user group. Ryans (2017) discusses and compares
several technical ways of identifying users as robots in the EDGAR log files. He concludes that
the definition of an IP belonging to a robot has to be considered carefully, given the filing types
examined in his study. The treatment of automated information acquisition on EDGAR in the
finance and accounting literature is discussed critically in section 5. Cong et al. (2018) use the
EDGAR log files to describe the requests of machine readable XBRL filings on EDGAR for
small companies. Cong et al. (2018) find, that XBRL filings are more frequently accessed than
non-XBRL filings form small firms.
2.4.2

Investor attention and the capital markets
The second cluster identified in the papers using the SEC EDGAR log files contains

articles focusing on investor attention and the capital markets. These papers link information
acquisition of capital market participants with market outcomes.
Information acquisition around information releases
The biggest sub-cluster consists of papers examining information acquisition around
information releases. Chapman (2018) uses earnings notifications, which are investor attentiongrabbing but do not provide any new information, to provide evidence that a lack of investor
attention explains positive returns around earnings announcements. Chapman (2018) finds that
earnings notifications are associated with higher returns and investor attention (measured using
the SEC EDGAR log files) on notification dates. Further, returns and investor attention are
lower on the earnings announcement day in the presence of earnings notifications. Thereby,
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Chapman (2018) demonstrates the effect of investor attention on the release of new information
on the market reaction.
Complementing and extending the finding of Chapman (2018), Li et al. (2019) find that
the stock market reaction to the earnings announcement and the post-earnings announcement
drift are weaker if the firm received more investor attention before the earnings announcement.
Investor attention is measured by Li et al. (2019) using the requests on the EDGAR.
Drake et al. (2015) examine the association of information acquisition on the SEC
EDGAR database and the speed of the price discovery after an earnings announcement. Drake
et al. (2015) find that the earnings response coefficient increases for a higher level of
information acquisition. Further, the post-earnings announcement drift is weakened by more
information acquisition of investors on EDGAR.
Using Yahoo! Finance searches as a proxy for unsophisticated investor attention,
Lawrence et al. (2016) contribute to the literature by showing that unsophisticated investor
attention on the day of the earnings announcement increases the earnings response and
subsequent returns. Using other measures, like the EDGAR search volume provides weaker
results. This can be explained by information acquisition on EDGAR being more associated
with sophisticated investor attention than with unsophisticated investor attention. This result is
supported by the findings of Song (2018), who concludes that unsophisticated investors do not
contribute to the market efficiency. Song (2018) demonstrates that the reaction to earnings
announcements and the accrual anomaly are stronger if more individual and unsophisticated
investors acquire information using Google. The attention of sophisticated investors (measured
using requests of Form 10-K, 10-Q and 8-K with Item 5 on EDGAR) reduces the accrual
anomaly. Song (2018) concludes that individual investors’ financial information acquisition
does not contribute to the market efficiency.
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Further, Ben-Rephael et al. (2017) demonstrate that the price drift after an earnings
announcement and after an analyst recommendation change are driven by earnings
announcements where institutional investors do not pay attention. Institutional investor
attention is primarily measured with the number of firm specific news read on Bloomberg and
in additional tests with the requests on the SEC EDGAR database. Ben-Repahel et al. (2017)
are therefore able to demonstrate that institutional investor attention is necessary to incorporate
news into market prices on a timely basis.
In the context of the reaction to earnings announcements, the following two papers
analyze the geographical distance between firms and their investors. Van Nieuwerburgh and
Veldkamp (2009) suggest in their theoretical model, that the information asymmetry between
local and non-local investors may also be attributed to public information as well as private
information. Dyer (2018) answers the call of Cooper et al. (2012) to identify the source of the
possible information advantage of local investors. Analyzing the information acquisition of
investors in the SEC EDGAR log files, Dyer (2018) demonstrates that investors acquire more
information on a timelier basis for their local investments. Additionally, Dyer (2018)
demonstrates that the benefit of local stock research is higher for institutional investors
compared to non-local stock research.
In a firm-level analysis, Chen (2018) analyzes the effect of locally dispersed investor
attention to earnings announcements. Earnings announcements which receive higher
geographically dispersed investor attention, have a higher share turnover in the three-day
window around the earnings announcement and have a more informed price response to the
quarterly earnings announcement. In the working paper by Chen (2018), the SEC EDGAR log
files provide the necessary information to identify the geographic dispersion of the investors.
Analyzing the financial reporting of foreign firms listed in the U.S., Boone et al. (2016)
find that firms from weaker foreign reporting regimes have larger market reactions, compared
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to firms from stronger foreign reporting regimes (e.g., IFRS) around the filing of financial
reporting information. This is mirrored in the information acquisition of financial reporting
filings of foreign firms (form 6-K) on the SEC EDGAR database. These filings are also
requested on a higher frequency, even though they contain significantly fewer disclosure.
Du (2015) establishes a positive association between the clicks on insider filings (form 4)
on the SEC EDGAR database and the value of that information (measured as post filing stock
returns). Du (2015) is therefore able to demonstrate an endogenous link between information
acquisition and the value of information. In cross sectional analysis, this effect is stronger for
unscheduled compared to scheduled insider trades.
Dambra et al. (2019) analyze the association of pre-initial public offering (IPO)
prospectus filing press releases. Dambra et al. (2019) find that pre IPO prospectus filing press
releases are associated with pre-IPO capital raising, intangible asset investment and retaining a
prestigious underwriter. To show that these positive effects are due to investor attention,
Dambra et al. (2019) link the voluntary pre IPO prospectus filing disclosure to an increase in
IPO prospectus information acquisition on the SEC EDGAR database.
Bauguess et al. (2018) analyze the influence of better informed investors on IPO
outcomes. Using the explicitly documented information requests in the SEC EDGAR log files,
Bauguess et al. (2018) create a measure of the search intensity for the firms S-1 filing. Better
informed investors are associated with a higher probability of a successful IPO, higher negative
offer price revisions and greater underpricing. This finding is further strengthened, by the
increase of information acquisition of peer firm disclosure on EDGAR.
Analyzing how SEC comment letters affect the markets after an IPO under the JOBS Act,
Agarwal et al. (2017) find that the market puts a higher weight on the SEC comment letters.
The JOBS Act reduced the mandatory disclosure of accounting information, but did not impact
the quality and the quantity of the textual disclosure in the IPO prospectus. Agarwal et al. (2017)
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find, that the market puts more weight on the comment letters under the JOBS Act. To show
that the market reactions can be attributed to the comment letters, Agarwal et al (2017) show
that the market reaction is amplified if the comment letters are more frequently accessed. This
access information is extracted from the SEC EDGAR log files.
Finding a delayed price reaction to SEC comment letters, Dechow et al. (2016) find in
the SEC EDGAR log files, that this delayed reaction can be attributed to shareholders
inattention. Further, Dechow et al. (2016) demonstrate, in the main body of the article, that
insider trading is significantly higher before the public disclosure of SEC comment letters.
Examining the misclassification of 8-K filings by managers, Bird et al. (2018)
demonstrate that this misclassification is most likely not random, because misclassified filings
are associated with containing negative news and are happening in periods of higher market
attention. Bird et al. (2018) use the SEC EDGAR log files to show that misclassified filings
receive lower attention by market participants and have lower absolute market reactions.
Analyzing the effect of the short selling constraints for institutional investor categories
(e.g., mutual funds), Bowles (2019) shows that constrained firms reduce their information
acquisition (on the SEC EDGAR database) if positive information is released to the markets,
because news with a positive sentiment decrease the likelihood of them being able to trade. This
is reflected in the capital markets, where prices are less informative after the release of positive
compared to negative information.
Predictive power of information acquisition
Drake, Johnson, Roulstone and Thornock (2019), Wang (2019) and Li and Sun (2018)
analyze the association between information acquisition and future stock performance. These
three working papers, independently from each other, conclude that the EDGAR search traffic
as measured by the number of filing views (Drake et al., 2019 and Wang, 2019) or the number
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of IPs (Li and Sun, 2018) has a predictive power for future stock returns. This is explained with
the information acquisition on the SEC EDGAR database revealing investors’ expectations of
future returns (Drake et al., 2019 and Li and Sun, 2018) and investor attention (Wang, 2018).
All three working papers contribute to the accounting and finance literature by exploiting the
heterogeneity in the information acquisition in different cross-sections.
In the first step, Drake et al. (2019) identify IP addresses linked to sophisticated investors
(e.g., hedge funds and investment banks). In the second step, Drake et al. (2019) then find that
the EDGAR search volume from sophisticated investors is more strongly associated with future
performance, than the EDGAR search volume of less sophisticated investors. Drake et al.
(2019) further demonstrate that the information acquisition by institutional investors serves as
a leading indicator of their equity holdings.
Wang (2019) analyzes the association of the requested information content, as measured
by the filing types, with the predictive power of information acquisition on future returns.
Analyzing the information acquisition of annual financial reporting filings (10-K filings), Wang
(2019) finds, that form 10-K acquisition spikes predict short-term positive future returns.
Therefore, Wang (2019) concludes that the acquisition of information contained in form 10-K
is associated with the general demand for stocks of the firms. Further, firms with a high level
of ad-hoc information acquisition (8-K filings) consistently underperform compared to firms
with a low level of ad-hoc information acquisition. Wang (2019) attributes this finding to the
reduced risk premium. The reduced risk premium is explained with the decreased information
asymmetry, due to the ad-hoc information being processed by the capital market.
Using differences in the processing costs of financial reporting information, Li and Sun
(2018) show, that the return predictability is more pronounced for firms with more extensive
filings at the SEC. Analyzing earnings announcements of firms, Li and Sun (2018) find, that
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information acquisition on the SEC EDGAR database also positively predicts earnings
announcement returns.
Chen et al. (2019) analyze the predictive ability of a variety of investor attention measures
(including the information acquisition on the SEC EDGAR database) to predict future market
returns. These measures on their own understate the predictability compared to an aggregate
index combining these measures. Chen et al. (2019) explain the predictive power of their
investor attention measure by the links between investor attention and expected future
uncertainty and future trading volume.
Attention transfer
Using the SEC EDGAR log files to analyze the co-movement of investor attention, Drake,
Jennings, Roulstone and Thornock (DJRT) (2017) show that a significant portion of the
variation in firm-specific investor attention a firm receives can be explained by industry and
market attention. This attention co-movement is stronger for larger and more visible firms. By
showing that investor attention co-movement is positively related with equity return comovement, DJRT (2017) provide a novel explanation for the excess return co-movement
documented by Barberis et al. (2005). Information acquisition measured using the SEC EDGAR
log files is only one of four measures of investor attention implemented by DJRT (2017).
Investigating how non-financial advertisements (like product advertisement) which
convey little to none financial information attracts investor attention, Madsen and Niessner
(2019) analyze the Google Search volume and information acquisition on the SEC EDGAR
database. Madsen and Niessner (2019) find, that advertisements (especially in business
publications) trigger short term retail investor attention (measured using Google SVI) and not
sophisticated investor attention (measured using the EDGAR log files). This investor attention
results in increased trading volume and quoted depths on days with advertisements in business
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publications. Therefore, Madsen and Niessner (2019) are able to show in a detailed dataset the
immediate and direct effect of advertisement on investor behavior and financial markets.
Madsen (2017) investigates whether the anticipation of supplier-scheduled disclosure
fosters the acquisition of customer information and thereby reduces market inefficiencies
related to the customer-supplier anomaly (Cohen and Frazzini, 2008). Using the SEC EDGAR
log files and Google Search Volume to analyze information acquisition, Madsen (2017) shows
that the anticipation of an earnings announcement triggers information acquisition for
customers of the firm, predicting the firms’ pre earnings announcement return but not the post
earnings announcement return. This return pattern suggests that the increased financial
information acquisition for the customers of the firm before the scheduled earnings
announcement reduces investors limited attention to customer news. This increases the speed
of price discovery and reduces returns to the customer-supplier anomaly documented by Cohen
and Frazzini (2008).
Investor attention and market outcomes
By using the information acquisition of 10-K and 10-Q filings from the SEC EDGAR
database and Google Search volume, Chi and Shantikumar (2018) show a link between retail
investor trading and online information acquisition. The direction of retail investors buy (sell)
trading activity mirrors the positive (negative) earnings change disclosed in the respective
filings. This finding is more pronounced for filings with a higher readability and for more
visible firms. Chi and Shanthikumar (2018) further demonstrate that retail investors make more
profitable trades if the information acquisition using the SEC EDGAR database is higher.
Costs of informed trading and investor attention
Analyzing the effect of algorithmic trading on voluntary disclosure, Stephan (2019) finds
that algorithmic trading increases the costs of informed trading. Because of the increased costs
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of informed trading, human information acquisition is reduced (measured using the SEC
EDGAR log files). Managers react to the less informed investors, due to algorithmic trading,
by increasing the disclosure to reduce information asymmetry on the capital markets.
2.4.3

LDA Topic clustering
This literature review implements Latent Dirichlet Allocation (LDA) to confirm the

manual clustering of papers into the two main clusters, papers studying the users of the SEC
EDGAR database (User) and papers linking information acquisition of capital market
participants with market outcomes (Market), identified in the previous section. LDA was
introduced by Blei et al. (2003) and is a Bayesian computational linguistic technique,
identifying latent topics in a library of documents (Dyer et al. 2017).
If authors write about the same topic, they have a tendency to use similar words.
Therefore, texts about the same topic have a tendency that similar words co-occur. This cooccurrence is exploited by LDA by describing each topic with a probability distribution of
words and each document as a probability distribution over topics (Schwarz, 2018). LDA has
already been applied in literature reviews, for example, for grouping medical studies (Wu et al.,
2012) and journal articles (Griffiths and Steyvers, 2004).
LDA has the advantage that it is automated and replicable and therefore not influenced
by possible prejudices of the researcher (Hoberg and Lewis, 2017). This is a significant
advantage compared to other prior used textual approaches relying on word lists selected by the
researcher (e.g., Larker and Zakolyunkina, 2012 and Loughran et al., 2009).
This paper implements the LDA algorithm introduced by Schwarz (2018) (for Stata) to
cluster the identified articles using the EDGAR log files into two categories. I confirmed the
main clustering of the papers using LDA instead of generating the paper clustering for the
review using LDA, because LDA provides key words which are most strongly associated with
the topic. These key words might be hard to link to the main topics throughout the papers which
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the LDA algorithm defined and therefore might introduce an unintended subjective bias to the
literature review. Therefore, I cluster the papers using the LDA algorithm into two categories
to justify the two main clusters used in the literature review.
The basis for the topic clustering is the extracted text from the abstract and the title of all
49 papers identified to use the SEC EDGAR log files. Punctuation marks were removed from
these texts, as well as capitalization of letters. Further, stop words (usual words with a high
frequency, and no particular meaning to the topics e.g. “the”, “with” and “are”) were removed,
since these words are not useful in classifying the topics in later steps and they decrease the
performance of LDA topic clustering (Huang et al., 2018). To increase the efficiency of the
algorithm and to reduce noise, words with less than three characters were excluded before the
LDA topic clustering.
The only significant discretion left to the researcher is the choice of stop words when
using LDA. I base my analysis on the proposed stop word lists of Schwarz (2018) and Loughran
and McDonald (2016). Further, I developed a stop word list by excluding all words of the top
25 identifying words per topic which are clearly not connected to the accounting and finance
literature. This procedure was repeated three times. In an additional analysis, I do not include
any stop words, thereby demonstrating that my results are not driven by the exclusion of certain
words from the analysis.
The results presented in Table 3 of the LDA topic clustering provide confidence in the
manual clustering of the papers in the two categories. The most conforming results between the
LDA topic clustering and the manual clustering are found using the recommended stop words
list by Schwarz (2018) and Loughran and McDonald (2016). In 92% (71%) of the cases of
papers belonging to the Market (Users) cluster, the LDA algorithm clusters the paper in the
same way as presented in the previous section of the literature review. Using the stop words list
proposed by Schwarz (2018) shows that the words on the one hand, which are associated with
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papers belonging to the market cluster are “information, attention, investors, earnings” and
“public”. These words are more strongly associated with capital markets than with accounting
terms. On the other hand, “EDGAR, SEC, filings, firms” and “financial” are the words mostly
associated with the Users cluster, which can also be associated with the topics of the papers
presented in the Users cluster. The self-generated stop word list contains 25 words which are
not associated with the finance and accounting literature and produces similar results compared
to the established stop word list.
Table 3 – LDA Clustering
This table displays statistics for the LDA algorithm to allocate into the same categories as the author. #
manual is the number of papers clustered into the cluster (Users or Markets) by the author and # LDA is the number
of papers which the LDA algorithm attributed into the same cluster as the author. This table further lists the words
with the highest probability associated with the topic. Words associated with both topics are not reported.
The LDA algorithm is works on the basis of the title and the abstract of the respective articles. The LDA
algorithm uses 500 burn-in iterations and 20 samples with 250 sample iterations. Before starting the LDA
clustering, punctuation marks and words with less than three letters are excluded. Further, all capitalized letters
are decapitalized.
Stop Words
Categories

Schwarz
Users

Markets

Users

Markets

Users

Markets

24

25

24

25

24

25

17

23

17

23

16

23

14

15

71%

92%

71%

92%

67%

92%

58%

60%

1 edgar

information sec

attention

sec

attention

attention information

2 sec

attention

edgar

investors

edgar

investor

edgar

firms

3 filings

investors

firms

earnings

filings

firms

investor

investors

4 firms

earnings

disclosures acquisition financial

earnings

earnings public

5 financial public
of Stop Words

Markets

None

25

# LDA

Number

Users

Own list

24

# manual
Matching
Word

Loughran & McDonald

119

financial

market

disclosures acquisition filings

121

25

disclosure
0

Using no stop word list at all produces not as clear results as using the stop words list
proposed by Schwarz (2018) or Loughran and McDonald (2016) (58% accordance for the
papers in the user category and 60% accordance for papers in the Markets category). One
possible reason of the sensitivity of the results to the stop words used could be the small sample
size of only 49 identified papers. Concluding, the LDA topic clustering confirms the general
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trends in the papers to belong to the clusters presented in the literature, but is probably
susceptible to the stop words used by the LDA algorithm due to the limited sample size.

2.5

Potential research questions using the SEC EDGAR log files

The SEC EDGAR database is not protected, like other comparable financial databases
(e.g., the German Federal Gazette), against direct access from non-human users. Evidence
suggests that automated information acquisition (by so called web-crawlers or robots) is
actually done on a large scale using the SEC EDGAR database. As depicted in Figure 7 the
median share of requests attributed to robots relative to the daily number of requests in the
second quarter of 2008 increased from 77% to 96% in the second quarter of 2017. Keeping in
mind the general growth of SEC EDGAR usage during this time, this increasing time trend of
automated information acquisition could be considered and addressed by researchers using the
SEC EDGAR database. In the following section, I therefore want to guide future research to an
underdeveloped (but highly relevant) group of users of financial statement: robots.
The finance and accounting literature generated three ways to identify robots, all focusing
on the total number of filing requests per day and filing requests per minute by a single IP.
Ryans (2017) compares the most commonly implemented robot identification definitions
developed by Drake et al. (2015) and Lee et al. (2015) and introduces his own robot
identification strategy. Of the 48 papers identified using the SEC EDGAR log files, 21 do not
discuss whether robots are included in their analysis.5

5

In this section, the paper by Ryans (2017) is not included in the analysis, because it directly focuses on
robots. The Papers discussed in this section have in common that they all have found/attempted to find a solution
on how to handle robots while using the SEC EDGAR log files to answer their research question.
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Figure 7 – Automated information acquisition
This graph depicts the share of clicks classified as robots to the total number of clicks on a daily basis. Robots are
identified in accordance with Drake et al. (2015). The presented values are on a daily basis, only including working
days (Monday to Friday). The graph is using local polynomial smoothing to focus on trends and displays the 95%
confidence interval (grey area).

Further, 22 papers explicitly state that robots are excluded. From those 22 papers, 8 papers
explain this by focusing on human information acquisition (e.g., Li et al. 2019, Drake et al.
2016 and Drake et al. 2015). Including automated information acquisition would mean adding
noise to their empirical approaches. Lee et al. (2015) exclude automated information acquisition
because they are less likely to be intelligent than humans at the collection of information in a
structured way. Li and Sun (2018) exclude requests from robots in their analysis, because these
requests are uninformative for their research objective. 14 of the papers excluding requests from
robots do not state their reasoning for doing so.
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Only five papers include automated information acquisition into their analysis. Drake et
al. (2019) include robots, because hedge funds use the financial reporting information extracted
by robots employed. Bauguess et al. (2018) include information acquisition from robots in their
analysis, because the acquisition of financial reporting information by robots is allowed by the
SEC. Bird et al. (2018) use in a cross-sectional test the trait of robots of being less likely to be
intelligent in focusing their attention. Further, Crane et al. (2018) use robots in a cross-sectional
test as a proxy for extreme information processing by hedge funds. Boone et al. (2016) analyze
the information acquisition of human and robots separate, but do not focus in their research on
the differences between humans and robots. They conclude, that humans make more targeted
requests related to the examined info event and exhibit different information acquisition
patterns over time compared to robots.
Prior literature scarcely focuses on robots in the acquisition and processing of financial
reporting information. Blankespoor et al. (2014) link the adoption of machine-readable
eXtensible Business Reporting Language (XBRL) filings to market outcomes, but Blankespoor
et al. (2014) do not test how these are influenced by XBRL. Demonstrating this link between
the implementation of the XBRL format, information acquisition and the observed resulting
changes in the capital markets could be a fruitful avenue for future research.
Further, Allee et al. (2018) link robots to stock market consequences, by demonstrating
that the machine “scriptability” (understandability of a filing for a robot) of filings on the
EDGAR database is positively associated with the market response to filings (especially 8-K
filings). The scriptability of the filings is mostly positively associated with the usage of an
external provider for filing preparations (filing agent). The interests of robots for financial
information are not analyzed by Allee et al. (2018).
By analyzing the details of requested filings by robots, interesting patterns are found,
which could potentially be exploited in future research. In the second calendar quarter of 2017,
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all filings receive 97% (96%) requests from robots in the first 30 days (one year) after their
filing. This share of the information requested by robots shows an increase from 79% (83%) on
filings in the first 30 days (one year) after their filing in the second calendar quarter of 2008.
The filing requests between 30 days and one year after the filing seem to draw less attention
from automated algorithms. The average share of automated information acquisition to the total
information acquisition is 91% (62%) in the second calendar quarter 2017 (2008). Visibly
depicted in Figure 8, the interest of web crawlers is significantly lower in the time period
between 30 days and one year after the filing. This indicates that robots, much more than human
users of the SEC EDGAR database, are focusing on current financial reporting information and
historic reporting information, while neglecting information which is between 30 days and one
year old.
In additional descriptive analyses, depicted in Figure 9, I display the share of filing
requests by filing type and age. I analyze 4 different filing types, ad-hoc information (form 8K), insider trading (form 4), quarterly (form 10-Q) and annual (form 10-K) financial reporting.
The general observable trend of relative automated information acquisition is increasing over
all filings and all filing age groups from 2007 to 2017.
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Figure 8 – Automated information acquisition by filing age
Figure 8 – A depicts the share of clicks associated with robots to the total number of clicks on filings in the first
30 days after the filings are filed at the SEC EDGAR database.
Figure 8 – B depicts the share of clicks associated with robots to the total number of clicks on filings from the
second month till one year after the filings are filed at the SEC EDGAR database.
Figure 8 – C depicts the share of clicks associated with robots to the total number of clicks on filings starting one
year after the filings are filed at the SEC EDGAR database.
The presented values are on a daily basis, only including working days (Monday to Friday). The graph is using
local polynomial smoothing to focus on trends and displays the 95% confidence interval (grey area).
Filings in the first 30 days after filing
Figure 8 – A

