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ABSTRACT

1

Publicly-traded companies are required to regularly file financial
statements and disclosures. Analysts, investors, and regulators
leverage these filings to support decision making, with high financial and legal stakes. Despite their ubiquity in finance, little is
known about the information seeking behavior of users accessing
such filings. In this work, we present the first study of this behavior.
We analyze 14 years of logs of users accessing company filings
of more than 600K distinct companies on the U.S. Securities and
Exchange Commission’s (SEC) Electronic Data Gathering, Analysis,
and Retrieval (EDGAR) system, the primary resource for accessing
company filings. We provide an analysis of the information-seeking
behavior for this high-impact domain. We find that little behavioral history is available for the majority of users, while frequent
users have rich histories. Most sessions focus on filings belonging
to a small number of companies, and individual users are interested in a limited number of companies. Out of all sessions, 66%
contain filings from one or two companies and 50% of frequent
users are interested in six companies or less. Understanding user
interactions with EDGAR can suggest ways to enhance the user
journey in browsing filings, e.g., via filing recommendation. Our
work provides a stepping stone for the academic community to
tackle retrieval and recommendation tasks for the finance domain.

Finance is a domain characterized by a large number of financial and
regulatory documents, which analysts and investors need to consume as part of their regular workflows. Advanced techniques for
search, filtering, and recommendation are crucial to ensure timely
access to the right information [3, 13]. Despite this, information
retrieval (IR) research focused on the financial domain is still in
its early days. While there are some studies on stock recommendation [6, 7, 34], financial entity extraction [24], financial event
representation learning [8], ranking [12], and prediction [33], we
understand relatively little about how users interact with financial information systems. In this work we take a first step in this
direction by focusing on company filings.
Company filings are financial statements of companies or disclosures made by parties tied to these companies. They are a primary source for investors, analysts, advisors, and regulators to
acquire information about a company. In the US, all public companies are required to submit filings to the Securities and Exchange
Commission (SEC). These filings are exposed to users through the
Electronic Data Gathering, Analysis, and Retrieval system (EDGAR)
database [18]. With an average of over 3,000 filings being submitted
per day and hundreds of thousands of daily filing views by users,
EDGAR plays a central role in the collection and distribution of
financial information.
The Securities and Exchange Commission (SEC) made the EDGAR
Log File Dataset (EDGAR-LFD) publicly available. The dataset records
access to company filings in the period between February 14, 2003
and June 30, 2017.1 It captures access to individual filings from
different users, alongside meta-information about the filing that
is being accessed. The availability of EDGAR-LFD has led to numerous studies in the finance literature [9, 10, 19, 20, 23, 29], which
shows the importance of this dataset for research in finance. The
focus in such publications is on revealing correlations between the
information acquisition of EDGAR users at an aggregate level and
financial variables such as stock returns [9, 19, 29]. Different from
previous work in the finance literature, we aim to understand how
users interact with EDGAR with the focus on information access
itself.
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INTRODUCTION

1 https://www.sec.gov/dera/data/edgar-log-file-data-set.html
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task that correspond to the different usage patterns observed in
EDGAR, namely next-filing and next-session recommendation.
In summary, we provide the following contributions:
• We provide a detailed description and statistics for EDGAR-LFD,
which will inform anyone interested in exploring this dataset
(Section 3).
• We provide the first analysis on the information seeking
behavior of EDGAR users. Our analysis reveals that user
sessions focus on filings from a small number of companies,
and that individual users are typically only concerned with
a small fraction of the set of all companies (Section 4).
• We discuss the implications of our findings and identify two
variations of the filing recommendation task that correspond
to the different usage patterns observed in EDGAR, namely
next-filing and next-session recommendation (Section 5).

(a) Filing index page linking to filing and supplementary files.

2

(b) Content of an S-8 filing (corresponds to the first row in
Fig. 1a).

Figure 1: Example EDGAR filing index page and content.

In this paper, we provide a comprehensive picture of EDGARLFD (Section 3) and analyse how users interact with financial company filings (Section 4). We study the interactions of users with
EDGAR on a session level, on a user level, and from a temporal
perspective. We find that more than half of the users are one-timers
with a single session, while the 10% most active users account for
75% of all sessions. Further, most sessions are focused on filings
from a small number of companies. Specifically, 66% of all sessions
contain filings from 1–