Filings between 30 days and one year after filing
Figure 8 – B

Filings older one year
Figure 8 – C
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Figure 9 – Automated information acquisition by filing type and age
Figure 9 – A and B depict the share of clicks associated with robots to the total number of clicks on the respective
filings in the first 30 days after the filings are filed at the SEC EDGAR database.
Figure 9 – C and D depict the share of clicks associated with robots to the total number of clicks on the respective
filing from the second month till one year after the filings are filed at the SEC EDGAR database.
Figure 9 – E and F depict the share of clicks associated with robots to the total number of clicks on the respective
filings starting one year after the filings are filed at the SEC EDGAR database.
The presented values are on a daily basis, only including working days (Monday to Friday). The graph is using
local polynomial smoothing to focus on trends and displays the 95% confidence interval (grey area).
Filings in the first 30 days after filing
Figure 9 – A

Figure 9 – B

Filings between 30 days and one year after filing
Figure 9 – C

Figure 9 – D

Filings older one year
Figure 9 – E

Figure 9 – F
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To mitigate potential seasonality effects, Table 4 compares the median clicks for the first
complete year, the SEC EDGAR log files are completely available (third calendar quarter of
2007 to second calendar quarter of 2008) with the most recent complete year for which the SEC
EDGAR log files are completely available (third calendar quarter of 2016 to second calendar
quarter of 2017). Automated information acquisition visibly increased most for ad-hoc reports
(form 8-K) and financial reporting filings (form 10-K and form 10-Q). The relative share of
information acquisition by robots for those filings in the first 30 days after their filing nearly
doubled from 2007 to 2017. The share of automated information acquisition by robots for
insider trading files started already on a high level of approx. 90% and increased further from
2007 to 2017. The strong differentiation between the filing types and age groups, especially in
the beginning of the SEC EDGAR log files, might lead to the conclusion that web crawlers are
not harvesting the SEC EDGAR database without a specific purpose. Otherwise, I would expect
the share of automated information acquisition to be more uniformly distributed across filing
age and form groups.
Table 4 – Filing and Age Robot Analysis
This table displays the average daily clicks on the different forms in different time brackets after the filing of the
filings with the SEC. This table compares the first year for which the SEC log files are completely available with
the most recent year.
Form

Q3-2007 to Q2 2008

Q3-2016 to Q2 2017

Difference

8-K

49.50%

91.00%

41.50%

4

95.00%

99.20%

4.20%

10-K

46.30%

93.60%

47.30%

10-Q

45.60%

94.80%

49.20%

8-K
4
10-K

48.50%
87.00%
27.00%

85.80%
97.20%
78.10%

37.30%
10.20%
51.10%

10-Q

28.80%

84.30%

55.50%

8-K
4
10-K

70.40%
96.40%
45.40%

94.00%
96.90%
92.10%

23.60%
0.50%
46.70%

10-Q

57.70%

94.90%

37.20%

first 30 days

30 days-1 year

after 1 year
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The median of the share of the total information acquisition attributed to robots for active
listed firms on the major US stock exchanges increased form 67% in the second calendar quarter
of 2008 to 95% in the second calendar quarter of 2017. This indicates that even for visible stock
listed firms, most financial information on the SEC EDGAR database is not directly requested
by humans but by automated algorithms. As displayed in Figure 10, the top quartile of the share
of total information acquisition attributed to robots for active listed firms on the major US stock
exchanges increased only from 86% to 97% from the second calendar quarter of 2007 to the
second calendar quarter of 2017. This shows that, in relative terms, the automated information
acquisition changed primarily for firms at the lower end, while the automated information
acquisition at the top end on a firm day level changed only marginally. This could be a possible
setting for analyzing the effects of automated information acquisition on market outcomes. The
firms at the top end of the share of automated information acquisition could serve as a control
group for the firms at the lower end of the share of automated information acquisition, which
experienced a much stronger increase in automated information acquisition.
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Figure 10 – Automated information acquisition for listed firms
This graph depicts the Median, the upper and lower quartile of the ratio of robot to total clicks on the SEC EDGAR
database. Only firms with actively traded equity on the New York Stock Exchange, the NASDAQ Stock Market
and the American Stock Exchange are considered in this graph. Robots are identified in accordance with Drake et
al. (2015). The presented values are on a daily basis, only including working days (Monday to Friday). The graph
is using local polynomial smoothing to focus on trends and displays the 95% confidence interval (grey area).

Information acquisition behavior of robots might provide novel insights if the information
acquisition behavior of humans and robots is not identical. Table 5 displays the regressions of
the natural logarithm of the number of daily clicks plus one of humans and identified robots on
covariates identified in prior literature to be correlated with human information acquisition
(Drake et al., 2015) as well as Key Events from Thomson Reuters and Earnings Announcements
form I|B|E|S. The covariates following Drake et al. (2015) are extracted from Compustat and
CRSP. Analyzing the Shorrocks-Shapely decomposition of the within R-squared contribution
of the variables, shows that the market value of equity, the number of analysts forecasting the
fiscal year and Share Turnover are having the highest contribution to the explanatory power of
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the regressions for both, human and robot clicks. Share Turnover and the market value of equity
are positively associated with the information acquisition of humans and robots.
Table 5 – Human and Robot Information Acquisition
This table displays the regressions of the natural logarithm +1 of the daily number of human and the daily number
of robot clicks on the SEC EDGAR database and the share of robot to total clicks. Further, a Shorrocks-Shapely
decomposition of the within R-squared contribution of the variables is performed and the difference of the
coefficients of the human and robot clicks is tested. ***,** and * indicate significance at the 1%, 5% and 10%
levels, respectively. Robust Standard Errors are clustered by firm.
(1)

Variables

Ln(Human)

Turnover

0.181***
(0.004)
0.253***
(0.005)
-0.515***
(0.015)
0.004
(0.007)
0.053***
(0.010)
0.193***
(0.022)
0.454***
(0.104)
0.491***
(0.006)
0.348***
(0.009)

Market Value
Abn. Return
Analysts
BtM
Leverage
Short Interrest
EA
Key Event

Year FE
Observations
R²
R² (adj.)
within R² (adj.)

ShorrocksShapley
decomposition
of R²
13.30%
55.98%
0.03%
17.06%
1.87%
1.12%
3.22%
1.35%
6.06%

(2)

Ln(Robot)
0.082***
(0.003)
0.201***
(0.004)
-0.052***
(0.015)
0.046***
(0.006)
0.074***
(0.008)
0.248***
(0.019)
0.161**
(0.081)
0.473***
(0.007)
0.258***
(0.008)

ShorrocksShapley
decomposition
of R²

Diff. between
(3)
(1) and (2)
Stat.
Diff. sign. Robot/Total

6.89%

-0.099

***

58.33%

-0.052

***

0.01%

0.463

***

21.34%

0.042

***

1.62%

0.021

**

2.53%

0.055

**

1.88%

-0.293

***

1.81%

-0.018

***

5.89%

-0.090

***

-0.013***
(0.001)
-0.007***
(0.001)
0.066***
(0.003)
0.008***
(0.001)
0.002**
(0.001)
0.008***
(0.003)
-0.000
(0.013)
0.002***
(0.001)
-0.009***
(0.001)

Yes

Yes

Yes

8,184,923
0.480
0.480
0.340

8,184,923
0.642
0.642
0.191

8,184,923
0.250
0.250
0.010

Analyzing the difference between the coefficients of the regressions of human and robot
clicks shows that the association between share turnover and market value with information
acquisition on the SEC EDGAR database is stronger for humans compared to robots. This can
further be found by regressing the share of requests from robots to the total number of requests
on the SEC EDGAR database. These regressions clearly indicate, that human and robot
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information acquisition on the SEC EDGAR database are not sharing the same magnitude of
the association with the covariates. This indicates, that human and robot clicks are mostly driven
by similar reasoning, but not with the same magnitude.
To deliver further insights into the users of robots on the SEC EDGAR database, I replace
the last anonymized octet of the IP address in the SEC EDGAR server log files with the actual
last octet, as identified by Chen et al. (2018). I then link the IP addresses to the identified owners
of the IP addresses on the ARIN database, and manually classify the users into Internet
Providers, Cloud Hosts and Internet Solution providers, Research Institutions, Business Users
and Information Intermediaries. I classify the largest 378 users, which make up 95 % of all the
automated information acquisition on the SEC EDGAR database from July 2006 to June 2017.
It is not possible to identify the final users who are behind the information acquisition on the
SEC EDGAR database using IPs of Internet Providers, Cloud Hosts and Internet Solution
Providers and their possible reason for the disclosure acquisition.
Figure 11 depicts the share of the identified robot clicks, which were tied back to the
owners of the IP addresses. Of these approx. 9.5 billion identified robot clicks, more than 46 %
are linked to Cloud Hosts and Internet Service Providers (e.g., Amazon, Google and Microsoft)
and 36 % are traced back to Internet Providers (e.g., Time Warner Cable and Comcast Cable
Communications). More than 9% of the identified robot clicks can be traced back to business
users of the SEC EDGAR database (e.g., Wells Frago, Two Sigma Investment and Maverick
Capital) and the SEC itself and 3% can be traced back to information intermediaries (e.g.,
Yahoo! and the Dow Jones & Company). Further, 9% of the robot activity on the SEC EDGAR
database can be directly linked to research institutions (e.g., the Colombia University and the
University of Utah). This wide variety of users of the SEC EDGAR database using robots to
acquire information, especially of Financial Institutions and Intermediaries implies that the
information of these robots might have impacts on the decision making process of investors of
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listed firms and that not all robot users of the SEC EDGAR database use the firm level
disclosure agnostically. Table 6 displays the ten individual entities acquiring the most filings
from the SEC EDGAR database using robots of each category and the share of the robot
information acquired of these entities in this category. Table 6 Panel A displays for example
the concentration of the robot information acquisition through cloud services. IP addresses
associated with the cloud computing providers Amazon, Google and Microsoft make up 59%
of all the information acquisition by robots on the SEC EDGAR database of cloud providers
and internet service providers.
Figure 11 – Robot user groups
This graph depicts the relative share of the five SEC EDGAR user categories, into which the robot clicks on the
SEC EDGAR database are attributable.
Business
5%

Intermediary
4%

Research
9%
Internet Provider
36%

Cloud Host /
Internet Solutions
46%

If all robots are guided by the same economic basics, then the association between
covariates of clicks on the SEC EDGAR database by robots attributed to Business users and
Research users of the SEC EDGAR database should not differ. The information acquisition of
Business users, like e.g. Wells Fargo, might be more influenced by market outcomes than the
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information acquisition by Research institutions, which require SEC EDGAR filings to perform
research.
Table 6 – Largest single users of Robots
This table displays the 10 largest single robot users per group. The users are identified by linking their IP addresses
to single identifiable entities. The table displays the number of robot filing requests in millions and the relative
share of requests, the single user has in its’ user group.
Panel A - Cloud Host / Internet Solutions
User
1
2
3
4
5
6
7
8
9
10

Amazon.com
Google
Microsoft Corporation
SoftLayer Technologies
DigitalOcean
CariNet
Hurricane Electric
YANDEX LLC
Wowrack.com
RCN
Panel B - Internet Providers
User

1
2
3
4
5
6
7
8
9
10

Time Warner Cable Internet
Comcast Cable Communications
Verizon Business
1&1 Internet
AT&T Services
Rackspace
Oxford Networks
Cox Communications
Zayo Bandwidth
Cogent Communications
Panel C - Research Network
User

1
2
3
4
5
6
7
8
9
10

Columbia University
University of Utah
National Taiwan University
Verein zur Förderung eines deutschen Forschungsnetzes
Consortium GARR
University of Georgia
Jisc Services Limited
Monash University
Merit Network
University of Notre Dame

Robots in mil.

Rel share

1,450
712
451
160
159
96
83
74
63
61

33%
16%
10%
4%
4%
2%
2%
2%
1%
1%

Robots in mil.

Rel. share

400
393
319
196
183
124
122
120
90
69

12%
12%
9%
6%
5%
4%
4%
4%
3%
2%

Robots in mil.

Rel. share

105
49
39
38
26
25
22
20
20
17

12%
6%
5%
4%
3%
3%
3%
2%
2%
2%
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Panel D - Business
User
1
2
3
4
5
6
7
8
9
10

Wells Fargo & Company
TWO SIGMA INVESTMENTS
Maverick Capital
U.S. Securities & Exchange Commission
Deloitte Services
Fidelity Investments
Millennium Partners
The Goldman Sachs Group
Citadel Investment Group
Ernst & Young
Panel E - Intermediaries
User

1
2
3
4
5
6
7
8
9
10

Yahoo!
Dow Jones & Company
Runtime Collective Limited
Moody's Investors Service
Bloomberg
R.R. Donnelley and Sons
William O'Neil & Company
Thomson Reuters U.S.
Internet Archive
ComMetric

Robots in mil.

Rel. share

132
38
36
31
21
19
16
15
15
14

26%
7%
7%
6%
4%
4%
3%
3%
3%
3%

Robots in mil.

Rel. share

224
26
12
11
7
6
6
5
5
4

69%
8%
4%
3%
2%
2%
2%
2%
1%
1%

Comparing the covariate coefficients of regressions of covariates on robot clicks by
business and research users in Table 7 shows for all covariates, except for the Book to Market
ratio, that the covariates have a lower association with the information acquisition on the SEC
EDGAR database by robots. This indicates that robot information acquisition from Business
users of the SEC EDGAR database is not randomly collecting filings, but rather does so with a
possible economic reasoning behind it. This provides further evidence, that automated
information acquisition is not solely agnostic and varies between different user groups.
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Table 7 – Business and Research Robot usage of EDGAR
This table displays the regressions of the natural logarithm +1 of the daily number of robot clicks of IPs attributed
to business users of the SEC EDGAR database and IPs attributed to research users of the SEC EDGAR database.
The difference of the coefficients of the robot clicks belonging to the two different user groups is tested. ***,**
and * indicate significance at the 1%, 5% and 10% levels, respectively. Robust Standard Errors are clustered by
firm.
Variables
Turnover
Market Value
Abn. Return
Analysts
BtM
Leverage
Short Interrest
EA
Key Event

Year FE
Observations
R²
R² (adj.)
within R² (adj.)

(1)
ln(Business)

(2)
ln(Research)

0.092***
(0.003)
0.202***
(0.003)
-0.156***
(0.016)
0.022***
(0.004)
0.043***
(0.007)
0.230***
(0.014)
-0.275***
(0.074)
0.714***
(0.009)
0.306***
(0.008)

-0.010
(0.010)
0.097***
(0.014)
-0.038
(0.061)
0.017
(0.014)
0.058***
(0.017)
0.133***
(0.032)
-0.041
(0.133)
-0.011
(0.049)
0.038***
(0.010)

Yes

Yes

8,184,923
0.337
0.337
0.128

8,184,923
0.379
0.379
0.026

Diff. between (1) and (2)
Diff.
Stat. Sign.
-0.102

***

-0.105

***

0.118

***

-0.005
0.015

**

-0.097

***

0.234

***

-0.725

***

-0.268

***

To rule out that the automated information acquisition is driven by the general increase in
digitalization, the previous regressions contain year fixed effects. Another trend, which is
observable in the last few years on the capital markets is algorithmic trading (Hendershott et
al., 2011). To demonstrate that the information acquisition of human and robot users on the
SEC EDGAR database is not solely driven by the increase in digitalization, I include the
average index of the deciles of the four proxies of algorithmic trading as proposed by Weller
(2018). The sample size decreases, because these proxies are only available for the years 2012
to 2017. The within R-squared contribution of the algorithmic trading for information
acquisition of human (robot) users is only 4.53% (0.54%). This indicates, that the effect of the
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increased information efficiency of capital markets is not solely explaining the information
acquisition by humans and especially automated information acquisition. The finding in Table
8, that the coefficient of information acquisition and algorithmic trading is negative is in
accordance with Stephan (2019), showing that automated trading crowds out private
information acquisition. This difference between the association of human and automated
information acquisition and algorithmic trading might provide a basis for future research. The
coefficients of the covariates statistically change in magnitude, but the signs and the statistical
significance do not change. Therefore, I conclude that technological trends which effect
algorithmic trading do not solely explain the information acquisition.
Automated information acquisition activity on the SEC EDGAR website might provide
a fruitful ground for future research and might provide novel insights, especially since it is
neglected in most of the prior literature. There are several reasons for this: First, robot activity
is costly and therefore the algorithm behind a robot designed by a human to acquire information
must be intelligent. The costs of automated information acquisition arise from the human
programming effort necessary to generate the web crawlers and from the costs of setting up and
maintaining the hardware. For example, many funds face short-sale or liquidity restrictions and
therefore would focus on acquiring financial information on firms populating the long leg of
trading strategies or firms with high liquidity. Accordingly, if robot clicks reveal automated
information acquisition, they are likely to unfold additional economic effects truncated by prior
literature such as contributing to the speed at which information is impounded into prices.
Second, even if robots were agnostic and just harvested the database universe, the harvesting is
likely to be part of a process of data dissemination and analysis through other media (e.g.,
Bloomberg and Yahoo! Finance), improving the overall information environment. In the
literature, however, little is known about the “intelligence” of robot information requests and
whether they play these economic roles.
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Table 8 – Algorithmic trading and EDGAR
This table displays the regressions of the natural logarithm +1 of the daily number of human and the daily number
of robot clicks on the SEC EDGAR database and the share of robot to total clicks. Further, a Shorrocks-Shapely
decomposition of the within R-squared contribution of the variables is performed and the difference of the
coefficients with and without the algorithm index is tested. ***,** and * indicate significance at the 1%, 5% and
10% levels, respectively. Robust Standard Errors are clustered by firm.
(1)

Variables

Diff. between
(1) and (2)
Stat.
Ln(Human) Ln(Human) Diff.
sign.

Algo Index
Turnover
Market Value
Abn. Return
Analysts
BtM
Leverage
Short Interrest
EA
Key Event

Year FE

0.178***
(0.005)
0.261***
(0.006)
-0.575***
(0.023)
0.009
(0.007)
0.028**
(0.013)
0.162***
(0.026)
0.815***
(0.120)
0.493***
(0.006)
0.324***
(0.011)
Yes

(2)

-0.068***
(0.003)
0.128***
(0.005)
0.280***
(0.006)
-0.516***
(0.022)
0.010
(0.007)
0.030**
(0.012)
0.142***
(0.024)
0.794***
(0.116)
0.446***
(0.007)
0.285***
(0.009)
Yes

Observations
3,978,214 3,978,214
R²
0.397
0.416
R² (adj.)
0.359
0.379
within R² (adj.)
0.397
0.416
Observations
0.359
0.379
Relative R-Squared Contributions:
Sharrocks-Shapely
decomposition:
within R²
Algo Index
4.53%
Covariates
95.47%

-0.050

***

0.019

***

0.059

***

0.001
0.002
-0.020

***

-0.021
-0.047

***

-0.039

***

(3)

(4)

Ln(Robot)

Ln(Robot)

0.067***
(0.004)
0.196***
(0.005)
-0.118***
(0.022)
0.043***
(0.007)
0.065***
(0.012)
0.211***
(0.025)
-0.018
(0.108)
0.520***
(0.008)
0.231***
(0.008)

-0.009***
(0.002)
0.061***
(0.004)
0.198***
(0.005)
-0.110***
(0.022)
0.043***
(0.007)
0.066***
(0.012)
0.208***
(0.025)
-0.021
(0.108)
0.514***
(0.008)
0.226***
(0.008)

Yes

Yes

3,978,214
0.344
0.226
0.344
0.226

3,978,214
0.345
0.226
0.345
0.226

Diff. between
(3) and (4)
Stat.
Diff.
sign.

-0.006

***

0.002

***

0.008

***

0.000
0.001
-0.003

**

-0.003
-0.006

***

-0.005

***

within R²
0.54%
99.46%
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Furthermore, mandatory disclosure is often motivated by the desire to strengthen the
market-wide information environment (e.g., Leuz and Wysocki, 2008). Prior literature only
informed policy-makers and standard setters about the demand for mandatory disclosures by
humans, which represent the vast minority of requests. This research can inform policy-makers
and standard setter on an unexplored group requesting financial reporting information. This
group is not collecting information by hand anymore but is rather using sophisticated automated
methods. Therefore, information about this group requesting huge amounts of data should be
also considered, to understand better the channel through which mandatory disclosures improve
the information environment. Finally, with high frequency / automated trading on the capital
markets (Hendershott et al. 2011) and automated journalism (Blankespoor et al. 2018)
increasing sharply during the last decades, it is also important to evaluate how automated
programs acquire information, who controls these information gathering robots, and, as
indicated above, how they affect a firm’s as well as the market-wide information environment.
After focusing on the financial statement user group of robots, I briefly want to mention
further user groups which might have an unexplored potential for future research. In the
literature review, I identified two papers analyzing auditors. The following paper might provide
additional evidence into the role of the auditor, especially the independence of the auditor on
the usefulness of disclosure. On the one hand, voluntary auditor changes increase the
information risk, as perceived by the private loan markets (Francis et al., 2017) and are further
associated with lower audit quality in the first year of the new auditor (Cassel et al., 2017). This
association is especially strong if the auditor change is close to the year-end (Pacheco-Paredes
et al., 2017). On the other hand, regulators associate long lasting auditor client relationships
with a reduction in audit quality (Cameran et al., 2015), which could lead to the expectation,
that financial reporting information presented after the auditor change could be more useful to
stakeholders of the firm. The SEC EDGAR log files present the opportunity to analyze whether
62

financial reporting information audited by the new auditor is less useful to capital markets by
directly observing the information acquisition by shareholders.
Although investors constitute an already well-researched user group of the SEC EDGAR
database, I see potential for future research of this important group. He and Manela (2016)
show, in a theoretical model, that private information acquisition exposes banks (which are
otherwise liquid) to destructive bank runs. Using financial reporting information on the SEC
EDGAR database as a noisy signal for the solvency of the bank, researchers could examine
whether large bank deposit withdrawals of otherwise liquid banks can be related to prior
information acquisition. Additional tests can further examine the quantity and quality of
endogenous information provided by the banks in the financial reporting information and
whether this mitigates the effect of information acquisition on deposit withdrawals.
Another possible research idea could be to analyze the information acquisition of
investors under the perspective of limited attention of investors. Analyzing the role of investor
attention in the market absorption of information, Da et al. (2014), confirm the so called “frog
in the pan” hypothesis that investors underreact to small quantities of information compared to
the same information being delivered in one occasion. This phenomenon is based on the
theoretical work of Hirshleifer and Teoh (2003), Sims (2003) and Peng and Xiong (2006) that
limited attention can influence asset prices. Using the information acquisition around
management forecast changes could provide direct insights into the information acquisition
behavior and therefore the attention of investors. A possible contribution to the finance and
accounting literature could be to demonstrate which investors drive this under reaction. Hence,
conclusions about investor groups profiting could be enabled. By comparing the information
acquisition and the attention of investors on the SEC EDGAR database (as a proxy for
sophisticated investor attention) and Google Searches (as a proxy for unsophisticated investors
attention), researches could be able to attribute the under-reaction to certain investor groups.
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Further, researchers could use the SEC EDGAR log files to analyze the awareness of
investors to changes in taxation. Tax rate increases lower the expected payoffs for investors,
which therefore reevaluate their share portfolio, before reacting to tax rate changes. For
example, around the dividend and capital gains tax increase in the U.S. in 2013 to 2014
researchers could analyze how investors, which were affected by the tax increase (e.g., taxable
U.S. investors) change their information acquisition compared to investors which are not
affected by the tax rate increase (e.g., tax exempt U.S. or foreign investors which are, even after
the tax rate increase, taxed with a higher effective rate by their home country). This study could
be conducted due to the possibility of the EDGAR log files to provide the opportunity to identify
the information acquisition of financial information by certain investor groups. These examples
of future research using the EDGAR log files are just the tip of the iceberg of interesting
research questions which could be answered by future finance and accounting research using
the vast possibilities which are provided by the EDGAR log files.

2.6

Conclusion

In this paper, I reviewed the usage of the SEC EDGAR log files in the empirical finance
and accounting literature. The first cluster consists of papers providing novel insights into the
information acquisition of users of financial statement information or effects of information
acquisition on the firms providing the disclosure. The second cluster contains papers focusing
on the capital markets, linking information acquisition of capital market participants with
market outcomes. This clustering of the literature is verified by performing automated LDA
topic clustering. The literature review is accompanied by descriptive statistics demonstrating
the increase in information acquisition on EDGAR as well as variations between the users of
the EDGAR and between listed firms.
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After demonstrating the usage of the SEC EDGAR log files in prior literature, the
literature review examined in descriptive analyses the magnitude of automated information
acquisition on EDGAR. The two key conclusions from these analyses are that the importance
of automated information acquisition increased from 2007 to 2017 and that the covariates of
daily human and automated information acquisition on EDGAR are statistically significantly
different, regarding the magnitude, but not in view of the general economic reasoning behind
the information acquisition. This indicates that robots are not agnostically harvesting EDGAR
but are operating with a purpose given by their users. I demonstrated this by showing that the
automated information acquisition by robots, used by research institutions, is less associated
with the covariates compared to the automated information acquisition of business users.
I further argued that the information acquisition is costly for the parties using the robots,
which therefore expect a profit from this (costly) information acquisition. Additionally, the
information acquired by robots is further used by information intermediaries (e.g., Bloomberg
and Yahoo! Finance) to improve the overall market environment. Therefore, I encourage future
literature to conduct more research into the capital market effects of automated information
acquisition.
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3

“503 Service Unavailable”: When Acquiring Information Goes Wrong6
3.1

Introduction

Capital market participants increasingly rely on data from the “cloud” in their decisionmaking (e.g., Bloomberg, 2019). A key data input from the “cloud” is the information
disseminated by publicly listed firms through the SEC’s platform EDGAR now fulfilling, on
average, 9.3m daily requests for information (relative to 0.4m requests ten years ago).
Increasing reliance on such data spurs concerns over data security and availability. While
attacks on EDGAR and other newswires to gain information have recently been uncovered
(Akey et al. 2019), we focus on unexpected server outages that prevent investors from acquiring
information through EDGAR. Outside capital markets, prior papers have documented that
outages are costly especially because of contagion (e.g., Gunawi et al., 2016). A recent outage
of the NYSE, however, reportedly had minor effects because of investors’ ability to switch to
other exchanges.7 Hence, with alternative information sources abound, it is unclear how costly
outages that impair investors’ information acquisition are.
This issue is important to examine because one of the primary goals of the SEC with its
platform EDGAR is to “to level the playing field for all investors [by] providing investors with
timely access to information they need to make investment decisions” (SEC 2002).
Accordingly, we examine whether the inability to access public information affects the level
playing field, which we capture with liquidity. We choose liquidity for two reasons. First, in
theory with endogenous information acquisition, only liquidity is monotonically decreasing
with less public information (since this increases adverse selection risk; Goldstein and Yang,
2017). Second, changes in public information quickly map into changes in liquidity, which is

6

This chapter is based on Heilig, M. and Müller, M. (2019): ““503 Service Unavailable”: When Acquiring
Information Goes Wrong”. Unpublished Working Paper.
7
For example, the resiliency of the overall trading system is discussed at
https://www.businessinsider.com/new-york-stock-exchange-outage-was-a-good-thing-2015-7?IR=T
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observable at high frequency (Christensen et al. 2016). Hence, in line with prior literature, we
use both the bid-ask spread as well as Amihud’s (2002) measure of illiquidity.
To shed light on how the inability to access public information affects liquidity, we exploit
a unique event occurring in April 2017 that resulted in a large-scale, unexpected server outage
of EDGAR. The SEC has made the log files containing all requests from 2003 – 2017 available.
We depart from prior literature exploiting this data by focusing on requests that resulted in
errors because of an outage of the server to fulfil the request as opposed to deleting these
requests in the sample selection (e.g., Drake et al., 2015; Ryans, 2017; Loughran and
McDonald, 2017). On a typical day, almost all requests (i.e., more than 99%) are fulfilled
indicating a very high availability and reliability of EDGAR. This raw statistic also implies that,
based on the past, downtime or server outage risk is very low. On April 24 2017, however, the
median share of erroneous requests during regular trading hours was 82.5%. Interestingly, the
outage did not affect all firms similarly with error shares (the share of erroneous requests to
total requests) ranging from 68.5% at the 10th percentile to 90.2% at the 90th percentile in our
sample of firms traded on major stock exchanges (NYSE, NASDAQ, and AmEx). While
constituting a rare event, this event provides us with a unique opportunity to study the economic
consequence of downtime or server outage risk when it materializes.8
To speak to this issue, ideally, we would want to compare the liquidity of a firm where
investors request information and either get it or do not. Hence, to speak to this issue by
exploiting this event, we rely on two assumptions. First, even though firms experience different
error shares, they are otherwise similar. Second, even though there is a server outage, we still
observe all requests that would have happened absent the outage (or, at least, that any
unobserved requests do not differ between high and low error share firms).

8

We also note that based on what is observable, it appears unlikely that the server outage is the result of a
deliberate denial-of-service attack, which would make the outage endogenous to certain events, which hackers
could have wanted to exploit.
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To assess the first assumption, we examine the covariates of the error share at the firm level
on April 24. Ex ante, we have little reason to believe that the SEC has implemented a rule which
would prioritize access to certain filings or firms if a server outage occurs (in a way that a
hospital may prioritize intensive care patients). While we find some differences between firms
with high vs. low error shares, we note that they are relatively small (e.g., a 100% higher market
cap is associated with a 1.4% lower error share). With respect to the second assumption, we
note that the number of requests (erroneous and successful ones) drops upon the event inducing
measurement error or, potentially, bias in observed error shares (erroneous over total requests).
While we note that error shares, if anything, are only marginally higher for firms with more
observed clicks, we try to mitigate any bias9 through several research design choices.
To improve upon both issues, the similarity of firms with different error shares and the
observability of requests in the error share variable, our research design has three noteworthy
features. First, using both twentyfive trading days prior to and after the event, we include both
firm and day fixed effects and control for total requests. This controls for any differences in the
abnormality in the number of measured requests on the day of the server outage. Second, to
further mitigate the impact of any measurement error, we estimate many of our analyses using
a binary variable that separates the sample into firms experiencing an error share above vis-àvis below the median. This transformation implies that minor differences in error shares
attributable to unobserved requests would not constitute identifying variation. Third, using this
binary variable, to improve covariate balance between firms with a high versus low error share,
we follow the recommendation in Atanasov and Black (2016) and employ several preprocessing
methods such as propensity score matching, coarsened exact matching, and entropy balancing.

9

For example, upon experiencing an outage, users of firms with higher uncertainty may be more likely to
try requesting the information again, leading to more observed requests and, potentially, higher error shares.
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We also use non-bipartite matching, which we implement by separating the sample into
quintiles and matching across these, as in Armstrong et al. (2010).
Our preferred specification, which combines a difference-in-differences design with
entropy balancing, tests for whether firms with a high share of erroneous requests upon the
server outage on April 24 have wider bid-ask spreads relative to both their spread levels pre and
post April 24 and firms on April 24 with a low share of erroneous requests. We find that firms
with a high error share have bid-ask spreads that are wider by 2.9%. We find comparable
magnitudes employing the other data preprocessing methods as well as when using the
continuous error share variable. These results suggest that a higher exposure to the server outage
occurring on April 24 is associated with an increase in information asymmetry.
To shed more light on whether this association likely permits a causal interpretation, we
conduct several additional analyses. First, we perform a lead-lag-analysis. Confirming our
analyses assessing the covariate balance, we find that there are no spread differences between
firms that experience a high vis-à-vis low error share on April 24 prior to the event. In turn, this
result suggests that the server outage was unanticipated (and not pre-announced as we confirm
by going through the SEC’s maintenance announcements10). We also find that the impact of the
server outage on April 24 on liquidity is likely short-lived consistent with the empirical fact that
there were no outages on the next trading day and the EDGAR system was running mostly
smoothly.
Second, as expected, we find stronger differences in spreads between firms with a high visà-vis low error share (determined at the median error share) if we exclude the second and third
quartiles. Third, our measure of liquidity, the bid-ask spread, suffers from the potential
limitation that it is measured as of the end-of-trading. While we show the server outage was

10

These maintenance times are pre-announced via https://www.sec.gov/filergroup/announcements
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prevalent during that time, we corroborate our results using the end-of-day spread in two ways.
For one, we replicate our finding of a wider spread for firms with a high error share using
Amihud’s (2002) measure of illiquidity (comparing the daily absolute return to dollar trading
volume). For another, we exploit differences in firms’ intraday exposure to the server outage.
We find that firms with high error shares occurring in the second half of the trading day affect
liquidity more negatively than high error shares occurring in the first half of the trading day.
This result provides some confidence that our analyses do pick up an effect on liquidity rooted
in the server outage as opposed to some correlated omitted variable.
Further, we examine heterogeneity in how the server outage affects liquidity using crosssectional differences across firms. These analyses serve to complement our previously
described analyses that gauge the causal interpretation of our main result. Our analyses so far
are agnostic about who is trying and failing to acquire information from EDGAR. Using
information from Chen et al. (2019), we identify requests that originate from funds and financial
institutions. We would expect an outage to have a stronger impact on spreads if these arguably
more sophisticated market participants constitute a higher share of the requests for two reasons.
First, these capital market participants likely are large enough to have a meaningful influence
on the spread. To the extent, the impaired access to information makes them more reluctant to
trade aggressively against noise traders, this would impair liquidity (see, e.g., Goldstein and
Yang 2017). Second, information asymmetry between sophisticated and unsophisticated
investors likely increases since sophisticated investors can more easily switch to other,
potentially proprietary sources (e.g., Kelly and Ljungqvist, 2012). While we cannot tie down
the specific source, we do find that firms’ liquidity is more adversely affected if they suffer
from high server outage exposure and have a high share of requests originating from funds and
financial institutions.
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An alternative way to split the observable requests for information through EDGAR is to
classify whether a request is likely algorithmic in nature.11 Several factors lead us to depart
from prior literature that regularly excludes such requests. Algorithmic requests constitute
roughly 96 % of daily requests on average and are positively correlated both with requests from
sophisticated investors and non-algorithmic requests. Finally, Allee et al. (2018) show that the
“scriptability” of information on EDGAR improves price efficiency indicating that algorithmic
requests likely are economically meaningful. Accordingly, we find that the liquidity of firms
with a higher share of algorithmic requests is more adversely affected by a high error share as
a result of the server outage. This result indicates that algorithmic information acquisition
strategies suffer more strongly from the server outage, potentially because it is harder to switch
to alternative information sources (unless an algorithm anticipates server outages).
For a similar reason, we also examine whether the server outage affects liquidity more
adversely for firms with a weaker information environment, where alternative information
sources are less prevalent. As expected, we find that the server outage affects firms’ liquidity
more adversely when they have low analyst coverage (e.g., Balakrishnan et al. 2014) or when,
relative to their market cap, information on EDGAR has higher importance. Finally, we find
that the server outage affects firms more adversely when investors are trying to acquire more
recent information through EDGAR. Both results illustrate that the server outage is more costly
when public information is likely not redundant because there are fewer substitutes or because
the information is not yet fully impounded into prices.
In our final set of analyses, we focus on significantly smaller EDGAR server outages. First,
we identify four isolated outages affecting multiple firms, but to a much smaller extent. Second,
we analyze the general association of the share of erroneous requests and liquidity in a sample

11

Prior literature labels requests that originate from the same IP address that also requests many other
filings on the same day as originating from crawlers or robots (e.g., Ryans 2017).

71

containing listed firms from 2012 up to the second quarter of 2017. While directionally
consistent with our earlier results, we do not find a statistically significant relation between the
error share and liquidity. This might be due to the low and thus economically insignificant
average error shares observed outside our main event on April 24, 2017. Second, Goldstein and
Yang (2017) show a non-linear concave positive relation between publicly available disclosure
and liquidity (consistent with decreasing marginal benefits of disclosure to mitigate adverse
selection discounts, e.g., Breuer et al., 2019), implying that small errors will have a smaller
marginal effect on liquidity than large errors.
Taken together, our results contribute to the literature that examines how public information
affects financial market outcomes. While prior papers have established the causal effect from a
permanent shift in public information to liquidity (e.g., Kelly and Ljungqvist, 2012), our paper
examines the temporary unavailability of public information which we know investors wanted
to acquire, which is an issue that has only recently become relevant as market participants
increasingly use and depend on the “cloud”.
Since the information in EDGAR could plausibly be irrelevant because of alternative
information sources or because it is stale, showing that liquidity worsens when EDGAR is
temporarily unavailable has two implications. For one, on a regular basis, the SEC’s EDGAR
platform improves market liquidity by leveling the playing field (contributing to early papers
on the introduction of EDGAR, e.g., Asthana et al. 2004). For another, especially algorithmic
information acquisition strategies appear not yet flexible enough to fully compensate for the
outage of a particular data source (contributing to a nascent literature that examines the
algorithmic processing of financial information, e.g., Allee et al., 2018, and its implication for
processing costs, e.g., Blankespoor et al. 2019, papers that study how frictions in information
dissemination affect market outcomes, e.g., Akbas et al., 2018; Rogers et al., 2017). A natural
caveat to these implications, however, relates to the fact that we study a single (and rare) event.
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The paper proceeds as follows. While Section 2 provides institutional background and
reviews related literature, Section 3 details our data and Section 4 presents our empirical
strategy. Section 5 presents results and Section 6 concludes.
3.2

Institutional Background and Literature Review

The SEC EDGAR (acronym for Electronic Data Gathering, Analysis, and Retrieval
system) system provides a platform enabling interested parties to access all mandated SEC
filings containing information deemed relevant for investors (e.g., quarterly reports) of mainly
publicly listed firms since 1996. The SEC introduced EDGAR because it recognized “the vital
role of the Internet and electronic communications in modernizing the disclosure system under
the federal securities laws and in promoting transparency, liquidity and efﬁciency in our trading
markets” (SEC 2008, p. 6).
Users requesting disclosure from EDGAR send a request using a client to the EDGAR
server. EDGAR is open to automated information acquisition and adopts technology and
interfaces facilitating such algorithmic requests (as evidenced, e.g., by introducing XBRL,
which decreased the information processing costs, Blankespoor et al. 2014). The server running
the necessary programs and databases necessary for maintaining EDGAR responds with an http
response status code12 that indicates whether the request was successful or not. This interaction
between the user, using a client, and the server is recorded in server log files, which keep records
of all filing requests on the SEC EDGAR website. If the requested information is provided to
the user, this is normally recorded in the log files with http status code 200 (“OK”) or other
codes starting with 2 followed by two other digits (in short: 2xx). If the SEC EDGAR server
has technical difficulties to provide the requested information, the client does not receive the
requested filing and this issue is normally recorded with status code code 503 (“Service
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Unavailable”) or other codes starting with 5xx. Those are the erroneous requests we exploit. If
the server is running smoothly but the user makes a bad request (e.g., tries to access a filing
using an erroneous file address), the server would normally respond with, e.g., code 404 (“Not
Found”) or other codes starting with 4xx.
Server outages have been examined in other contexts by prior literature. The consensus is
that outages are costly. For example, Anthony et al. (2006) document significantly negative
market reactions upon website outages of e-commerce firms. Gunawi et al. (2016), in their
analysis of 597 unexpected cloud outages collect several anecdotes of server outages with large
costs due to contagion (e.g., a power failure at Google reportedly led to a drop in internet traffic
of 40%). The reasons for cloud outages are diverse ranging from issues during upgrades, broken
hardware, to software errors.
Cloud computing, that is, “using a network of remote servers hosted on the Internet to store,
manage, and process data, rather than a local server” (Lexico) is especially important in capital
markets and financial institutions more broadly, for example, since these institutions have
adopted cloud computing in core areas of their business model to improve flexibility and reduce
operating leverage (e.g., Accenture, 2017; Infosys 2018; Boston Consulting Group 2019). At
the same time, industry experts highlight significant operational risks related to the reliance on
the cloud in all process steps due to security issues and potential outages (e.g., Cognizant 2014;
Bain 2018).
EDGAR is a key data input for capital markets and financial institutions from the cloud as
is evidenced by their frequent and direct accessing of EDGAR, which prior literature links to
market outcomes (e.g., Crane et al. 2018; Chen at al. 2019). Early papers analyzing the
implementation of EDGAR show the advantages of providing disclosure in the cloud due to
improved information dissemination (Qi et al., 2001), which decreases the differences between
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small and large investors (Asthana et al., 2004), resulting in stronger capital market responses
(Asthana and Balsam, 2001).
More recent papers exploiting the server log files, such as Li et al. (2019) and Drake et al.
(2015), show that increased investor attention, measured as filing requests on EDGAR around
an earnings announcement, significantly reduce the post-earnings announcement drift. Further,
Drake et al. (2019) show that information acquisition on EDGAR by institutional investors is a
leading indicator of their equity holdings, thereby indicating that information on EDGAR is
especially useful for institutional investors when trading against noise traders. At the same time,
even old information can become useful and is frequently accessed. For example, Drake et al.
(2016) show that investors use old information on EDGAR to provide context for new
information.
Taken together, the evidence suggests that EDGAR is an integral part in investors’ decisionmaking process, but it is an open question how strongly that process would be affected if
EDGAR experienced a server outage. Anecdotal evidence suggests that capital markets have
shown strong resilience to server outages that more directly affect trading: An erroneous update
on the NYSE’s trading system led to a trading halt for roughly four hours, but the effects were
reportedly minor, since stocks could be traded without problems on other exchanges (e.g., Wall
Street Journal, 2015; Business Insider, 2015). In this vein, there are several alternative
information sources market participants regularly use or that could be used instead of EDGAR
in the event of a server outage (e.g., Bloomberg; Refinitiv; etc.), which would mute the effect
of a server outage on market outcomes. For example, prior literature finds that EDGAR
information acquisition is positively correlated with Bloomberg searches (e.g., Ben-Rephael et
al., 2017) and Google searches (e.g., Drake et al., 2015).
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3.3

Data

To gain insights into the requests on the SEC EDGAR server, we use the log files from
the SEC website accessible via https://www.sec.gov/dera/data/edgar-log-file-data-set.html. The
SEC EDGAR server log files record all requests for public filings on the SEC EDGAR database
through the SEC EDGAR website. The log files contain information regarding the fulfillment
of the request by the SEC EDGAR database in the so-called http codes. As previously
described, we analyze http status codes 2xx and 5xx, because these codes clearly identify
whether the requested filing was received (http status code 2xx) or not due to an error
attributable to the EDGAR server (http status code 5xx). We limit our analyses to requests
during regular trading hours (9:30 AM to 4:00 PM Eastern Time) and require all firm-day
observations to have at least ten requests during that time.
Unlike prior literature which excludes algorithmic or automated information acquisition
activity due to the reasoning that “robots” are less likely to be intelligent compared to humans
and less likely to indicate informed information acquisition (Drake et al. 2016, 2015, and Lee
et al. 2015), we include algorithmic requests in our analysis. Since these requests constitute on
average 96%, of all requests, and originate from sophisticated capital markets institutions such
as hedge funds and banks13, we choose to include them. We exploit whether a server outage is
more or less costly for liquidity if a large share of erroneous requests is algorithmic in nature
as opposed to truncating the data with respect to this (on average, dominant) information
acquisition form.
We gather additional firm specific information from standard sources such as CRSP, IBES,
Capital IQ S&P Key Developments, and WRDS SEC Analytics. We limit our sample to firms
traded on major stock exchanges (NYSE, NASDAQ, and AmEx).

13

Drake et al. (2019) explicitly include algorithmic information acquisition when analyzing the information
acquisition by financial institutions, because these institutions perform targeted searches on a larger scale than
retail users using robots.
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3.4

Empirical strategy

To test for how an outage of the SEC’s EDGAR system affects firms’ liquidity, we
examine changes in firms’ daily bid-ask spreads in the fifty trading days around April 24, 2017,
which is a strategy comparable to the research design of Hail et al. (2019), who also analyze
the effect of a single event. Our event is the major server outage on April 24, 2017, which we
identify using the server log files (we confirm this date using the downtime information for
www.sec.gov from the website www.currentlydown.com). As we will document below, firms
experience differential exposure to the server outage implying that not all of the requests for
information during regular trading hours were erroneous. Accordingly, we compare firms with
different shares of erroneous to total requests on April 24 while controlling for firm and date
fixed effects as well as confounding firm-date-specific events such as earnings announcements
and other time-varying firm controls in line with prior literature. We estimate the following
ordinary least squares (OLS) regression model:
Ln(Bid-Ask Spreadi,t )= β1 ×Errori,t +

βj ×Controlsi,t +

βl ×Fixed Effects + εi,t

The dependent variable, Bid-Ask Spreadi,t, the difference between bid and ask quotes at
trading day end (divided by the midpoint) for firm i on trading day t. Errori,t, measures the
strength of the SEC EDGAR server error on April 24, 2017 for the firm. The SEC EDGAR
server error is measured by dividing the share of not fulfilled, that is, unsuccessful or erroneous
requests due to server errors (http status code 5xx) by the total requests on that day, i.e., adding
the number of fulfilled or successful requests (http status code 2xx) and unfulfilled requests
(http Code 5xx) on EDGAR for the firm. Errori,t, is used in three different variants: as a
continuous variable (Error Share), as an indicator equal to one if the Error Share is above the
median (High Error), and as a variable separating the Error Share in quintiles (Error Quintile).
We predict that this coefficient is positive, indicating that firms, which receive a higher error
share, have worse liquidity, thus widening the spread.
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Following Balakrishnan et al. (2014), we control for a firm’s lagged Market Value and
Share Turnover. Further, we include events that are likely to trigger EDGAR search activity
and influence market liquidity, i.e., the number of new filings published on a day via EDGAR,
earnings announcements (Drake et al. 2015), and other daily events identified as “key” in the
Thomson Reuters Key Developments database, which captures more than 100 different
important firm events. Fixed Effects contain firm and date fixed effects, implying that we
effectively employ a generalized difference-in-differences framework. That is, we test whether
firms with a high share of erroneous requests upon the server outage on April 24 have wider
bid-ask spreads relative to both their spread levels pre and post April 24 and firms on April 24
with a low share of erroneous requests14. We draw statistical inferences based on two-way
clustered standard errors by firm and trading day. We winsorize all control and dependent
variables used as ratios and all variables which are not log-transformed.
The above specification would allow us to speak to how server outages affect liquidity if
two assumption are valid. First, even though firms experience different error shares, they are
otherwise similar. Second, even though there is a server outage, we still observe all requests
that would have happened absent an outage. We will explore these issues in the following.

14

Our results remain unchanged if we replace date with industry-date fixed effects, which would compare
a high error firm not to all firms with a low error on April 24 but only firms with a low error on that date from the
same industry. The results using Fama-French 48 industry classifications are presented in Appendix Table 3A.
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Table 9 – Descriptive Statistics
This table reports summary statistics for all firm day observations with at least 10 requests on the SEC EDGAR
database per day. The Descriptive statistics are reported in the 25 trading days before and after the SEC EDGAR
server event and on April 24, 2017, the SEC EDGAR server event day. For information on all variables, see
Appendix Table 1A.

Variable
N
Mean
Pre Event (February 17 – April 23, 2017)
84,601
0.006
Bid-Ask Spread
84,601
0.137
ILLIQ
84,601
631.207
Total Requests
84,601
20.497
Market Value
84,601
0.008
Share Turnover
84,601
0.271
# New Filings
84,601
0.113
Key Event
84,601
0.007
Earnings Announcement
74,068
97.625
Trade Size
84,601
0.041
Market Participants
84,601
0.964
Robot
84,601
0.477
Few Analysts
84,601
2.744
Importance
84,601
0.184
Recent

Std. dev.

p25

Median

p75

0.012
0.563
1,208.676
2.121
0.010
1.005
0.317
0.084
49.729
0.041
0.040
0.499
6.904
0.262

0.000
0.000
218
18.978
0.002
0
0
0
70.442
0.010
0.954
0
0.119
0

0.001
0.002
379
20.495
0.005
0
0
0
85.775
0.030
0.977
0
0.462
0

0.005
0.022
682
21.956
0.009
0
0
0
108.695
0.059
0.990
1
1.846
0.302

Event day (April 24, 2017)
Bid-Ask Spread
ILLIQ
Error Share
Total Requests
Market Value
Share Turnover
# New Filings
Key Event
Trade Size
Earnings Announcement
Market Participants
Robot
Few Analysts
Importance
Recent

0.005
0.125
0.806
286.450
20.517
0.008
0.224
0.119
99.304
0.010
0.017
0.937
0.476
1.314
0.214

0.012
0.518
0.010
1,149.653
2.116
0.008
0.850
0.324
49.119
0.097
0.038
0.066
0.499
4.674
0.315

0.000
0.000
0.766
59
19.016
0.003
0
0
73.052
0
0.000
0.906
0
0.034
0

0.001
0.002
0.825
118
20.511
0.005
0
0
87.388
0
0.002
0.959
0
0.144
0

0.005
0.022
0.869
268
21.975
0.010
0
0
109.812
0
0.014
0.989
1
0.670
0.396

0.006
0.136
547.156
20.500
0.008
0.397
0.126
0.033
97.030
0.051
0.960
0.481
2.478
0.234

0.012
0.559
856.243
2.132
0.011
1.190
0.332
0.178
50.935
0.059
0.041
0.500
6.509
0.274

0.000
0.000
192
18.988
0.002
0
0
0
69.353
0.011
0.948
0
0.112
0

0.001
0.002
343
20.503
0.005
0
0
0
85.979
0.034
0.972
0
0.403
0.118

0.005
0.021
613
21.970
0.010
0
0
0
108.580
0.068
0.986
1
1.602
0.418

3,358
3,358
3,358
3,358
3,358
3,358
3,358
3,358
2,951
3,358
3,358
3,358
3,358
3,358
3,358

Post Event (April 25 – June 30, 2017)
85,105
Bid-Ask Spread
85,104
ILLIQ
85,105
Total Requests
85,105
Market Value
85,105
Share Turnover
85,105
# New Filings
85,105
Key Event
85,105
Earnings Announcement
74.412
Trade Size
85,105
Market Participants
85,105
Robot
85,105
Few Analysts
85,104
Importance
85,105
Recent
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3.5
3.5.1

Results

Descriptives of the Server Outage
We begin our empirical analysis by analyzing the share of not fulfilled requests to the

number of fulfilled and unfulfilled requests on the SEC EDGAR database. We define requests
as not fulfilled if the requested information was not provided to an EDGAR user due to an error
attributable to the server (status codes 5xx) as opposed to the user/client (status codes 4xx). We
define fulfilled requests as requests for which the EDGAR user received the requested
information without complications (status codes 2xx). We calculate Error Sharei,t as the ratio
of not fulfilled requests due to a server error of the EDGAR server to the total number of
requests (i.e., the number of fulfilled and unfulfilled requests on EDGAR) on April 24, 2017.
We identified April 24, 2017 as a unique date because it has four opportune features. First,
the error share is abnormally high. Figure 12, Panel A displays the error share on April 24, 2017
compared to the 25 trading days prior to and after April 24 (our sample window) for firms in
our sample and Figure 12, Panel B, displays that April 24, 2017 also stands out relative to all
other days in 2017 (and, as we verify, all other years). Second, the event occurred recently. As
previously mentioned, requests on EDGAR have significantly increased over recent years,
especially algorithmic requests. While EDGAR fulfilled, on average, 0.4m daily requests in
2007, it fulfilled, on average, 9.3m daily requests in 2017.
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Figure 12 – Error Share
Figure 12, Panel A: Average Error Share around April 24, 2017
This graph displays the average share of not fulfilled requests to the total number of requests on a daily level for
listed firms in our sample on the SEC EDGAR database, in a 25 trading days window around April 24, 2017. This
graphs examines only requests during opened capital markets.

Figure 12, Panel B: EDGAR Error Share 2017
This graph displays the share of not fulfilled requests to the total number of requests on a trading day basis on
EDGAR. This graphs examines only requests during opened capital markets.

Third, in Figure 13 we analyze the server outage on April 24, 2017 at the firm level and
show that there is sufficient variation in error exposure across firms. We exploit this variation
in the following analyses.
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Figure 13 – Distribution of the Error Share on April 24, 2017
This graph displays the distribution of the Error Share on April 24, 2017 of 3,358 listed firms. The black line
displays the Median of 82%.

Fourth, Figure 14 presents an intraday analysis of the hourly median, first, and third quartile
error shares. This figure illustrates that the server outage occurred continuously and across most
firms during regular trading hours.
Figure 14 – Intraday distribution of the Error Share on April 24, 2017
This graph displays the median and the lower and upper quartile of the Error Share of listed firm on an hourly
level on the SEC EDGAR database, around April 24, 2017. The graph displays the Error Share during market
hours starting 9:30 am to 4:00 pm.
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The log files we use to identify April 24 also identify one potentially problematic feature of
this event. Figure 15 displays the average number of requests per listed firm on a daily level on
EDGAR around April 24, 2017. While the data reveal that the outage we identify most likely
is not due to a targeted Denial of Service (DoS) Attack (creating an outage by overloading the
server with requests), it is also evident that the number of requests is significantly lower on
April 24. These unobserved requests represent a potential threat to identification. If the lower
number of requests were rooted in a failure to log requests, this would represent measurement
error. But if the experience of an outage crowds out subsequent requests of users (that would
have happened had the first request not been erroneous) and that crowding out is a function of,
e.g., changes in uncertainty of a firm’s value unrelated to the EDGAR outage on April 24, this
would potentially bias our error share variable.
We view a bias through crowding out as less likely to explain the drop in requests because
more than 96% of requests are algorithmic in nature and therefore less likely to adapt their
acquisition strategy to an outage as a function of how strongly the information is needed. Given
the large number of missing requests and the typically large share of algorithmic requests, we
view the biased crowding out explanation as less likely.
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Figure 15 – Total Requests around April 24, 2017
This graph displays the average number of requests per listed firm on a daily level on the SEC EDGAR database,
around April 24, 2017.

However, we take the following additional steps to mitigate concerns related to unobserved
requests. First, as outlined above, we include both firm and day fixed effects and control for
total requests. This controls for any differences in the abnormality in the number of measured
requests on the day of the server outage. Second, to further mitigate the risk of measurement
error, we estimate many of our analyses using a binary variable that separates the sample into
firms experiencing an error share above vis-à-vis below the median. This implies that
differences in unobserved requests across firms that would potentially contaminate the error
share variable (dividing erroneous request by total requests) will have a lower influence in
estimating a relation between changes in spreads and experiencing a relatively high vis-à-vis
low error share. Third, using this binary variable, to improve covariate balance between firms
with a high versus low error share, we follow the recommendation in Atanasov and Black
(2016) and employ several data preprocessing methods as detailed next, when we examine the
covariates of the error share or error dummy variables.
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3.5.2

Covariates of the Error Variables
To examine the similarity of firms with high versus low error shares on April 24, we

regress the Error Share or the High Error dummy variables on established covariates of
liquidity (e.g., Balakrishnan et al., 2014). We further include events that are likely to trigger
EDGAR information acquisition activity and influence market liquidity, like the number of new
filings on EDGAR, earnings announcements (Drake et al. 2015,) and other events classified as
key events by Thomson Reuters in their “Key Developments” database. When we employ the
High Error dummy variable, we employ different preprocessing methods to assess and increase
covariate balance for the later tests (i.e., entropy balancing, propensity score matching, and
coarsened exact matching). In addition, we perform Optimal Non-Bipartite matching, which
generates pairs of observations which are in the most different EDGAR Error Share quintiles
(Error Quintiles), but are closest in covariates. This approach relaxes the underlying constant
functional form assumption between the pair matched error quintiles observations and the
control variables (Armstrong et al., 2010). Following Balakrishnan et al. (2014), we match on
lagged market value and share turnover and additionally on the contemporaneous number of
new filings, the prevalence of a key event, or an earnings announcement. Each matching
procedure is performed at the daily level.
Table 10 presents the results of regressing different error measures capturing firm’s
exposure to the server outage on April 24 on several covariates. All continuous covariates are
standardized to ease interpretation and comparison across regressions. Analyzing the
explanatory power of the regressions, we find that preprocessing the data reduces the ability of
the covariates to explain variation in firm’s exposure to the server outage. Our results indicate,
that some covariates are statistically significantly associated with the SEC EDGAR server error
on April 24, 2017. However, most of the associations (e.g., market cap) are economically small.
Columns (2) to (6) illustrate that the preprocessing methods are very effective in reducing any
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remaining covariate imbalance. An exception is the variable capturing the total requests (Total
Requests), which we deliberately leave out when employing the preprocessing methods, since
we aim to control for variation in unobserved requests using this variable (and as such it could
be affected by the server outage).
Table 10 – Covariates of the Error on April 24
This table presents OLS regression results for the SEC EDGAR error measures used in the respective matching
procedure on covariates, which are associated with liquidity. Regression (2) uses an entropy balanced sample,
regression (3) uses a propensity score matched sample, regression (4) uses a coarsened exact matched sample and
regression (5) use an optimal non-bipartite matched sample. All continuous variables are standardized. Robust
standard errors are reported in parentheses. *, **, *** denote significance at the p<0.10, p<0.05 and p<0.01 levels.
For information on all variables, see Appendix Table 1A. All continuous covariates are standardized.

Preprocessing Method
Variable
Total Requests
Market Value
Share Turnover
# New Filings
Key Event
Earnings Announcement
Constant
Observations
R2
Adjusted R2

(1)

(2)

(3)

(4)

None
Error
Share

Entropy

PSM

CEM

0.003
(0.002)
-0.031***
(0.002)
-0.004**
(0.002)
-0.007***
(0.003)
-0.006
(0.005)
-0.041***
(0.013)
0.809***
(0.003)

0.024***
(0.009)
-0.005
(0.011)
-0.004
(0.011)
-0.009
(0.015)
-0.004
(0.030)
-0.033
(0.117)
0.526***
(0.014)

0.038***
(0.009)
0.001
(0.012)
-0.028**
(0.011)
-0.035**
(0.017)
-0.054
(0.033)
-0.329***
(0.081)
0.548***
(0.015)

0.045***
(0.010)
-0.014
(0.013)
-0.006
(0.012)
-0.029
(0.036)
-0.001
(0.039)
-0.216
(0.153)
0.566***
(0.017)

0.153***
(0.040)
-0.479***
(0.047)
-0.074
(0.052)
-0.676
(0.543)
-0.137
(0.223)

3,358
0.109
0.108

3,358
0.003
0.001

2,534
0.015
0.012

3,062
0.009
0.007

1,612
0.082
0.079

High Error

(5)
NonBipartite
Error
Quintile

3.129***
(0.168)
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We focus on entropy balancing targeting first moment (i.e., mean) covariate balance
because, relative to the other methods, it is not based on an iterative search process to improve
covariate balance, is fairly objective and does not discard observations (Hainmueller 2012).
Entropy balancing achieves covariate balance by solving an entropy maximization problem
under the constraint of the exact balance of covariate moments, ideally reducing model
dependence and avoiding the discretionary nature of propensity score weighting methods (Zhao
and Percival 2017 and Harvey et al. 2017). Thereby, entropy balancing avoids design choices
(necessary to perform propensity score matching), which lead to different matched sample
compositions, based on which conclusions could differ (Shipman et al. 2017).
Comparing the preprocessed and the unprocessed sample, we find that the standardized
differences of the covariates of the sample with a High Error and the control sample are all
smaller than 0.25, which indicates a reasonably balanced sample (Rubin, 2001) and
improvement relative to the unprocessed sample.15
While Table 10 indicates that firms with different exposures to the server outages are fairly
similar, especially after preprocessing, we will return to this issue when presenting further tests
aimed at assessing the extent to which we can isolate differences in error shares unrelated to
other differences across firms to examine their effect on liquidity.
3.5.3

Server Outages and Liquidity
In this section, we analyze the effect of an SEC EDGAR server error on liquidity. We

regress the bid-ask spread at market closing on the Error Share on April 24 while including
control variables as well as firm and date fixed effects in a 50-day period around April 24.
In Table 11, column (1) we use the continuous Error Share variable to proxy for firm’s
exposure to the server outage. We find that a 10% increase in exposure to the server outage as

15

The detailed covariate balance is displayed in the Appendix, Table 2A.
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reflected in a 10% higher error share (in absolute terms) on April 24, 2017, on average, is
associated with a wider bid-ask spread by 0.4%. Using the indicator High Error in our preferred
specification, employing entropy balancing in column (2) of Table 11, we find that a firm with
above median exposure to the server outage (an Error Share larger than 82.5%) has a 2.9%
wider bid-ask spread compared to firms with below median exposure to the server outage.
The other preprocessing methods reported in columns (3) and (4) of Table 11 using High
Error yield similar results. Also, using the Optimal Non-Bipartite matched sample in Table 11
column (5), we find that a one quintile increase in the Error Share, on average, is associated
with a 1.2% higher bid-ask spread. We then replace the continuous quintile variable (ranging
from 1 to 5) with 4 indicators indicating whether the Error Share was in the 2nd to 5th quintile
on April 24, 2017. Table 11 column (6) shows that firms with higher exposure to the EDGAR
server outage (quintiles 3 to 5) have a significantly higher bid-ask spread on April 24, 2017
compared to firms with lower exposure (quintiles 1 and 2). This indicates that the positive
association between error shares and illiquidity on April 24 is not attributable to a certain subset
of firms. We do not find statistically different effects of low error shares in the first and second
quintile, indicating that the observed effect of the error on liquidity is mainly identified by firms
experiencing a high error compared to firms experiencing a low error on April 24.
Taken together, these results consistently show that firms with more erroneous requests on
April 24, 2017, which we interpret as a higher exposure to the server outage of EDGAR on that
day, have wider spreads and, hence, lower liquidity. To shed more light on whether this
association likely permits a causal interpretation, we next conduct additional analyses.
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Table 11 – Impact of SEC EDGAR Server Errors on the Bid-Ask Spread
This table presents OLS regression results of the SEC EDGAR error measures on the Bid-Ask Spread Regression
(2) ) uses an entropy balanced sample, regression (3) uses a propensity score matched sample, regression (4) uses
a coarsened exact matched sample and regression (5) and (6) use an optimal non-bipartite matched sample. All
regressions include firm and date fixed effects. Standard errors are clustered by firm and date and are reported in
parentheses. *, **, *** denote significance at the p<0.10, p<0.05 and p<0.01 levels. For information on all
variables, see Appendix Table 1A.

Preprocessing Method

(1)
None

(2)
Entropy

Variable
Error Share

(3)
(4)
PSM
CEM
Bid-Ask Spread

0.043**
(0.020)
0.029***
(0.005)

High Error

0.021***
(0.005)

0.023***
(0.005)
0.012***
(0.002)

Error Quintiles
2nd Error Quintile
3rd Error Quintile
4th Error Quintile
5th Error Quintile
Total Requests
Market Value
Share Turnover
# New Filings
Key Event
Earnings Announcement
Observations
Adjusted R2
Adjusted R2, within

(5)
(6)
Non-Bipartite

-0.005**
(0.002)
-0.370***
(0.063)
-0.040***
(0.004)
0.001
(0.001)
0.015***
(0.004)
0.056***
(0.010)
173,064
0.911
0.009

0.011
(0.011)
0.037***
(0.009)
0.043***
(0.009)
0.045***
(0.011)
-0.005*
-0.004
-0.008** -0.012*** -0.012***
(0.003)
(0.003)
(0.003)
(0.004)
(0.004)
-0.348*** -0.394*** -0.415*** -0.540*** -0.540***
(0.067)
(0.060)
(0.066)
(0.065)
(0.065)
-0.042*** -0.041*** -0.039*** -0.038*** -0.038***
(0.005)
(0.004)
(0.004)
(0.004)
(0.004)
0.001
0.000
0.003
0.007
0.007
(0.001)
(0.001)
(0.002)
(0.006)
(0.006)
0.016*** 0.016*** 0.015***
0.025*
0.025*
(0.005)
(0.004)
(0.005)
(0.013)
(0.013)
0.058*** 0.054*** 0.068***
0.066
0.066
(0.011)
(0.010)
(0.016)
(0.047)
(0.047)
173,064
0.897
0.009

132,475
0.903
0.010

155,340
0.898
0.010

76,987
0.914
0.013

76,987
0.914
0.013
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3.5.4

Identification Tests
Since the major SEC EDGAR server outage occurred only on April 24, 2017, we do not

expect to find an anticipation effect for firms for which the share of unfulfilled requests was
above the median on April 24. Further, we could not find announcements from the SEC
regarding server maintenance, updates or other events, which could have resulted in expected
disturbances of EDGAR. In addition, if our research design is effective, we would expect that
firms with high vis-à-vis low error exposure on April 24 have comparable trends in liquidity
and therefore no differences in liquidity prior to April 24. We therefore do not expect to observe
an anticipation effect of the SEC EDGAR server issues in the bid-ask spread.
As was evident in Figure 12, following the major SEC EDGAR server outage, the SEC
EDGAR server was working smoothly again on April 25, 2017, and was therefore providing
information to market participants again and as usual. We therefore expect that any effect of
the server outage on liquidity would be short-lived. Accordingly, we would expect that firms
with high vis-à-vis low error exposure on April 24 have comparable trends in liquidity and
therefore no differences in liquidity after April 24.
In Table 12, column (1), we examine these predictions by including the lead and the lag of
the High Error variable on April 24 in our preferred specification using entropy balancing. As
expected, we find no differences in liquidity between firms with high vis-à-vis low error
exposure on April 24 before and after the server outage. These results suggest that the SEC
EDGAR server outage was likely unexpected and not permanent and that firms with high visà-vis low error exposure would likely have had similar liquidity levels if they had not
experienced differential error exposure. In turn, these results indicate that our empirical strategy
is effective in documenting that the server outage on April 24 led to lower liquidity.
Next, we probe the robustness of our results to excluding firms with intermediate error
shares. As shown in Figure 13, Error Share concentrates close to the median on April 24. Since
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we split the sample using the median, our results may be driven by minor variation across firm
observations in the second and third quartiles of Error Share, where the differentiation between
shares may be less clean (e.g., because of unobserved requests). We therefore exclude the
second and third error share quartile in column (2) of Table 12. Comparing only firms in the
lowest to firms in the highest quartile, we find slightly stronger results in magnitude. A firm
which was in the highest error quartile on April 24 had on average a 7.7% higher bid-ask spread
compared to a firm in the lowest quartile.
Finally, we note that our primary proxy for illiquidity, the bid-ask spread is measured as of
the end-of-trading, while the server outage occurs throughout the regular trading hours (as
shown in Figure 14). Hence, as an alternative, that incorporates more cumulative information
on the day, we use Amihud’s (2002) measure of illiquidity (ILLIQ) because it compares the
absolute daily return to the daily dollar trading volume. Using ILLIQ as the dependent variable
in column (3) of Table 12, we find that firms experiencing a high error share on average have
a 0.019 standard deviation larger ILLIQ relative to firms experiencing low error shares.
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Table 12 – Identification tests
This table combines the Lead-Lag Analysis (1), tests excluding the second and third SEC EDGAR Error quartiles
(2) and the alternative measure of illiquidity, Amihud's (2002) ILLIQ (3). The association of early and late Errors
on the Bid-Ask Spread at day is analyzed, by splitting the Error (4). The association of firms having a high Error
and the average trade size is examined in column (5). All regressions include firm and date fixed effects and are
done in an entropy balanced sample. Standard errors are clustered by firm and date and are reported in parentheses.
*, **, *** denote significance at the p<0.10, p<0.05 and p<0.01 levels. For information on all variables, see
Appendix Table 1A.

(1)

(2)

Preprocessing Method
Variable
Lead, High Error
High Error
Lag, High Error

Bid-Ask Spread
-0.003
(0.006)
0.028***
(0.010)
-0.014
(0.009)

0.074***
(0.011)

(3)
Entropy
ILLIQ

Total Requests Early
Market Value
Share Turnover
# New Filings
Key Event
Earnings Announcement

Observations
Adjusted R2
Adjusted R2, within
Significant Diff. Between
High Error Late and Early

Bid-Ask
Spread

Trade Size

0.010***
(0.003)

0.035***
(0.005)
0.010**
(0.005)

High Error Early

Total Requests Late

(5)

0.019**
(0.008)

High Error Late

Total Requests

(4)

-0.005*
(0.003)

-0.001
(0.005)

-0.013***
(0.004)

0.009***
(0.002)

-0.006*
(0.003)
-0.001
(0.003)
-0.348*** -0.348*** -0.396*** -0.348*** -0.097***
(0.021)
(0.067)
(0.104)
(0.063)
(0.067)
-0.042*** -0.039*** -0.111*** -0.042*** 0.065***
(0.004)
(0.005)
(0.006)
(0.010)
(0.005)
0.003***
0.001
-0.001
0.002
0.001
(0.001)
(0.001)
(0.002)
(0.002)
(0.001)
0.016*** 0.026***
0.000
0.016*** 0.015***
(0.003)
(0.005)
(0.008)
(0.005)
(0.005)
0.100***
0.058*** 0.082***
0.011
0.059***
(0.007)
(0.011)
(0.021)
(0.016)
(0.011)
173,064
0.897
0.009

85,550
0.885
0.009

173,063
0.507
0.012

173,025
0.897
0.009

151,431
0.625
0.0253

Yes
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While we have documented above that spread differences between high vis-à-vis low error
share firms did not persist into the next day (April 25, the day after the server outage) because
EDGAR was running smoothly again, we exploit the same feature on April 24 by examining
differential intraday exposure to the server outage across firms. Specifically, in column (4) of
Table 12, we break down the error variable into one that captures high outage exposure during
the first half of the trading day and another capturing high outage exposure during the second
half of the trading day. We expect stronger end-of-day spread increases for firms with high
outage exposure during the second half of the trading day relative to those with high outage
exposure during the first half of the trading day (because for these firms any adverse effects
from unsuccessful information acquisition would likely have dissipated again). We find that
firms with high error shares occurring in the second half of the trading day affect liquidity more
negatively than high error shares occurring in the first half of the trading day.
Asthana et al. (2004) conclude that, through the availability of filings on EDGAR the
volume of small, but not large trades increased around the filing of a form 10-K. Given this
conclusion, we expect that a temporal unavailability of EDGAR reduces small trades stronger
relative to large trades. We measure the market participation of small relative to large investors
with the natural logarithm of the average trade size across the main U.S. exchanges.16 We find
that firms experiencing a high error share have on average an increase in the average trade size
of 1% on April 24, 2017 (Table 12 column 5).
Overall, these results provide some confidence that our analyses do pick up an effect on
liquidity rooted in the server outage as opposed to some correlated omitted variable.

Following Weller (2018) we exclude NYSE and NYSE MKT, because they are reported in an way not
compareable to the other exchanges on MIDAS.
16
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3.5.5

Cross Sectional Analyses
To complement our previously described analyses that gauge the causal interpretation of

our main result, we examine heterogeneity in how the server outage affects liquidity using
cross-sectional differences across firms along two main dimensions. First, we examine whether
the effect of the server outage on liquidity is stronger depending on whether information
acquisition originates from sophisticated sources or is algorithmic in nature. Second, we
examine whether server outages affect liquidity more adversely when firms have weaker
information environments or when EDGAR likely constitutes a more important information
source.
In the first step, we break down requests by their origin. Our analyses so far are agnostic
about who is trying and failing to acquire information from EDGAR. Recent studies
demonstrate that institutional investors use EDGAR and link its usage to capital market
outcomes (Chen et al., 2018), institutional investors’ performance (Crane et al., 2018), and
shareholder meetings (Iliev et al., 2018). We expect an outage to have a stronger impact on
spreads if such more sophisticated market participants constitute a higher share of the requests
for two related reasons. First, these market participants likely are large enough to have a
meaningful influence on the spread. To the extent, the impaired access to information makes
them more reluctant to trade aggressively against noise traders, this would impair liquidity (see,
e.g., Goldstein and Yang 2017). Second, information asymmetry between sophisticated and
unsophisticated investors likely increases since sophisticated investors can more easily switch
to other, potentially proprietary sources (e.g., Kelly and Ljungqvist, 2012).
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Table 13 – Cross Sectional Analysis
The table presents cross sectional analyzes in which certain firm level characteristics are interacted with the High
Error indicator. Market Participants (1) is the centered share of requests on the SEC EDGAR database linked via
the IP address to institutions associated with capital market trading (banks & hedge funds). Robot (2) is the lagged
centered share of Requests on filings of the firm allocated to web crawlers / robots. Few Analysts (3) is an indicator
equal to one if the firms fiscal quarter is forecasted by fewer analysts than for the median (5 forecasts). Importance
of EDGAR (4) is the average number of requests on the SEC EDGAR database divided by the Market Value (in
Million USD) in t-2 to t-5. Recent (5) is the centered share of requests on filings filed in the last 5 trading days
relative to the total number of requests on the SEC EDGAR database of that firm. All regressions include firm and
date fixed effects and are done in an entropy balanced sample. Standard errors are clustered by firm and date and
are reported in parentheses. *, **, *** denote significance at the p<0.10, p<0.05 and p<0.01 levels. For information
on all variables, see Appendix Table 1A.

(1)

(2)

0.034***
(0.005)
0.183***
(0.066)
0.011
(0.042)

0.028***
(0.005)

Preprocessing Method
Variable
High Error
Market Participants × Error
Market Participants

(3)
Entropy
Bid-Ask Spread
0.022***
(0.005)

(4)

(5)

0.026***
(0.005)

0.027***
(0.005)

0.189**
(0.077)
0.001
(0.056)

Robot × Error
Robot

0.012**
(0.006)
0.001
(0.024)

Few Analysts × Error
Few Analysts

0.001***
(0.000)
-0.002***
(0.000)

Importance × Error
Importance

Controls

Included

Included

Included

Included

0.029***
(0.009)
-0.029***
(0.010)
Included

Observations
Adjusted R2
Adjusted R2, within

173,064
0.897
0.009

173,019
0.897
0.009

173,064
0.897
0.009

173,064
0.897
0.010

173,064
0.897
0.009

Recent × Error
Recent
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While we cannot identify the specific source, in Table 13 column (1), using information
from Chen et al. (2019) and the ARIN database, we identify requests that originate from funds
and financial institutions17. Interacting the share of information acquisition from funds and
financial institutions with our High Error indicator, we find that liquidity is more adversely
affected for firms suffering from a high exposure to the server outage if a larger share of the
attempted information acquisition originated from funds and financial institutions.
A large share of the information acquisition on EDGAR is algorithmic in nature. Prior
literature labels algorithmic information acquisition as stemming from robots and webcrawlers, which is “less likely to be intelligent [compared to humans]” (Lee et al., 2015, p. 428),
and excludes such requests. We note that algorithmic requests are positively correlated with
non-algorithmic requests as well as requests from funds and financial institutions. In addition,
more recent papers, e.g., Drake et al. (2019), acknowledge that sophisticated market participants
may have information acquisition strategies that are more sophisticated and broader in scope
(e.g., quantitative funds). Finally, Allee et al. (2018) show that the “scriptability” of information
on EDGAR, which is the ease of algorithmic extraction of information from EDGAR filings,
improves price efficiency. This result indicates that algorithmic requests are likely
economically meaningful. However, it is unclear whether algorithms are smart enough to adjust
their acquisition in the event of an EDGAR outage in a way that humans would (e.g., consult
Capital IQ, Bloomberg, or Yahoo! Finance instead).
Using definitions of algorithmic information acquisition from prior literature based on daily
request patterns (e.g., Drake et al., 2015) in column (2) of Table 13, we find that the liquidity
of firms with a higher share of algorithmic requests is more adversely affected by a high error

17

Specifically, using the deciphering table from Chen et al. (2019), we replace the fourth IP octet in the
server log files. Using the full IP address and the ARIN database, we identify the 431 autonomous system
organizations which are the most frequent users of EDGAR, accounting for 98% of all requests on trading days
between February 17 and June 30, 2017. Within these, we identify funds (e.g. Fidelity Investments, D.E. Shaw
and Citadel) and financial institutions (e.g. Wells Fargo, JP Morgan Chase and Credit Suisse) as market
participants.
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share as a result of the server outage. One explanation for this finding is that it is harder to
switch to alternative information sources if algorithmic but less flexible information acquisition
strategies are used. However, this result also indicates that at least some algorithmic information
acquisition during normal times (i.e., absent outages) appears to benefit liquidity.
Our second set of cross-sections examines whether the server outage affects liquidity more
adversely when information on EDGAR is likely more important, for example, because firms
have an overall weaker information environment. Upon a server outage with temporary
unavailability of EDGAR information, it is harder to substitute for EDGAR when firms have a
weaker information environment. We operationalize the information environment by dividing
the sample based on analysts as information intermediaries (see, e.g., Balakrishnan et al., 2014
for the substitution between analyst coverage and firm disclosure). Consistent with prior
literature, in column (3) of Table 13, we find that for firms with below median analyst coverage,
the negative liquidity effect of the EDGAR server outage is magnified.
We further analyze how the server outage affects firms’ liquidity if a firm received many
requests on EDGAR prior to the server outage relative to its market cap. This approach is
consistent with the analytical framework in Breuer et al. (2019), where disclosure demand is a
function of both the number of stakeholders and the extent to which disclosure reduced adverse
selection discounts. Hence, scaling requests by market capitalization, indicates the value of
disclosure. Consistent with this notion, in column (4) of Table 13, we find that the server outage
affects firms’ liquidity more strongly when, prior to the event, EDGAR constituted a relatively
important information source.
Finally, we examine whether the server outage affects liquidity more adversely when a
larger share of requests targets more recent filings. For example, information contained in more
recent filings may not yet be fully impounded into prices or other alternative information
sources (such as other financial databases that harvest and reproduce information from EDGAR
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in a nicer format). In line with this argument, in column (4) of Table 13, we find that being
strongly exposed to the server outage widens spreads especially when a larger share of request
targets recent filings (that are not older than five days).
Overall, we find that the EDGAR server outage affects liquidity more adversely when
information acquisition stems from sophisticated sources, is algorithmic in nature, occurs in
weaker information environments, in which EDGAR information is more important by revealed
preference or because of it is more recent. These results are largely consistent with theoretical
predictions and prior literature (usually examining when additional information is more
valuable) and, together with the identification tests presented earlier, suggest that the server
outage did lead to a temporary increase in illiquidity.
3.5.6

Out of sample evidence from Other EDGAR Outages

The outage on April 24, 2017 is unique in its magnitude. On this event, for example, less
than 1.5% of all firms in our sample had an error share smaller than 50%. Outside this event,
EDGAR typically runs smoothly and if some errors occur they are at a much lower scale. It is
therefore open whether smaller errors than those observed on April 24 also affect liquidity.
Analyzing the EDGAR log files from 2012 up to the second quarter of 2017, we find four
isolated error events affecting multiple listed firms during trading hours with an average error
share of more than 5%.18 On these isolated smaller event dates, 99.9% of all firm day
observation have an error share smaller than 50%. We repeat our main analysis for the four
smaller EDGAR events in a regression combining the four events with two main changes. First,
we replace firm fixed effects with firm-event fixed effects. Second, due to the close proximity
of two EDGAR error days in September 2016, we only use a smaller trading day control
window pre and post each event. Table 14 presents the results.

18

We find average firm error shares higher than 5% on February 19, 2016 (8.5%), August 18, 2016 (15.1%),
September 12, 2016 (17.1%) and September 22, 2016 (11.6%).
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Table 14 Panel A column (1) shows a negative, but insignificant association of Error Share
on liquidity. We further do not find a significant association of high EDGAR errors (relative at
each error event day) with the bid-ask spread after implementing entropy balancing (Table 14
Panel A column 2). Analyzing the association of early and late high errors with liquidity mainly
confirms this conclusion (Table 6 Panel A column 3).
In Panel B, we examine the association of even smaller EDGAR server errors on firm
liquidity in the time period from 2012 up to the second quarter of 2017. While directionally
consistent, the results displayed in Table 14 Panel B column (1) are statistically insignificant.
To differentiate days on which many firms on EDGAR were affected by a higher error from
idiosyncratic error affecting few firms, we include an indicator, High Error Day, which is equal
to one if the average error share on the day is larger than 1.8% (top 1% of all trading days from
2012 to the second quarter of 2017). Again, while the coefficient of the interaction of the error
share and high error day indicator is positive, it is statistically insignificant (Table 14 Panel B
column 2). Splitting error shares by when errors occur over the day (rather early vs. late as
previously) in Table 14 Panel B column 3 reveals similar results. We find a positive but
statistically insignificant negative association between early and late error shares and liquidity.
Overall, much lower EDGAR errors do not appear to affect liquidity. This might be due to
two reasons: First, given that not all requests will likely have the same effect on liquidity (e.g.,
our analyses document that requests from sophisticated investors have a much stronger effect
on liquidity), on average low error shares may simply be economically insignificant to have a
measurable impact on spreads. Second, Goldstein and Yang (2017) show that theory predicts a
concave relation between public disclosure and liquidity (due to decreasing marginal benefits
of disclosure, e.g., in mitigating adverse selection discounts as in Breuer et al., 2019). This
relation implies that small errors will likely have a smaller marginal effect on liquidity than
large errors. In support of these conjectures, recall that even on our main outage event, April
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24, 2017, the liquidity difference between firms in the first vis-à-vis second error quintile was
also insignificant even though their average error shares are sizable already with an average of
approximately 65% in the first quintile and 78% in the second quintile.
3.6

Conclusion

Investors increasingly acquire information on listed firms through electronic systems,
such as the SEC’s EDGAR system, where daily requests increased from 0.4m in 2007 to 9.3m
in 2017. This increasing reliance potentially implies that the permanent availability of
information becomes more important. Much like other data from the cloud, EDGAR is not
immune to server outages, but it is ex ante unclear whether such outages lead to adverse market
outcomes, given that investors can access similar information from alternative sources.
Exploiting an unexpected, large-scale server outage and data on attempted but failed
information acquisition by investors, we find that the outage affects liquidity adversely,
consistent with an increase in information asymmetry. The outage affects liquidity more
adversely when requests stem from sophisticated market participants, and when requests are
algorithmic in nature, and alternative information sources are less prevalent. In turn, these
findings imply that EDGAR, when it runs smoothly, contributes to leveling the playing field
for all investors that increasingly acquire information in smart ways through algorithms.
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Table 14 – Other EDGAR Outages
This table represents error regressions considering EDGAR errors outside April 24, 2017. Panel A represents
regressions focusing on four days at which the average Error Share is quite high, while Panel B contains all daily
observations from 2012 to June 2017. Standard errors are clustered by firm and date and are reported in
parentheses. *, **, *** denote significance at the p<0.10, p<0.05 and p<0.01 levels. For information on all
variables, see Appendix Table 1A.

Table 14 Panel A: Four Error Events
Preprocessing Method
Variable
Error Share

(1)
None

(2)

0.008
(0.071)
-0.001
(0.008)

High Error

0.002
(0.009)
0.016*
(0.009)

High Error, Late
High Error, Early
Controls
Date Fixed Effects
Firm-Event Fixed Effects
Observations
Adj. R-squared
Adj. R-squared, within

(3)

Entropy
Bid-Ask Spread

Included
Yes
Yes
134,814
0.898
0.000

Included
Yes
Yes
131,814
0.899
0.000

Included
Yes
Yes
131,936
0.899
0.000

Table 14 Panel B: All observations from 2012 to June 2017
(1)

(2)
None
Bid-Ask Spread

0.041
(0.026)

0.034
(0.032)
0.017
(0.051)

Preprocessing Method
Variable
Error Share
Error Share x High Error Day

0.009
(0.024)
0.033
(0.023)

Error Share, Late
Error Share, Early
Controls
Date Fixed Effects
Firm-Month-Year Fixed Effects
Observations
Adj. R-squared
Adj. R-squared, within

(3)

Included
Yes
Yes
4,431,566
0.893
0.001

Included
Yes
Yes
4,431,566
0.893
0.001

Included
Yes
Yes
4,415,927
0.893
0.001
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4

The Usefulness of Quarter relative to Annual Reporting19
4.1

Introduction

After consulting with “top business leaders”, President Trump recently announced that
he will commission the SEC to investigate whether the quarterly financial reporting requirement
in the US should be abandoned and replaced by less frequent financial reporting.20 Top US
CEOs Warren Buffett (Berkshire Hathaway), Jamie Dimon (JP Morgan Chase & Co.) as well
as nearly 200 CEOs from the Business Roundtable, however, favor quarterly financial
reporting, since it provides retrospective insights about actual operational and financial metrics
of firms (Buffett and Dimon 2018). The question regarding the usefulness of financial reporting
is also relevant outside the US. For example, by the debate about the quarterly reporting in the
EU, where the regulator mandated quarterly reporting in 2004 and abandoned it in 2013.
The focus of prior literature regarding reporting frequency has been on the benefits arising
from improving price efficiency – by facilitating investors’ estimation of future cash flows (e.g.,
Fu et al. 2012) – and on the costs arising from worsening economic efficiency – by incentivizing
myopic investment decisions (e.g., Kraft et al. 2018; Wagenhofer 2014) and other real activities
management (Ernstberger et al. 2017). Understanding the usefulness of annual, relative to
quarterly reporting information, is key for the stake- and shareholders of the firm, who
incentivize the managers to myopic behavior. It enables insights into settings in which the
problem of managerial myopia exists. In a setting, in which the shareholders of the firm attribute
a low usefulness to quarterly relative to annual reporting information, changes in disclosure
frequency might not change managements’ incentives, because the shareholders do not react to
the frequently provided information. Due to the lower interest of stakeholders in the quarterly

19

This chapter is based on Heilig, M. (2019): “The Usefulness of Quarter relative to Annual Reporting”.
Unpublished Working Paper.
20
The full tweet of President Trump is available at:
https://twitter.com/realDonaldTrump/status/1030416679069777921?ref_src=twsrc%5Etfw%7Ctwcamp%5Etwee
tembed%7Ctwterm%5E1030416679069777921&ref_url=https%3A%2F%2Fqz.com%2Fwork%2F1361668%2F
trumps-tweet-about-quarterly-earnings-reports-is-actually-smart%2F (last accessed April 16, 2019)
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relative to the annual reporting, quarterly reporting is unlikely to change the incentives of
managers to myopically reach short-term targets.
This study is the first to focus on the empirical regularity that, on average, stakeholders
access annual reports (form 10-K) via the SEC’s Electronic Data Gathering, Analysis, and
Retrieval database (EDGAR) much more frequently than quarterly reports (form 10-Q) in the
first days after their release. This result holds even after controlling for firm, quarter, and
disclosure attributes as well as for special events. The usefulness of filings is measured as the
views on the quarterly and the annual reports in the first ten days after their electronic filing on
EDGAR (Drake et al. 2015). These revealed preferences of firms’ stakeholders for quarterly,
relative to annual reports allow me to draw conclusions about the usefulness of financial
reporting information in the SEC filings for stakeholders of the firm.
Rational investors choose whether to collect data (i.e., financial reporting information)
and generate statistics from this data (Bloomfield 2002). Before acquiring financial reporting
information, investors trade of the costs of gathering information as well as the expected
benefits of such information (Grossman and Stiglitz 1980; Diamond and Verrechia 1981).
The benefits of annual compared to quarterly filings are higher reliability (due to the
mandatory audit), being less prone to be significantly affected by seasonality effects as well as
transitory quarterly shocks (due to the longer time horizon covered in the filing), and the higher
amount of additional disclosure. The main benefits of the quarterly filings are the higher
frequency in which they are available and that the filings are timelier available after the
reporting quarter ends. These benefits are weighted by stakeholders against their individual
costs of acquiring and processing financial reporting information.
Linking the IP addresses of the SEC EDGAR users accessing quarterly and annual
financial reporting information in the first ten days after their filing, to their identified users, I
am able to analyze for which EDGAR user group the usefulness of annual relative to quarterly
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financial reporting information is higher. I find that for users linked to the finance sector, (e.g.
banks and investment funds) the usefulness of annual relative to quarterly financial information
is still higher, but on a much lower scale than for the other EDGAR users. The same holds true
for other identified EDGAR using firms (e.g. from all industries other than finance), but with a
smaller difference to the other users compared to EDGAR users from the finance sector.
Unsurprisingly, the EDGAR data usage of information intermediaries mirrors the general
usefulness of annual relative to quarterly reporting, indicating that the intermediaries align their
perceived importance of filings with their audience. This implicates that the potentially
unobserved audience of the information intermediaries in this aspect is similar to the observed
EDGAR users.
To generate learnings about the information acquisition behavior of the SEC EDGAR
users of annual and quarterly financial reporting information, I analyze their total information
acquisition on EDGAR on the day of their information request. Based on the information
acquisition patterns, I find that EDGAR users complement the quarterly financial reporting
information more with firm information, while complementing the annual financial reporting
information with more financial reporting information. This indicates that quarterly financial
reporting information is analyzed against the background of firm specific information, while
the annual financial reporting information is benchmarked against disclosure from other firms.
Hence, EDGAR users deem annual financial reporting information to be more comparable
across firms than quarterly financial reporting information.
Finding that the share of ad-hoc filings accessed by IPs accessing annual reporting filings
is lower relative to users accessing quarterly reporting filings, indicate that annual financial
reporting information acquisition might be less driven by recent developments. This indicates
that quarterly financial reporting information might be more useful against the background of
significant recent developments.
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This paper then focuses on the investment horizon of investors of the firm. Institutional
investors with a transient investment strategy are positively associated with myopic R&D
reductions to avoid earning declines (Bushee, 1998). Therefore, quarterly reporting information
might be more useful relative to annual information for firms with a higher share of investors
having a shorter investment horizon (transient investors). I expect and find that for firms with
a higher share of long-term (short-term) investment horizon investors, the usefulness of annual
relative to quarterly financial reporting information to be higher (lower).
To analyze, whether the higher importance of annual relative to quarterly reporting
information found in the SEC EDGAR log files might be due to shareholders attributing a
higher importance to annual relative to quarterly financial reporting, I focus on capital market
reactions to the release of earnings news. Using the abnormal trading volume around the
earnings announcement as a measure for the usefulness of financial reporting information
(following Landsman et al. 2012, Landsman and Maydew 2002, and Beaver 1968), I find that
annual reporting information is deemed to be more useful relative to quarterly reporting
information. This short-term reaction to available information can be found as well in the
information acquisition on EDGAR in the first day after the filings. The higher reaction to
annual relative to quarterly earnings announcements further shows that the higher information
acquisition in the EDGAR log files after the filings can also be attributed to the valuation role
of accounting.
Focusing on human SEC EDGAR requests neglects a large share of requests by EDGAR
users employing robots / web-crawlers to extract information from EDGAR. If the robots are
not agnostically harvesting EDGAR, but mirror the interest of their users, I expect to be able to
draw inferences about the usefulness of annual relative to quarterly financial reporting
information for their users. I show that the users of web-crawlers (i.e. technically sophisticated
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users gathering large quantities of information) also attribute a higher usefulness to annual
relative to quarterly financial reporting information.
The paper contributes to the managerial myopia literature, by providing an understanding
of the usefulness of annual relative to quarterly reporting information for the stake- and
shareholders of the firm. Additionally, this allows me to speak to the question which firms
would likely continue to publish financial reporting information, because its shareholders
attribute a higher usefulness to frequent reporting information compared to other firms.
Further, this study contributes to the growing literature using the SEC EDGAR log files.
Unlike Drake et al. (2016) which focus on the usefulness of archival financial reporting
information, this paper adds to the literature by examining the information acquisition of recent
reporting information, thereby providing insights into the usefulness of recent financial
reporting information for stakeholders of the firm. This is achieved by comparing filings with
similar information content, which are perceived differently by different user groups of
EDGAR. This approach is similar to Bird et al. (2018) which examine investor attention to adhoc (form 8-K) filings in the context of topic misclassification. I further provide novel insights
into the EDGAR information acquisition of financial institutions (e.g., Chen, Kelly and Wu,
2018 and Chen, Cohen, Gurun, Lou, Malloy, 2018) and information intermediaries (e.g.
Bozanic et al. 2019 and Dyreng et al. 2018).

4.2

Theoretical Background

Information acquisition is a function of the costs of gathering information as well as the
expected benefits of such information (Grossman and Stiglitz 1980; Diamond and Verrecchia
1981). In the Incomplete Revelation Hypothesis setting, outlined by Bloomfield (2002), rational
investors choose whether to collect data (i.e., financial reporting information) and generate
statistics from this data. These statistics provide information about the value of the firm and
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therefore result in an information advantage over noise traders, which do not trade on statistics.
Even though the data collection can be free of charge, the generating process of statistics is
costly for investors. In equilibrium, investors generate statistics until the point at which the
costs of collecting data and generating statistics matches the expected profits from the
information advantage.
I analyze the usefulness of quarterly financial reporting relative to annual financial
reporting by exploiting the revealed preferences of firms’ stakeholders for quarterly relative to
annual reports. I proxy for the usefulness of financial statement information by directly
examining the demand of stakeholders for quarterly relative to annual reports (e.g., Drake et al.
2016).
The benefits of the annual compared to the quarterly filing are the higher reliability,
arising from the mandatory audit, the longer time horizon covered in the filing, which is less
prone to be significantly affected by seasonality effects and transitory quarterly shocks, and the
higher amount of additional disclosure. The main benefits of the quarterly filings are the higher
frequency in which they are available and that the filings are quicker available after the
reporting quarter end. The benefits of the annual and the quarterly filings are weighted by every
stakeholder against her individual costs of acquiring and processing the financial reporting
information in the consideration whether she wants to acquire financial reporting information.
Following Drake et al. (2015), I examine the views on quarterly relative to annual reports
in the first ten days after their electronic filing on the SEC’s EDGAR database to infer the
benefits associated with quarterly relative to annual reporting information, communicated in
SEC filings. This allows me to gain insights whether stakeholders see a potential of generating
(for them) valuable statistics from the financial reporting data presented.
I test whether the higher usefulness of annual relative to quarterly reporting information
is due to the stewardship role (i.e., monitoring management) or the valuation role of accounting
107

(i.e. finding a fair market price for the firm), by testing whether usefulness of the announcement
of the annual and the quarterly earnings differ. Firms voluntarily announce their quarterly
earnings before the filing of the quarterly and annual statements with the SEC. After the
information from the earnings announcements is received by investors, they consider whether
the information they just acquired changed their investment decision. If the acquired
information leads to real investment decisions by investors in capital markets, the resulting
transactions by investors will affect the capital markets in observable ways. The other option
for investors is not to use the information provided by the earnings announcement at all,
resulting in no information-based market transactions by these investors. If the aggregated
market reactions for the earnings announcement of the annual compared to the quarterly
earnings announcement is higher, than information with a higher (for investors more useful)
content was provided in the process of annual reporting (Beaver 1968).
Therefore, I examine the information content of quarterly relative to annual earnings
announcements, as perceived by capital market participants using the abnormal trading volume
following Landsman et al. 2012, Landsman and Maydew 2002 and Beaver 1968. Prior literature
shows a positive relation between the information content (e.g., usefulness) of disclosure and
abnormal trading volume (Landsman et al. 2012). Abnormal trading volume allows to draw
inferences about the information content of the quarterly financial reporting information for
shareholders. If the earnings announcement has a higher information content, it allows the
shareholders to generate more, for them useful statistics. This measure is not affected by other
stakeholders of the firm. Hence, abnormal trading volume is a measure of shareholder
information usage.
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4.3

Research Design

The research design in this study is akin to a difference-in-differences analysis. As
opposed to prior literature focusing on either the usefulness of annual or quarterly information,
I examine the usefulness of quarterly information relative to annual information (first
difference) conditioning on a firm characteristic, e.g. ownership structure (second difference).
To illustrate, I benchmark the difference in usefulness of quarterly information for firms with a
high share of dedicated investors vs. firms with a low share of dedicated investors to the
difference in the usefulness of annual information for firms with a high share of dedicated
investors vs. firms with a low share of dedicated investors. This approach allows me to speak
to the characteristics associated with a higher usefulness of quarterly relative to annual
reporting information in the existing regime in which quarterly and annual reports coexist.
Uncovering the firm types for which quarterly information is valuable compared to annual
information is helpful for three reasons. First, it allows disentangling whether a certain firm
attribute proxies for a general demand for information as opposed demand for more timely
frequent information. Second, it allows examining for which firms quarterly and annual
reporting information likely substitute or complement each other. Third, and related, it allows
speaking to the question as to which firms would more likely continue disclose quarterly
financial reporting information if a country abandoned the quarterly reporting requirement.
To test my hypothesis, the dependent variable capturing the usefulness of financial
reporting information for firm i at quarter t (

,

) is regressed on a dummy variable

indicating an annual (fourth quarter) information release 4, the firm characteristic

,

(e.g., having a high share of dedicated investors) and an interaction of these variables, while
including a series of control variables and fixed effects. I measure

,

based on

observed information demand by stakeholders of the firms and capital market reaction to an
information release.
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(1)

The coefficient of the interaction

indicates the relative usefulness of quarterly relative

to annual financial reporting regarding the firm characteristic in question. The absolute
association of the firm characteristic and the usefulness measure is calculated by adding the
coefficient of the firm characteristic

and the coefficient of the interaction

of the firm

characteristic with the annual dummy. This summed up effect for the annual filing
represents the effect of the firm characteristic on the clicks for the annual filing. This linear
combination of the coefficients provides further insights regarding the total effect of the firm
characteristic on the usefulness of financial reporting information provided on an annual and a
quarterly basis.
The usefulness of financial reporting information is measured in two ways, the clicks on
the SEC EDGAR log files and the abnormal trading volume around the earnings announcement.
The first usefulness of financial reporting information measure is defined as the natural
logarithm of the number of clicks on the filings in the first ten days after the filing. This measure
captures the observed information demand by stakeholders of the firm. The regressions include
a set of variables controlling for firm level factors, quarterly differences, disclosure differences
and firm level events. The control variables of the regressions using the clicks on the EDGAR
database as a dependent variable are discussed in Appendix B. All regressions using the
EDGAR clicks contain firm and year fixed effects. The standard errors are clustered by firm.
The second usefulness measure is the abnormal trading volume (AVOL) in the 3-dayswindow around the earnings announcement. Following Bamber et al. (2011) and Landsman et
al. (2012), I define

,

as:

,

%
%

,,
,,

(2)
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With the average percentage shares traded of the firm in the numerator in the three trading
day window around the earnings announcement. The earnings announcement from I|B|E|S is
adjusted to the next trading date after an earnings announcement if the earnings announcement
was made after market closing. The denominator is the average percentage shares traded during
the control time window of -60 days to -10 trading days before the earnings announcement.
Unlike the measure used by Landsman et al. (2012), the measure used in this study does not
include observation days after the earnings announcement to avoid including possible effects
of the filing on the trading volume.
Following Landsman et al. (2012) and Bamber et al. (2011), the regressions using AVOL
as the dependent variable control for firm size using the natural logarithm of the market value
of equity. Further, the regressions include controls for the number of analysts covering the
quarter and the reporting lag of the firm, measured as the time between the fiscal quarter end
and the earnings announcement (Landsman et al. 2012 and DeFond et al. 2007). Following
Landsman et al. (2012), the regressions control for leverage, whether the firm had negative
earnings per share in the quarter, the absolute earnings surprise scaled by the stock price, and
the analyst dispersion measured as the standard deviation of analyst earnings per share forecasts
scaled by the stock price. The AVOL regressions further control for the relative importance of
the quarter by including the above described shares of quarterly sales, CAPEX, operating
accruals and net cash flow from financing to their respective annual sums. All regressions
include a set of firm and year fixed effects and standard errors are clustered by firm.
The separation between institutional investors with a long-term investment horizon
(dedicated investors) and institutional investors with a short-term investment horizon (transient
institutional investors), conducted in a cross-sectional analysis, follows Bushee (2001) and
Bushee and Noe (2000). The separation between dedicated and transient investors was
established by Bushee and Noe (2000) by examining the portfolio turnover and the ownership
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concentration of the institutional investors. Dedicated institutional investors have a lower
portfolio turnover and a more concentrated ownership than transient investors. Transient
institutional investors trade more aggressively on short-term trading strategies than dedicated
investors and therefore have a higher portfolio turnover and a lower ownership concentration.

4.4

Data

The SEC launched the EDGAR database to reach it’s “long-standing goal of providing
investors with timely access to information” (SEC 2002). Since then, the EDGAR database is
publicly available and contains all filings made with the SEC. This vast information resource
can be requested online for free via the EDGAR website. The EDGAR website, like most other
websites, documents under normal operating conditions all page requests in a log file.
Information collected in the EDGAR log files contain the client IP address, the timestamp of
each individual request, information regarding the filing requested as well as other qualifying
items. After Freedom of Information Act request of researchers, the SEC released these log files
to the public (Loughran and McDonald 2017). The log files are available from 2003 onward.21
The requests on annual 10-K and quarterly 10-Q filings were generated based on these log files
which are available at the SEC website. I focus on clicks on EDGAR filings if the request was
successful, e.g. the request was not unfulfilled due to an error caused by the client or the server
(Ryans 2017). In the main specification, I follow prior literature by excluding information
requests from automated programs, so called web-crawlers in my main specification (e.g.,
Loughran and McDonald 2017, Drake et al. 2016, Drake et al. 2015 and Lee et al. 2015 and
Loughran and McDonald (I) 2014). I focus on the requests from robots in separate regressions.

21

Since the log files between 2003 and 2007 seem to be corrupted, I follow the advice of Bill McDonald
and do not include these observations in my sample. https://sraf.nd.edu/data/edgar-server-log/ (last accessed April
16, 2019)
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These robots are identified as IP addresses requesting more than 50 unique firms’ filings
(Loughran and McDonald 2017).
To receive information about the institutional ownership of the observed firms, I use the
datasets provided by Brian Bushee on his personal website22. The methodology to identifying
dedicated and transient investors follows the methodology of Bushee (2001) and Bushee and
Noe (2000).23 Additional financial reporting information in this paper is retrieved from
Compustat Capital IQ, Financial Market information is gathered from CRSP and Analyst
information and Management guidance information was retrieved from I/B/E/S. Information
about the readability and the word count of the filings was retrieved from SEC Analytics via
WRDS. Descriptive statistics of the samples are presented in Table 15 and Table 16.

Table 15 - AVOL Summary Statistics of dependent and control variables
This table reports summary statistics for the sample for the regressions with the usefulness of financial reporting
information being abnormal trading volume (AVOL). Appendix Table A4 provides variable definitions.

Variables
Dependent variable
AVOL
AVOL Control variables
Market Value
Analyst
RepLag
Lev
DLoss
UE
DISP

N

Mean

Std. Dev.

p25

Median

p75

23,061

0.502

0.568

0.147

0.481

0.841

23,061
23,061
23,061
23,061
23,061
23,061
23,061

7.271
9.245
31.369
0.182
0.161
0.005
0.003

1.684
6.909
9.142
0.197
0.368
0.013
0.005

6.049
4
25
0.011
0
0.001
0.000

7.136
7
31
0.126
0
0.002
0.001

8.326
13
37
0.290
0
0.004
0.003

http://acct.wharton.upenn.edu/faculty/bushee/IIclass.html (last accessed April 16, 2019)
The institutional shareholder data is accessible at:
http://acct.wharton.upenn.edu/faculty/bushee/IIclass.html (last accessed April 16, 2019)
22
23
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Table 16 - EDGAR Summary Statistics of dependent and control variables
This table reports summary statistics for the sample for the regressions with the usefulness of financial reporting
information being EDGAR clicks. Appendix Table A4 provides variable definitions.

Variables
EDGAR variables
ln(Human Clicks)
ln(Robot Clicks)
ln(Quick Clicks)
ln(Finance)
Finance Share
ln(Firms)
Firms Share
ln(Intermediary)
Intermediary Share
1 Click
1 Firm
Reporting
Ad-Hoc
Cross-Section variables
Q4
Dedicated
Transient
Firm Control variables
ln(Market Value)
ln(Analyst)
M2B
Lev
Institutional
ln(F4)
Short Int.
Quarter Control variables
Q/Y Sales
Q/Y CAPEX
Q/Y Finance
Q/Y Op. Accrual
Disclosure Control variables
Fog
Q/Y Words
FLag
Time Diff.
Event Control variables
Loss
MG

N

Mean

Std. Dev.

P25

Median

P75

27,444
27,444
27,444
27,444
27,444
27,444
27,444
27,444
27,444
27,444
27,444
27,444
27,444

3.608
4.976
2.893
1.709
0.048
0.997
0.023
0.693
0.018
0.158
0.227
0.733
0.100

0.862
0.622
0.748
0.904
0.035
0.878
0.023
0.631
0.022
0.107
0.127
0.072
0.042

3.045
4.585
2.398
1.099
0.024
0.000
0.000
0.000
0.000
0.084
0.139
0.688
0.072

3.555
5.056
2.890
1.792
0.041
0.693
0.020
0.693
0.012
0.142
0.209
0.735
0.096

4.143
5.416
3.401
2.398
0.065
1.609
0.033
1.100
0.027
0.211
0.295
0.781
0.125

27,444
27,444
27,444

0.230
0.037
0.142

0.421
0.067
0.094

0
0.000
0.071

0
0.007
0.126

0
0.056
0.197

27,444
27,444
27,444
27,444
27,444
27,444
27,444

6.984
1.917
3.056
0.176
0.644
3.115
0.046

1.768
0.904
8.810
0.198
0.241
1.331
0.047

5.703
1.386
1.251
0.005
0.481
2.197
0.016

6.843
1.946
2.062
0.114
0.698
3.178
0.031

8.113
2.639
3.692
0.282
0.837
4.043
0.060

27,444
27,444
27,444
27,444

0.249
0.252
0.247
0.241

0.048
0.126
1.413
1.442

0.237
0.182
-0.004
0.022

0.249
0.240
0.180
0.238

0.261
0.301
0.500
0.461

27,444
27,444
27,444
27,444

20.477
0.243
3.711
1.614

1.458
0.142
0.261
1.205

19.515
0.154
3.555
0.693

20.285
0.184
3.664
1.792

21.132
0.249
3.807
2.708

27,444
27,444

0.238
0.555

0.426
0.497

0
0

0
1

0
1
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4.5
4.5.1

Empirical Analysis

Difference between quarterly and annual financial reporting information
First descriptive analyses show, that the clicks on the filings in the first ten days after their

filing is higher for annual (10-K) filing (for the fourth quarter) compared to the quarterly (10Q) filing (for the first three fiscal quarters of the firm). Figure 16 and Figure 2 depict that the
average and median demand by humans for both filings in the first ten days of our sample is
higher on every day for 10-K filings than for 10-Q filings.
Figure 16 – Mean Human EDGAR Clicks in the first 10 days
This graph depicts the mean daily Clicks (Mean Clicks) on the SEC EDGAR database separated by annual (10-K)
and quarterly (10-Q) filings. This graph focuses on human users of EDGAR, human EDGAR users are identified
following Loughran and McDonald (2017). Time after Filing is measured in days with t=0 being the day of the
filing at the EDGAR database.
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Figure 17 – Median Human EDGAR Clicks in the first 10 days
This graph depicts the median daily Clicks (Median Clicks) on the SEC EDGAR database separated by annual
(10-K) and quarterly (10-Q) filings. This graph focuses on human users of EDGAR, human EDGAR users are
identified following Loughran and McDonald (2017). Time after Filing is measured in days with t=0 being the day
of the filing at the EDGAR database.

The phenomenon, of the annual filing receiving more clicks on the EDGAR database than
the quarterly filing, is still observable in a regression of the natural logarithm of the clicks on
the filings in the first ten days including firm and date fixed effects (Table 17 Column 1). The
regression shows that EDGAR filings requests are approximately 78% higher for the annual
relative to the quarterly financial reporting. After adding controls for the information
environment and investor and stakeholder types (Table 17 Column 2), the observed
phenomenon remains statistically significant. The market value of the firm, the leverage, the
clicks on recent Form 4 filings of the firm, and the short interest of the firm are positively
associated with demand for financial reporting information, serving as a proxy for the
usefulness of financial reporting information, in the first ten days after the filing is available.
Firms with a higher share of institutional investors have on average a lower demand for recent
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financial reporting information. Controlling for the differences between the quarters (Table 17
Column 3), I find statistically significant results for the share of sales in the quarter to the sum
of sales during the year. Firm quarters with a 10 percent higher sales share have on average a
3.7 percent higher demand for financial reporting information in the first 10 days after the filing
for this quarter. My results in Table 17 Column 4 further show, that if a firm discloses more
financial reporting information in a quarter, relative to the total disclosure in the fiscal year, the
demand for the filing is higher in the first ten days. The magnitude of the Q4 coefficient
increases significantly. This means that, after controlling for the relatively higher amount of
disclosure in the annual compared to the quarterly filings, the perceived usefulness of annual
relative to quarterly reporting is still higher. Thereby showing that my results are not driven by
the higher amount of disclosure presented in the annual filings. I further find that older financial
reporting information, as measured by the time between the fiscal quarter end and the filing of
the firm, receives a lower demand from the stakeholders. The final specification (Table 17
Column 5), which adds event control variables, indicates that financial reporting information
becomes more useful for stakeholders if the firm reports a loss. Unsurprisingly, I find evidence
that management guidance issued around the earnings announcement, reduced the usefulness
of financial reporting information. Through all these specifications, the usefulness of annual
relative to quarterly information remains higher and statistically significant on the 1 percent
level.
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Table 17 – EDGAR Base Regression
This table examines the usefulness of annual relative to quarterly financial reporting with the inclusion of control
variables. The usefulness of quarterly relative to annual financial reporting information is measured using the
Clicks on EDGAR attributable to non-robot users. Robust p-values in parentheses. ***, ** and * indicate
significance at the 1%, 5% and 10% levels, respectively. Firm and Year Fixed Effects are included in all
regressions. Robust Standard Errors are clustered by firm. Appendix Table A4 provides variable definitions.

(1)
Variables
Q4

(2)
(3)
ln (Human Clicks)

(4)

(5)

0.575***
(0.000)

0.548***
(0.000)
0.159***
(0.000)
-0.002
(0.873)
0.000
(0.986)
-0.166***
(0.000)
0.155***
(0.001)
0.051***
(0.000)
1.836***
(0.000)

0.541***
(0.000)
0.158***
(0.000)
-0.003
(0.779)
0.000
(0.916)
-0.163***
(0.000)
0.152***
(0.001)
0.051***
(0.000)
1.832***
(0.000)
0.317***
(0.000)
0.003
(0.896)
0.001
(0.764)
0.000
(0.883)

0.702***
(0.000)
0.154***
(0.000)
-0.009
(0.431)
0.000
(0.883)
-0.165***
(0.000)
0.164***
(0.000)
0.051***
(0.000)
1.862***
(0.000)
0.297***
(0.000)
-0.002
(0.933)
0.001
(0.739)
0.000
(0.864)
-0.007**
(0.044)
0.273***
(0.000)
-0.405***
(0.000)
-0.041***
(0.000)

0.706***
(0.000)
0.162***
(0.000)
-0.010
(0.408)
0.000
(0.929)
-0.162***
(0.000)
0.155***
(0.000)
0.051***
(0.000)
1.843***
(0.000)
0.370***
(0.000)
-0.004
(0.852)
0.000
(0.799)
-0.000
(0.988)
-0.007**
(0.039)
0.269***
(0.000)
-0.417***
(0.000)
-0.040***
(0.000)
0.054***
(0.000)
-0.020*
(0.074)

27,444
0.755
0.728

27,444
0.765
0.740

27,444
0.766
0.740

27,444
0.769
0.744

27,444
0.769
0.744

Ln(Market Value)
Ln(Analysts)
M2B
Institutional
Lev
ln(F4)
Short Int.
Q/Y Sales
Q/Y CapEx
Q/Y Finance
Q/Y Op. Accrual
Fog
Q/Y Words
FLag
Time Diff.
Loss
MG
Observations
R-squared
Adj. R-squared
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4.5.2

Identified EDGAR users
The SEC EDGAR database is available to all stakeholders of the firms, who contribute to

the higher perceived usefulness of annual relative to quarterly financial reporting information.
Prior analyses do not separate between user groups of EDGAR. To gain insights into the
usefulness of annual relative to quarterly reporting information, I focus on three different groups
of stakeholders accessing quarterly and annual reporting filings on EDGAR. I expect that
EDGAR users from the finance sector (e.g. banks and hedge funds) in general care about
frequent financial reporting information for firm valuation and credit monitoring purposes.
While other corporate users of EDGAR (e.g. potential competitors, customers and suppliers)
might be less interested in frequent reporting information for monitoring and benchmarking
purposes, but use annual reporting information due to the lower influence of seasonal effects,
the longer time period covered and the higher amount of disclosure. The third identified
EDGAR user group, information intermediaries, might mirror the perceived usefulness of
annual relative to quarterly reporting information of their main target group. Under the
assumption, that the revealed preference of intermediaries for annual relative to quarterly
reporting information mirror the information demand from their clients, the information
acquisition of these intermediaries provides insights into the usefulness of frequent financial
reporting of potential recipients of financial reporting information not using EDGAR.
To analyze for which stakeholder group the usefulness of annual relative to quarterly
reporting information is higher I link the IPs accessing SEC EDGAR using the ARIN database
to their direct owner.24 The last IP octet in the EDGAR log files is anonymized. I decipher the
last octet using the deciphering table used in Chen et al. (2019). I classify the largest (measured
by the number of clicks on 10-K/Q filings in the first 10 days) 1,655 EDGAR users into user
groups. This allows me to identify 93% of all clicks in my sample. I thereby clustered all users

24

https://www.arin.net/resources/guide/account/database/ (last accessed April 16, 2019)
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accessing 10-K/Q filings, in the first ten days after filing, more than 81 times in my sample.
One potential limitation to the procedure is that ARIN does not always identify the direct user
of the IP addresses. This is especially true for individuals and corporations not reserving IP
ranges from internet providers and users accessing EDGAR using cloud computing.
I analyze the usefulness of annual relative to quarterly reporting for EDGAR users from
the finance sector25 by using the natural logarithm of the number of clicks +1 and the share of
requests from the finance sector to the total number of requests as a dependent variable. Table
18 Column 1 shows that EDGAR filings requests are on average approx. 16% higher for the
annual relative to quarterly financial reporting for EDGAR users from the finance sector. The
share of human requests from the finance sector to the total requests is significantly lower for
the annual relative to the quarterly filings (Table 18 Column 2). This indicates that stakeholders
from the finance sector deem frequent reporting information more useful compared to other
EDGAR users.
Focusing on other corporate human users of EDGAR (e.g. potential competitors,
customers and suppliers)26 shows that they also deem annual financial reporting to be more
useful relative to quarterly reporting. The requests on the annual filing are approx. 79% higher
relative to the quarterly filing for other corporate EDGAR users (Table 18 Column 3). The share
of requests from corporate users to total requests in the annual relative to the quarterly reporting
is significantly lower, but the reduction in the share of requests to total requests is much lower
compared to human EDGAR users from the finance sector (Table 18 Column 4). This indicates
that users from the corporate sector are less interested in frequent reporting information for

25

The largest EDGAR users from the finance sector include e.g. Wells Fargo, JPMorgan Chase, UBS, Bank
of America and Deutsche Bank.
26
The largest corporate EDGAR users from the non-finance sector include e.g. Price Waterhouse Coopers,
Boeing, Koch Industries, General Electrics and Sherwin-Williams.
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possible monitoring and benchmarking purposes but might use annual reporting information
due to the lower influence of seasonal effects and the higher amount of additional disclosure.
The third identified EDGAR user group, information intermediaries27, deem annual to be
as useful relative to quarterly reporting information compared to other EDGAR user groups.
This can be seen by the higher absolute demand of annual relative to quarterly financial
reporting information on EDGAR (Table 18 Column 5) and the unchanging share of EDGAR
requests from intermediaries to the total requests on the quarterly and annual filings (Table 18
Column 6). Under the assumption that the revealed preference of intermediaries for annual
relative to quarterly reporting information mirror the information demand from their clients, the
information acquisition of these intermediaries shows that the potential recipients of financial
reporting information, which might not be captured using the EDGAR log files, is similar to
EDGAR users which are not from identified financial and non-financial corporations.

The largest information intermediary EDGAR users include e.g The Associated Press, Bloomberg,
Moody’s Investors Service, InfoUSA, and Morningstar.
27
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Table 18 – Identified Users
This table examines the usefulness of annual relative to quarterly financial reporting for identified users, column
(1), (3) and (5), measured as the natural logarithm of the number of clicks in the first 10 days after filing. Column
(2), (4) and (6) analyze the share of requests from these user groups to the total number of requests. Robust pvalues in parentheses. ***, ** and * indicate significance at the 1%, 5% and 10% levels, respectively. Firm and
Year Fixed Effects are included in all regressions. Robust Standard Errors are clustered by firm. Appendix Table
A4 provides variable definitions.

(1)
Variables

ln(Finance)

(2)
Finance
Share

Q4

0.147***
(0.000)
0.178***
(0.000)
0.055***
(0.000)
-0.000
(0.982)
-0.035
(0.321)
0.223***
(0.000)
0.034***
(0.000)
1.295***
(0.000)
0.310***
(0.000)
-0.029
(0.266)
0.003
(0.158)
0.001
(0.681)
0.003
(0.503)
0.138**
(0.019)
0.137***
(0.001)
-0.047***
(0.000)
0.044***
(0.000)
-0.025*
(0.051)

-0.023***
(0.000)
-0.001**
(0.033)
0.002***
(0.004)
-0.000
(0.640)
0.007***
(0.000)
-0.002
(0.394)
-0.001***
(0.000)
-0.036***
(0.000)
-0.007*
(0.067)
-0.002
(0.262)
0.000
(0.143)
0.000
(0.936)
0.001***
(0.001)
-0.016***
(0.000)
0.021***
(0.000)
0.001***
(0.001)
-0.001
(0.103)
-0.000
(0.808)

0.585***
(0.000)
0.103***
(0.000)
-0.004
(0.759)
0.000
(0.833)
-0.156***
(0.000)
0.200***
(0.000)
0.034***
(0.000)
0.927***
(0.000)
0.213***
(0.004)
0.002
(0.949)
-0.001
(0.736)
0.003
(0.222)
-0.013***
(0.002)
0.289***
(0.000)
-0.364***
(0.000)
-0.016**
(0.021)
0.037***
(0.003)
-0.021
(0.111)

-0.003***
(0.000)
-0.001*
(0.080)
0.001
(0.243)
-0.000
(0.261)
-0.000
(0.894)
-0.000
(0.983)
-0.000
(0.112)
-0.016***
(0.002)
-0.002
(0.385)
0.000
(0.684)
-0.000
(0.152)
-0.000
(0.673)
0.000
(0.950)
0.000
(0.855)
0.004***
(0.005)
0.001***
(0.001)
-0.001
(0.263)
-0.000
(0.862)

0.555***
(0.000)
0.064***
(0.000)
-0.001
(0.918)
-0.000
(0.934)
-0.185***
(0.000)
-0.004
(0.925)
0.027***
(0.000)
0.373***
(0.006)
0.078
(0.268)
0.025
(0.307)
0.002
(0.393)
0.002
(0.396)
0.036***
(0.000)
0.080
(0.223)
-0.140***
(0.001)
-0.078***
(0.000)
0.027**
(0.019)
-0.003
(0.785)

-0.000
(0.888)
-0.001*
(0.058)
0.000
(0.676)
-0.000
(0.660)
0.001
(0.352)
-0.003**
(0.042)
-0.000**
(0.011)
-0.021***
(0.000)
-0.004
(0.225)
0.000
(0.970)
0.000
(0.161)
0.000
(0.874)
0.001***
(0.000)
-0.002
(0.401)
0.008***
(0.000)
-0.002***
(0.000)
-0.000
(0.993)
-0.000
(0.753)

27,444
0.725
0.696

27,444
0.413
0.349

27,444
0.674
0.639

27,444
0.252
0.171

27,444
0.450
0.391

27,444
0.226
0.142

Ln(Market Value)
Ln(Analysts)
M2B
Institutional
Lev
ln(F4)
Short Int.
Q/Y Sales
Q/Y CapEx
Q/Y Finance
Q/Y Op. Accrual
Fog
Q/Y Words
FLag
Time Diff.
Loss
MG
Observations
R-squared
Adj. R-squared

(3)
ln(Firms)

(4)
Firms
Share

(5)

(6)
Intermediary
ln(Intermediary)
Share
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4.5.3

Information Acquisition Behavior
To gain a deeper understanding of the information acquisition behavior, I analyze the

EDGAR information acquisition behavior of IPs accessing annual and quarterly reporting
information in the first ten days after their filing. This information acquisition behavior provides
insights into the usefulness of complementing information and possible reasons, triggering
information acquisition of annual and quarterly reporting information.
The first information acquisition pattern I analyze is how targeted annual and financial
reporting information is requested. If only the filing containing the annual and the quarterly
financial reporting information is acquired by EDGAR users, then this shows that these users
only need the annual or quarterly reporting information, because only this provides useful
information to them. I find that the share of stakeholders acquiring only the filing containing
the annual and the quarterly financial reporting information to the total number of requests is
not statistically different for annual and quarterly financial reporting information (Table 19
Column 1). This shows that the composition of the users of annual and quarterly reporting
information is not significantly different in the aspect of targeted information acquisition.
The second information acquisition pattern I analyze is the share of EDGAR users
accessing only filings from the firm with new annual or quarterly reporting information. I find
that the share of EDGAR users accessing reporting information exclusively from the firm with
new reporting information in 10-K/Q filings is higher for quarterly relative to annual reporting
in the first ten days after the filing (Table 19 Column 2). This shows that quarterly financial
reporting information is complemented by a higher degree with only information of the firm.
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Table 19 – EDGAR Information Acquisition Behavior
This table examines the information acquisition behavior of IPs accessing 10-K/Q filings in the first ten days after
their filing on EDGAR. Several traits are analyzed relative to the share of IPs accessing the filings: IPs requesting
only 1 filings (Column 1), IPs accessing filings from more than one firm (Column 2). Further the information
acquired by the IP during the same day is examined by calculating the share of Financial Reporting (10-K/Q) and
ad-hoc (8-K) filing requests to the total number of requests. Robust p-values in parentheses. ***, ** and * indicate
significance at the 1%, 5% and 10% levels, respectively. Firm and Year Fixed Effects are included in all
regressions. Robust Standard Errors are clustered by firm. Appendix Table A4 provides variable definitions.

Variables
Q4
Ln(Market Value)
Ln(Analysts)
M2B
Institutional
Lev
ln(F4)
Short Int.
Q/Y Sales
Q/Y CapEx
Q/Y Finance
Q/Y Op. Accrual
Fog
Q/Y Words
FLag
Time Diff.
Loss
MG
Observations
R-squared
Adj. R-squared

(1)
1 Click

(2)
1 Firm

(3)
Reporting

(4)
Ad-Hoc

-0.007
(0.186)
0.000
(0.908)
0.003
(0.238)
0.000
(0.714)
-0.017***
(0.004)
-0.002
(0.868)
0.000
(0.706)
0.078***
(0.002)
0.029*
(0.052)
0.007
(0.184)
0.000
(0.274)
-0.000
(0.671)
-0.001*
(0.064)
0.020*
(0.066)
0.038***
(0.000)
0.008***
(0.000)
0.006***
(0.006)
-0.001
(0.828)
27,442
0.339
0.267

-0.047***
(0.000)
-0.000
(0.925)
0.003
(0.259)
0.000
(0.949)
-0.024***
(0.000)
-0.001
(0.943)
0.002***
(0.001)
0.075**
(0.010)
0.032*
(0.055)
0.008
(0.164)
-0.000
(0.941)
-0.000
(0.845)
-0.001
(0.407)
0.006
(0.627)
0.082***
(0.000)
0.004***
(0.003)
0.008***
(0.000)
-0.001
(0.648)
27,442
0.398
0.332

0.013***
(0.000)
0.001
(0.279)
0.006***
(0.001)
-0.000
(0.142)
-0.002
(0.518)
0.001
(0.877)
-0.003***
(0.000)
0.012
(0.452)
0.013
(0.172)
0.001
(0.870)
-0.000
(0.343)
-0.000
(0.722)
-0.000
(0.662)
0.005
(0.503)
-0.027***
(0.000)
0.007***
(0.000)
-0.001
(0.731)
0.005***
(0.000)
27,442
0.297
0.221

-0.009***
(0.000)
-0.001
(0.289)
0.000
(0.737)
-0.000
(0.726)
-0.003
(0.107)
0.002
(0.559)
0.000
(0.148)
0.013
(0.150)
0.008*
(0.088)
-0.001
(0.714)
0.000
(0.522)
-0.000
(0.759)
0.001***
(0.008)
-0.006
(0.165)
-0.003
(0.292)
-0.008***
(0.000)
0.002*
(0.078)
-0.003***
(0.000)
27,442
0.317
0.243
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The third information acquisition pattern focuses on the filing types acquired by IPs
accessing annual and quarterly reporting filings in the first ten days after their filings. I find that
the share of reporting filings (form 10-K and form 10-Q) relative to the total number of filings
acquired with the new reporting information is higher for the annual relative to the quarterly
filing (Table 19 Column 3). This indicates, given that less users acquire information from other
firms with the annual filing, that annual reporting information is more often complemented by
reporting information from other (potential peer) firms. This shows that EDGAR users deem
annual financial reporting information to be more comparable across firms than quarterly
financial reporting information.
The fourth information acquisition pattern focuses on the share of ad-hoc filings (form 8K) acquired by IPs accessing annual and quarterly reporting filings in the first ten days after
their filings. I find that the share of ad-hoc filings (form 8-K) relative to the total number of
filings acquired with the new reporting information is lower for the annual relative to the
quarterly filing (Table 19 Column 4). This indicates that quarterly financial reporting
information might be useful against the background of significant recent developments and that
ad-hoc information complements quarterly financial reporting information.
4.5.4

Investment Horizon
Institutional investors with a transient investment strategy are, for example positively

associated with myopic R&D reductions to avoid earning declines (Bushee, 1998). Therefore,
quarterly reporting information might be more useful relative to annual reporting information
for firms with a higher share of investors having a shorter investment horizon (transient
investors). I expect that the usefulness of quarterly relative to annual financial reporting
information is lower for firms with a higher share of long term oriented institutional investors.
Implementing the institutional investor classifications of Bushee and Noe (2000), I find
that the demand for quarterly relative to annual financial reporting information on the EDGAR
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database is lower for firms with a higher share of institutional investors having a dedicated
investment strategy (Table 20 Panel A Column 1). This indicates, that dedicated institutional
investors deem quarterly relative to annual financial reporting information to be less useful.
This result is derived by interacting the percentage of shares hold by dedicated institutional
investors with the Q4 indicator variable.
I further investigate whether my results are driven by an increase or decrease in the
financial reporting information requested after the quarterly or the annual filings. To calculate
the total association of dedicated investors with the annual filings, I combine the regression
coefficient of the share of dedicated investors variable (Dedicated) and the interaction of
Dedicated with Q4 and test whether the combined effect is statistically significant. I find that
firms with a higher share of dedicated institutional investors are associated with a lower (higher)
demand of the quarterly (annual) financial reporting information provided at the EDGAR
database (Table 20 Panel B Column 1). This indicates that for firms with a high basis of
dedicated investors, the lower usefulness of quarterly relative to annual reporting is driven by
the lower usefulness of quarterly and the higher usefulness of annual financial reporting
information. This is in line with prior made predictions.
I find the opposite when I focus on short investment horizon institutional investors (being
classified as having a transient investment strategy) (Table 20 Panel A Column 2). This is in
line with my predictions of dedicated investors deeming annual relative to quarterly financial
reporting information to be more useful. By examining the absolute association between the
demand for quarterly and annual financial reporting and transient institutional shareholders,
that firms with a higher base of transient institutional investors have on average a higher
demand for quarterly financial reporting information. The share of transient investors does not
seem to influence the demand for annual financial reporting information (Table 20 Panel B
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Column 2). This indicates that transient investors have, on average an increased demand for
quarterly financial reporting information.
Table 20 – Institutional Shareholders
Panel A displays the OLS regression of the natural logarithm of Human Clicks on the Q4 indicator and its'
interaction with the institutional ownership variable. Panel B displays the average absolute association of the
institutional shareholder type with the usefulness of quarterly and annual financial reporting. The Quarterly effect
is the coefficient of the institutional shareholder variable in Panel A. The Annual Effect is the linear combination
of the coefficient of the institutional shareholder variable and its' interaction with the Q4 dummy.
This table examines the association between the usefulness of quarterly relative to annual financial reporting. The
regressions in Panel A include Firm and Year Fixed Effects. Robust p-values in parentheses. ***, ** and * indicate
significance at the 1%, 5% and 10% levels, respectively. Robust Standard Errors are clustered by firm. Appendix
Table A4 provides variable definitions.

Table 20 Panel A
(1)

Variables
Q4
Q4 x Dedicated
Dedicated

(2)
ln(Human Clicks)
Dedicated
Transient
0.659***
(0.000)
0.936***
(0.000)
-0.250***
(0.004)

-0.435***
(0.000)
0.333***
(0.000)

Q4 x Transient
Transient
Firm Controls
Quarter Controls
Disclosure Controls
Event Controls
Observations
R-squared
Adj. R-squared

0.772***
(0.000)

Yes
Yes
Yes
Yes
27,444
0.770
0.745

Yes
Yes
Yes
Yes
27,444
0.769
0.744

(1)

(2)

Table 20 Panel B

Variables
Quarterly Effect
Annual Effect

ln(Human Clicks)
Dedicated
Transient
-0.250***
(0.004)
0.686***
(0.000)

0.333***
(0.000)
-0.101
(0.265)
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To conclude, the results indicate that for shareholders with a longer investment horizon
(dedicated institutional investors) the usefulness of quarterly relative to annual financial
reporting is lower. For shareholders with a shorter investment horizon (transient institutional
investors) the usefulness of filed quarterly relative to annual financial reporting information is
higher. Unlike shareholders with a longer investment horizon, investors with a shorter
investment horizon deem quarterly relative to annual financial reporting to be more useful if it
is filed at the EDGAR database.
4.5.5

Short Term Information Usefulness
To analyze, whether the higher importance of annual relative to quarterly reporting

information found in the SEC EDGAR log files might be due to shareholders attributing a
higher importance to annual relative to quarterly financial reporting, I focus on capital market
reactions. Market reactions to annual and quarterly earnings announcements provides evidence
that reporting information is useful for shareholders. This allows me to draw inferences from
the main findings based on the EDGAR accessions by stakeholders, who might be interested in
financial reporting due to the valuation role of accounting.
Measuring the usefulness of financial reporting information, I follow Landsman et al.
(2012) by using the abnormal trading volume (AVOL). I find a higher usefulness of annual
relative to quarterly reporting information in regressions including firm and year fixed effects.
Observations of the annual earnings announcement are associated with an approx. 13% higher
AVOL in the 3-day window around the earnings announcement (Table 21 Column 1). This
effect is still observable after including control variables as proposed by Landsman et al. (2012)
(Table 21 Column 2) and controlling for differences between the quarters (Table 21 Column
3). Through all these specifications, the usefulness of quarterly financial reporting information
relative to annual financial reporting information, as measured by AVOL, is lower.
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Table 21 – Short Term Information Usefulness
This table examines the usefulness of annual relative to quarterly financial reporting when considering the
information acquisition over a short time horizon after the information is released. Column (1) to (3) consider the
abnormal trading volume (AVOL) from t-1 to t+1 around the earnings announcement, while Column (4) presents
the clicks on the new quarterly and annual filings on EDGAR from t=0 to t+1. Robust p-values in parentheses.
***, ** and * indicate significance at the 1%, 5% and 10% levels, respectively. Firm and Year Fixed Effects
included in all regressions. Robust Standard Errors are clustered by firm. Appendix Table A4 provides variable
definitions.

(1)

(2)
AVOL

(3)

(4)
Ln(Quick Clicks)

0.121***
(0.000)
No
No
No
No
No

0.125***
(0.000)
Yes
No
No
No
No

0.121***
(0.000)
Yes
Yes
No
No
No

0.418***
(0.000)
No
Yes
Yes
Yes
Yes

23,061
0.335
0.261

23,061
0.342
0.269

23,061
0.342
0.269

27.444
0.646
0.608

Variables
Q4
AVOL Controls
Quarter Controls
Firm Controls
Disclosure Controls
Event Controls
Observations
R-squared
Adj. R-squared

EDGAR helps capital market participants to incorporate novel reporting information (e.g.
Drake et al. 2015). Therefore, the information acquisition in the first days might be more
representative for stakeholders acquiring accounting information if they perform a valuation of
the firm compared to monitoring the firm for non-valuation purposes. I therefore examine the
usefulness of annual relative to quarterly reporting information up to the first complete day after
the filing. In this setting, I find a higher usefulness of annual relative to quarterly reporting
information, which further shows that the higher usefulness of annual relative to quarterly
reporting information, found in EDGAR is (at least partly) attributed to the valuation role of
accounting.
4.5.6

Automated information acquisition
Most papers in the accounting literature using the EDGAR log files exclude algorithmic

or automated information acquisition activity because these so-called robots are associated with
a lower intelligence compared to human EDGAR users. Therefore, their information acquisition
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is deemed to be less informed than human information acquisition (Drake et al. 2016, 2015 and
Lee et al. 2015).
Since robot requests increased from 77% (second quarter 2008) to 96% (second quarter
2017) (Heilig 2019) and also originate from sophisticated capital markets institutions such as
hedge funds and banks (Drake et al. 2019), I analyze them to gain insights into the information
acquisition of EDGAR users employing technically sophisticated data gathering methods. If
the robots are not agnostically harvesting EDGAR, but mirror the interest of their users, I expect
to be able to draw inferences about the usefulness of annual relative to quarterly financial
reporting information for their users. First descriptive statistics Figure 18 and Figure 19 show
that web-crawlers also acquire annual reporting information more than quarterly financial
reporting information on the EDGAR database in the first ten days after the filings are
publically available.
Figure 18 – Mean Robot EDGAR Clicks in the first 10 days
This graph depicts the mean daily Clicks (Mean Clicks) on the SEC EDGAR database separated by annual (10-K)
and quarterly (10-Q) filings. This graph focuses on robot/algorithmic users of EDGAR, robot EDGAR users are
identified following Loughran and McDonald (2017). Time after Filing is measured in days with t=0 being the day
of the filing at the EDGAR database.
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Figure 19 – Median Robot EDGAR Clicks in the first 10 days
This graph depicts the median daily Clicks (Median Clicks) on the SEC EDGAR database separated by annual
(10-K) and quarterly (10-Q) filings. This graph focuses on robot/algorithmic users of EDGAR, robot EDGAR
users are identified following Loughran and McDonald (2017). Time after Filing is measured in days with t=0
being the day of the filing at the EDGAR database.

Table 22 shows that the users of web-crawlers also attribute a higher usefulness to annual
relative to quarterly financial reporting information. This leads to two conclusions. First,
EDGAR users acquiring reporting information using technically sophisticated data gathering
methods reveal a higher usefulness of annual relative to quarterly reporting information.
Second, the robots mirror human information acquisition behavior, which implies, that they are
not agnostically harvesting the EDGAR database.
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Table 22 – Robot EDGAR users
This table examines the usefulness of annual relative to quarterly financial reporting with the inclusion of control
variables. The usefulness of quarterly relative to annual financial reporting information is measured using the
Clicks on EDGAR attributable to robot users. Robust p-values in parentheses. ***, ** and * indicate significance
at the 1%, 5% and 10% levels, respectively. Firm and Year Fixed Effects are included in all regressions. Robust
Standard Errors are clustered by firm. Appendix Table A4 provides variable definitions.

(1)

(2)

0.502***
(0.000)

0.490***
(0.000)
0.079***
(0.000)
0.011
(0.147)
-0.000
(0.502)
0.102***
(0.000)
0.024
(0.346)
0.010***
(0.000)
0.421***
(0.000)

27,444
0.826
0.807

27,444
0.829
0.811

Variables
Q4
Ln(Market Value)
Ln(Analysts)
M2B
Institutional
Lev
ln(F4)
Short Int.

(3)
ln (Robot Clicks)

Q/Y Sales
Q/Y CapEx
Q/Y Finance
Q/Y Op. Accrual

(4)

(5)

0.482***
(0.000)
0.078***
(0.000)
0.010
(0.220)
-0.000
(0.655)
0.106***
(0.000)
0.020
(0.431)
0.010***
(0.000)
0.415***
(0.000)
0.389***
(0.000)
0.013
(0.381)
0.001
(0.407)
0.002*
(0.099)

0.454***
(0.000)
0.076***
(0.000)
0.007
(0.350)
-0.000
(0.719)
0.107***
(0.000)
0.021
(0.420)
0.010***
(0.000)
0.415***
(0.000)
0.376***
(0.000)
0.009
(0.521)
0.001
(0.448)
0.002
(0.120)
0.001
(0.618)
0.308***
(0.000)
-0.105***
(0.000)
-0.013***
(0.000)

0.454***
(0.000)
0.076***
(0.000)
0.007
(0.339)
-0.000
(0.716)
0.107***
(0.000)
0.021
(0.418)
0.010***
(0.000)
0.416***
(0.000)
0.377***
(0.000)
0.009
(0.524)
0.001
(0.453)
0.002
(0.121)
0.001
(0.615)
0.308***
(0.000)
-0.106***
(0.000)
-0.013***
(0.000)
0.000
(0.953)
-0.005
(0.428)

27,444
0.830
0.812

27,444
0.831
0.813

27,444
0.831
0.813

Fog
Q/Y Words
FLag
Time Diff.
Loss
MG
Observations
R-squared
Adj. R-squared
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4.6

Conclusion

By examining the revealed preferences of the stakeholders for quarterly relative to annual
financial reporting, I find that the general trend of a higher usefulness of annual relative to
quarterly reporting information is significantly weaker for institutional EDGAR users from the
finance sector.
Analyzing the information acquisition behavior of IPs accessing annual or quarterly
reporting filings in the first days after its’ filing, I find that the acquisition of quarterly (annual)
reporting information is more complemented by financial reporting information of the firm (of
other firms), indicating a higher comparability of annual financial reporting information.
Further, quarterly reporting information acquisition is complemented by a higher acquisition of
ad-hoc disclosure, indicating that quarterly reporting information is more useful on the
background of current developments.
This paper further shows that the higher usefulness of annual relative to quarterly
reporting information can be (partly) attributed to capital market participants and that
technically sophisticated EDGAR users (using robots to gather filings for them) also deem
annual reporting information to be more useful, relative to quarterly reporting information.
After a regulatory change from quarterly to semi-annual financial reporting I would
expect firms to decide to further voluntarily disclose quarterly financial reporting information
if they have more short-term oriented investors. The stakeholders of these firms are interested
in these quarterly filings and would therefore incentivize the firm to further disclose financial
reporting information. Further, firms could still voluntarily disclose financial reporting
information in the wake of current developments, to fulfill the increased stakeholder demand
for frequent reporting information.
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5

Conclusion
The rise of the internet over the last decades made financial information more easily

available for potential information recipients. In search for new and direct measures of
information acquisition and shareholder attention, the finance and accounting literature found
several different ways to use online information acquisition. This thesis focuses on the
information acquisition of mandatory firm level disclosure on the SEC EDGAR database,
which is documented at a unique level of detail in publicly available log files.
The present thesis contributes to the relatively novel accounting literature using the SEC
EDGAR log files in several ways. In chapter two, I review and cluster the usage of the SEC
EDGAR log files in the empirical finance and accounting literature. The literature review is
accompanied by descriptive statistics demonstrating the increase in information acquisition on
EDGAR as well as variations in the usage of EDGAR.
The literature review concludes by demonstrating a mostly overlooked phenomenon,
namely the automated information acquisition of robots / web-crawlers on the EDGAR
database. The importance of automated information acquisition on EDGAR increased from
2007 to 2017, showing that this trend is becoming increasingly important. The users of robots
employ technically sophisticated algorithms to gather huge quantities of disclosed information.
I demonstrate in descriptive analyses that the information acquisition of robots is not (contrary
to the assumptions in prior literature, e.g. Lee et al. 2015) uninformed and that robots are not
agnostically harvesting EDGAR but are operating driven by a purpose given by their users.
Further, I argue that information acquisition by robots is costly for those who employ
them, and that therefore their users expect a profit from this (costly) information acquisition.
Further, the information acquired by robots is used by information intermediaries (e.g.,
Bloomberg and Yahoo! Finance) to improve the overall market environment. Therefore, I
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encourage future literature to conduct more research into the capital market effects of automated
information acquisition.
In chapter three, we analyze the effect of a large-scale and unexpected EDGAR server
outage on the liquidity of firms affected by this server outage. We find that the liquidity of
firms, whose filings are more adversely affected by the server error, decreases more strongly
on that day. We show in cross-sectional analyses that the outage affects liquidity more adversely
when requests stem from sophisticated market participants, when requests are algorithmic in
nature, and when alternative information sources are less prevalent. This implies that EDGAR,
when it runs smoothly, contributes to leveling the playing field for all investors that increasingly
acquire information in smart ways through algorithms.
Taken together, our results contribute to the literature that examines how public information
affects financial market outcomes. While prior papers have established a causal effect from a
permanent shift in public information to liquidity (e.g., Kelly and Ljungqvist, 2012), our paper
examines the temporary unavailability of requested public information, which is an issue that
has only recently become relevant as market participants increasingly use and depend on
digitally available information.
In chapter four, I contribute to the current debate about the usefulness of frequent quarterly
financial reporting, by analyzing the revealed preferences of stakeholders for annual and
quarterly reporting information on EDGAR. This paper is the first to highlight the empirical
regularity that the annual relative to quarterly reporting information is deemed to be more useful
to the users of EDGAR. I show that this perceived higher usefulness of annual relative to
quarterly reporting information is lower for stakeholders from the finance sector. Based on the
information acquisition patterns of EDGAR users, I find that the acquisition of quarterly
(annual) reporting information is more complemented by reporting information of the firm (of
other firms), indicating a higher comparability of annual financial reporting information.
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Further, quarterly reporting information acquisition is complemented by a high share of ad-hoc
disclosure acquisition, indicating that quarterly reporting information is more useful on the
background of current developments. Focusing on the investment horizon of institutional
investors, I find that a higher share of dedicated (transient) investors is associated with a higher
(lower) usefulness of annual relative to quarterly reporting. The higher usefulness of annual
relative to quarterly reporting is also detectable on the capital markets after earnings
announcements, showing that the higher usefulness of annual relative to quarterly reporting can
be linked to the valuation role of accounting. Further, the information acquisition of technically
sophisticated EDGAR users employing robots confirms the higher usefulness of annual relative
to quarterly reporting. These findings indicate that quarterly financial reporting information is
indeed useful for shareholders, even though less so relative to annual reporting information.
Beyond the separate contributions made in all three different chapters, this thesis contributes
to the accounting literature using the EDGAR log files by showing that information acquisition
by robots is not randomly acquiring reporting information, but that this acquisition of reporting
information by robots has capital market implications.
Overall, this thesis sheds light on the acquisition and usage of financial reporting
information available online. Stakeholders of listed firms increasingly make use of digitally
available financial reporting information and therefore policy makers, which oftentimes
mandate disclosure to strengthen the market-wide information environment (e.g., Leuz and
Wysocki, 2008), need to understand this channel through which information is acquired better.
Further, the EDGAR log files present, due to their high usage by stakeholders and the high level
of detail, a unique opportunity for finance and accounting researchers to examine the effects of
disclosure and observable information acquisition.
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Appendix to Chapter 3
Appendix Table 1A – Variable Definition

Variable name
Dependent variables:
Bid-Ask Spread
ILLIQ

Trade Size

Variable description

Source

Bid-Ask spread at day end, calculated as (Ask- CRSP
Bid)/((Ask+Bid)/2) using day end closing prices. The at the 1%
level winsorized natural logarithm of this variable is used in the
regressions.
Illiquidity defined as Amihud 2002, on the daily level, CRSP
calculated as absolute(daily return)/dollar trading volume.
ILLIQ is reported as absolute(daily return)/million dollar
trading volume in the Table 1. We winsorize ILLIQ at the 1%
level. This variable is standardized in the regressions.
Trade Size is the average of the number of shares traded to the SEC
number of trades on U.S. exchanges, except NYSE and NYSE
MKT. The at the 1% level winsorized natural logarithm of this
variable is used in the regressions.

SEC EDGAR Error variables
Error Share is the share of not fulfilled requests due to an error
Error Share
most likely attributable to the SEC EDGAR server (http Code
5xx) to the number of fulfilled requests (http Code 2xx) and
unfulfilled requests (http Code 5xx) on the SEC EDGAR server
for the firm on April 24, 2017.
High Error is an indicator equal to one if the Error Share of the
High Error
firm exceeds the median Error Share on April 24, 2017.
Error Quintile are the quintiles of the Error Share on April 24,
Error Quintile
2017.
High Error Late is an indicator equal to one if the Error Share
High Error Late
in the second half of the trading day of the firm exceeds the
median Error Share on April 24, 2017.
High Error Early is an indicator equal to one if the Error Share
High Error Early
in the first half of the trading day of the firm exceeds the median
Error Share on April 24, 2017.
High Error Day is an indicator equal to one if the average error
High Error Day
share on the day is larger than 1.8% (top 1% of all trading days
from 2012 to the second quarter 2017).
Error Share Late is the share of not fulfilled requests due to an
Error Share Late
error most likely attributable to the SEC EDGAR server (http
Code 5xx) to the number of fulfilled requests (http Code 2xx)
and unfulfilled requests (http Code 5xx) in the second half of
the trading day.
Error Share Early is the share of not fulfilled requests due to an
High Error Early
error most likely attributable to the SEC EDGAR server (http
Code 5xx) to the number of fulfilled requests (http Code 2xx)
and unfulfilled requests (http Code 5xx) in the first half of the
trading day.
(this Appendix table is continued on the next page.)

SEC

SEC
SEC
SEC
SEC
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Variable name
Cross Sectional variables
Market Participants

Robot

Few Analysts

Importance

Recent

Control variables
Total Requests
Total Requests, Late

Total Requests, Early
Market Value
Share Turnover

# New Filings
Key Event
Earnings Announcement

Variable description

Source

Market Participants is the share of requests on the SEC
EDGAR database linked via the IP address to institutions
associated with capital market trading (banks & hedge
funds). This variable is winsorized at the 1% level. This
variable is centered in the regressions.
Robot is the share of requests on the SEC EDAGR
database on filings of the firm allocated to web crawlers
/ robots. This variable is winsorized at the 1% level.. This
variable is centered in the regressions.
Few Analysts is an indicator equal to one if the firms
fiscal quarter is forecasted by fewer analysts than for the
median (less than five 5 forecasts).
Importance of SEC EDGAR is the average number of
requests on the SEC EDGAR database divided by the
average Market Value (in Million USD) in t-2 to t-5. This
variable is winsorized at the 1% level. This variable is
centered in the regressions.
Recent is the share of requests on filings filed in the last
5 trading days relative to the total number of requests on
the SEC EDGAR database of that firm. This variable is
winsorized at the 1% level. This variable is centered in
the regressions.

SEC

Total number of requests on the SEC EDGAR database.
The centered natural logarithm of this variable is used in
the regressions.
Total number of requests in the second half of the
trading day on the SEC EDGAR database. The centered
natural logarithm of this variable is used in the
regressions. This variable is centered in the regressions.
Total number of requests in the first half of the trading
day on the SEC EDGAR database. This variable is
centered in the regressions. The centered natural
logarithm of this variable is used in the regressions.
Market value of the firm. The centered lagged natural
logarithm of the market value is used in the regressions.
Share turnover is the daily number of traded shares
divided by the total number of shares outstanding. This
variable is winsorized at the 1% level. The centered
lagged Share Turnover is used in the regressions.
# new filings is the centered number of new filings of the
firm on the SEC EDGAR database. The centered daily
number of new filings is used in the regressions.
Key Event is an indicator whether the firm has a key
event (other than an earnings announcement).

SEC

I/B/E/S
SEC & CRSP

SEC
&
WRDS SEC
Analytics

SEC
SEC

SEC

CRSP
CRSP

WRDS SEC
Analytics

Capital
IQ
S&P
Key
Developments
Key Events is an indicator whether the firm has an I/B/E/S
earnings announcement.
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Appendix Table 2A – Covariate Balance using Matching
This table reports the covariate balances for all firm day observations before applying data preprocessing methods
and after assigning entropy weights, performing propensity score matching and coarsened exact matching. Stddiff is the standardized difference between the mean value in the High and Low Error group. Following Rubin
(2001) we require the data preprocessing methods to have standardized differences smaller than 0.25. Var-ratio is
the variance ratio, the ratio of High Error to Low Error variance of the covariates. Rubin (2001) defines balanced
variances with a Var-ratio of 1.0 and defines preprocessing methods as out of balance for Var–ratios greater than
2.0 and lower than 0.5. All data preprocessing methods improve the balancing of our sample into the thresholds
proposed by Rubin (2001). For information on all variables, see Appendix Table 1A.

High Error
Variable
Mean Variance
Full Sample (February 17 – June 30, 2017)
Not pre-processed
0.007
0.000
Bid-Ask Spread
500.886 574577
Total Requests
19.970
3.545
Market Value
0.008
0.000
Share Turnover
0.306
1.042
# New Filings
0.108
0.096
Key Event
0.020
Earnings Announcement 0.020
Pre-processed – Entropy
0.007
0.000
Bid-Ask Spread
500.891 574582
Total Requests
19.970
3.545
Market Value
0.008
0.000
Share Turnover
0.306
1.042
# New Filings
0.108
0.096
Key Event
0.020
Earnings Announcement 0.020
Pre-processed - PSM
Bid-Ask Spread
0.006
0.000
Total Requests
524.705 639835
Market Value
20.300
3.420
Share Turnover
0.008
0.000
# New Filings
0.320
1.124
Key Event
0.114
0.101
Earnings Announcement 0.020
0.019
Pre-processed - CEM
Bid-Ask Spread
0.006
0.000
Total Requests
464.970 367948
Market Value
20.024
3.335
Share Turnover
0.007
0.000
# New Filings
0.139
0.266
Key Event
0.076
0.070
Earnings Announcement 0.015
0.015

Low Error
Balance
Mean Variance Std-diff Var-ratio
0.005
663.506
21.016
0.009
0.357
0.132
0.019

0.000
1607250
4.932
0.000
1.369
0.114
0.019

0.177
-0.156
-0.508
-0.082
-0.047
-0.075
0.004

1.469
0.357
0.719
0.997
0.761
0.839
1.029

0.008
534.395
19.972
0.008
0.306
0.108
0.020

0.000
951488
4.824
0.000
1.079
0.096
0.020

-0.070
-0.038
-0.001
-0.032
0.000
0.000
0.000

0.839
0.604
0.735
0.888
0.966
0.999
1.001

.006
529.029
20.313
0.008
0.307
0.109
0.019

0.000
759161
3.382
0.000
1.057
0.0970
0.019

-0.004
-0.005
-0.007
-0.059
0.012
0.018
0.003

1.031
0.843
1.011
0.888
1.064
1.044
1.022

0.006
472.606
20.045
0.007
0.139
0.076
0.015

0.000
577939
3.393
0.000
0.266
0.070
0.015

-0.004
-0.011
-0.012
-0.011
0.001
0.001
0.005

1.008
0.637
0.983
0.990
1.003
1.002
1.040
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Appendix Table 3A – Robustness of Main Results to Industry-Date Fixed Effects
This table presents OLS regression results of the SEC EDGAR error measures on the Bid-Ask Spread Regression
(2) uses an entropy balanced sample, regression (3) a propensity score matched sample, regression (4) uses a
coarsened exact matched sample and regression (5) and (6) use an optimal non-bipartite matched sample. All
regressions include firm and industry-date fixed effects. We capture the firms industry by using the Fama-French
48 industry clusters. Standard errors are clustered by firm and date and are reported in parentheses. *, **, ***
denote significance at the p<0.10, p<0.05 and p<0.01 levels. For information on all variables, see Appendix Table
1A.

Preprocessing Method

(1)
None

(2)
Entropy

Variable
Error Share

(3)
(4)
PSM
CEM
Bid-Ask Spread

0.050**
(0.020)
0.028***
(0.005)

High Error

0.024***
(0.005)

0.024***
(0.005)
0.011***
(0.002)

Error Quintiles
2nd Error Quintile
3rd Error Quintile
4th Error Quintile
5th Error Quintile
Total Requests
Market Value
Share Turnover
# New Filings
Key Event
Earnings Announcement
Observations
Adjusted R2
Adjusted R2, within

(5)
(6)
Non-Bipartite

-0.004*
(0.002)
-0.357***
(0.064)
-0.041***
(0.004)
0.001
(0.001)
0.014***
(0.004)
0.054***
(0.010)

-0.004
(0.003)
-0.339***
(0.067)
-0.043***
(0.004)
0.001
(0.001)
0.014***
(0.005)
0.056***
(0.011)

173,053
0.911
0.008

173,053
0.897
0.008

0.013
(0.011)
0.038***
(0.009)
0.051***
(0.009)
0.038***
(0.011)
-0.003
-0.007** -0.011** -0.011**
(0.003)
(0.003)
(0.004)
(0.004)
-0.379*** -0.402*** -0.518*** -0.518***
(0.061)
(0.067)
(0.067)
(0.067)
-0.041*** -0.039*** -0.039*** -0.039***
(0.004)
(0.004)
(0.004)
(0.004)
0.000
0.003
0.008
0.008
(0.001)
(0.003)
(0.006)
(0.006)
0.015*** 0.015***
0.024*
0.025*
(0.004)
(0.005)
(0.013)
(0.013)
0.053*** 0.066***
0.056
0.056
(0.010)
(0.015)
(0.045)
(0.046)
132,444
0.903
0.009

155,324
0.898
0.009

76,925
0.914
0.012

76,925
0.914
0.012
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Appendix to Chapter 4
Appendix Table 4A – Variable Definitions

Dependent variables
ln(Human Clicks)

ln(Robot Clicks)
ln(Quick Clicks)
Finance
Finance Share
Firms
Firms Share
Intermediary

Intermediary Share
1 Click
1 Firm
Reporting

Ad-Hoc

AVOL

Cross-Section variables
Q4
Dedicated
Transient

ln(Human Clicks) is the natural logarithm of clicks (attributable to human
EDGAR users) on the filing in the first 10 days after the filing on the SEC
EDGAR Database.
ln(Robot Clicks) is the natural logarithm of clicks (attributable to robot /
algorithmic EDGAR users) on the filing in the first 10 days after the filing on
the SEC EDGAR Database.
ln(Quick Clicks) is the natural logarithm of clicks (attributable to human
EDGAR users) on the filing in the t=0 and t=1 after the filing on the SEC
EDGAR Database.
Finance is the natural logarithm of human clicks +1 attributed to IPs belonging
to EDGAR users in the finance sector, e.g. Hedge Funds and Banks, in the first
ten days after the filing was made.
Finance share is the relation of human clicks attributed to IPs belonging to
EDGAR users in the finance sector to the total number of human requests in the
first ten days after the filing was made.
Firms is the natural logarithm of human clicks +1 attributed to IPs belonging to
corporate EDGAR users in all other sectors than the finance sector in the first
ten days after the filing was made.
Firms share is the relation of human clicks attributed to IPs belonging to
corporate EDGAR users in all other sectors than the finance sector to the total
number of human requests in the first ten days after the filing was made.
Intermediary is the natural logarithm of human clicks +1 attributed to IPs
belonging to EDGAR users functioning as information intermediaries (e.g.
Associated Press, Bloomberg and Morningstar) in the first ten days after the
filing was made.
Intermediary share is the relation of human clicks attributed to IPs belonging to
information intermediary users to the total number of human requests in the
first ten days after the filing was made.
1 Click is the share of accesses belonging to IPs accessing only the quarterly or
annual filling on that day to the total number of requests in the first ten days
after the filing.
1 Firm is the share of accesses belonging to IPs accessing only filings from the
firm from which they requested the quarterly or annual filling on that day to the
total number of requests in the first ten days after the filing.
Reporting is the share of quarterly or annual financial reporting information
(form 10-K/Q) being accessed by IPs requesting the quarterly or annual
financial reporting filings to the total filing views of these IPs on that day. Only
IPs identified as human users are considered.
Ad-Hoc is the share of ad-hoc filings (form 8-K) being accessed by IPs
requesting the quarterly or annual financial reporting filings to the total filing
views of these IPs on that day. Only IPs identified as human users are
considered.
AVOL is the abnormal trading volume in a 3-day window around the earnings
announcement of the firm. AVOL is the natural logarithm of the average trading
volume in the 3-day window around the earnings announcement divided by the
average trading window in the control period. The control period is from -60 to
-10 days before the earnings announcement.
Q4 is an indicator equal to one if the filing is an annual 10-K filing and zero
otherwise.
Dedicated is the share of Dedicated institutional investors of the firm, following
the classification from Bushee and Noe (2000).
Transient is the share of Transient institutional investors of the firm, following
the classification from Bushee and Noe (2000).
(This table is continued on the next page)
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Firm Control variables
Ln(Market Value)
ln(Analyst)
M2B
Lev
Institutional
ln(F4)
Short Int.
Quarter Control variables
Q/Y Sales
Q/Y CAPEX
Q/Y Finance
Q/Y Op. Accrual
Disclosure Control variables
Fog
Q/Y Words
FLag
Time Diff.
Event Control variables
Loss
MG

AVOL Control variables
Market Value
Analyst
RepLag
Lev
DLoss
UE
DISP

Ln(Market Value) is the natural logarithm of the market value of equity of the
firm.
ln(Analyst) is the natural logarithm of the number of analysts forecasting the
reported quarter.
M2B is the Market to Book value.
Lev is the Leverage of the firm.
Institutional is the share of institutional investors of the firm.
ln(F4) is the average number of clicks on the Form 4 filings of the firm in the
first 30 days after the filing of the form 4, retrieved from Bill McDonalds
website.
Short Int. Is the number of shares shorted divided by the number of shares
outstanding.
Q/Y Sales is the share of sales of the quarter to the sum of sales during the year
Q/Y CapEx is the share of CAPEX of the quarter to the sum of CAPEX during
the year.
Q/Y Finance is the share of the Cash Flow from Financing of the quarter to the
sum of Cash Flow from Financing during the year.
Q/Y Op. Accrual is the share of operating accruals in the quarter to the sum of
operating accruals during the year.
Fog is the Gunning Fog Readability Index.
Q/Y Words is the number of words in the current filing to the total number of
words the firm provides in the filings during the year.
FLag is the natural logarithm of the Filing Lag, measured as days between the
fiscal quarter closing date and the filing date of the firm.
Time Diff. is the natural logarithm of the difference in days between the
Earnings Announcement and the filing.
Loss is an indicator equal to one if the firm has a negative net income in the
quarter.
MG (Management Guidance) is an indicator equal to one if the firm provided
management guidance in the five-day window around the earnings
announcement.
Market Value is the natural logarithm of the market value of equity of the firm.
Analyst is the number of analysts forecasting the reported quarter.
RepLag is the time in days between the end of the fiscal quarter end the earnings
announcement.
Lev is the Leverage of the firm.
DLoss is an indicator equal to one if the firm reported negative earnings per
share in the quarter.
UE (Unexpected earnings) is the absolute difference between the reported
earnings per share and the most recent mean analyst estimates, scaled by the
share price.
DISP (Dispersion) is the standard deviation of the most recent analyst earnings
per share estimates, scaled by the share price.
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7.1

Discussion of SEC EDGAR control variables

This section discusses the used control variables in the regressions using the EDGAR
search volume as the dependent variable.
Firm Control variables:
To control for the information environment of the firm, which influences the demand of
financial reporting information on the EDGAR database, this study follows Drake et al. (2015)
by controlling for the natural logarithm of the Market Value of Equity, the natural logarithm of
the number of analysts forecasting the quarterly earnings per share and the share of institutional
owners.
The used approach further controls for different investor and stakeholder types by
including the Leverage, the Market-to-Book ratio and the short-interest of the firm (Drake et al.
2015). I also include the mean number of clicks on Form 4 filings (insider trading) in the first
30 days after their filing in the calendar quarter. This variable controls for the general interest
of stakeholders in the EDGAR filings of the firm. This study uses Form 4 filings, since these
filings are filed with a high frequency (after each insider trade) and contain recent information,
since the filing period between the insider trading and the filing is regulated and monitored by
the SEC.
Quarter Control variables:
The set of control variables further includes controls addressing the difference between
the quarters. The first control is the share of sales of the quarter to the sum of sales during the
year. Oyer (1998) shows that firms have higher sales closely to the fiscal year end. This is due
to executives and sales managers trying to reach their annual sales goals at fiscal year end,
thereby maximizing their personal welfare. Since stakeholders might know about these effects
increasing the importance of single quarters, their incentives to be informed increase.
Xu and Zwick (2018) show that firms’ investments spike in the 4th quarter due to tax
minimizing behavior of firms. Hence, I control for the investment differences between the
quarters with the share of capital expenditures (CAPEX) of the quarter to the sum of CAPEX
during the year.
Further executives of firms are incentivized to reach certain earnings benchmarks at the
fiscal year end. One way of reaching this goal is by earnings management through operating
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accruals. Therefore, a control for the share of operating accruals in the quarter to the sum of the
operating accruals during the year is added in the regressions. This paper follows Dechow
(1994) by calculating operating accrual as the difference between net income and the cash from
operations. Operating accruals show how much of the reported net income comes from cash
operations and how much is made up by accruals (Hafzalla et al. 2011).
Another additional control addressing the differences in quarters is the share of Net Cash
Flow from Financing before dividends of the quarter to the sum of Net Cash Flow from
Financing during the year. Debt financing changes the risk profile of the firm for individual
stakeholder groups. This might increase the demand of stakeholder groups for financial
reporting information in the quarters.
Disclosure Control variables:
The regressions further control for the quantity and quality of the disclosure provided in
the filings. The regressions include the share of the number of words in the filing to the total
number of words provided during the year to proxy for the disclosure quantity provided by the
firms. The control for the quality or readability of the filings is the Fog-Index (Lawrence 2013).
Loughran and McDonald (II) (2014) show that the number of words is a better proxy for
readability than the Fog-Index. This study uses the Fog-Index to avoid collinearity between the
number of words in the quarterly filings and the share of the number of words provided in the
quarterly filing to the sum of words provided in financial reporting filings during the year.
Moreover, the regressions contain control variables to proxy for how much time has
passed by from the fiscal quarter end till the filing of the firm and for the time difference in
days between the earnings announcement and the filing of the firm. The aim of this measure is
to capture the timeliness of the financial reporting information. Both time measures are included
as the natural logarithm of the number of days plus one in the regressions. Even though
transporting new financial information timely to shareholders is not seen in one stream of the
accounting literature, which focuses on the contracting role of financial reporting, as the most
important role of financial reporting (e.g., Kothari et al. 2010 and Ball and Shivakumar 2008),
the regressions control for this. This control is added since the EDGAR database does not
exclusively provide information to shareholders. Further, another stream of the accounting
literature, which focuses on the valuation role of accounting, emphasizes the usefulness of
financial information to shareholders (e.g., Lambert 2010), making timely financial reporting
more useful for shareholders.
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Event Control variables:
The regressions further control for two events, which might change the importance of
financial reporting information for stakeholders. The first control is an indicator variable which
indicates whether the firm has a negative net income in the reported quarter. This loss might
increase the interest in financial reporting information of the firm, even though prior literature
indicates that the financial reporting information of a loss making firm is less informative (Hayn
1995) and could therefore receive fewer clicks. The second control is an indicator whether the
firm provides management guidance in the 5-day window around the earnings announcement,
which might serve as a substitute for financial reporting information for the shareholders.
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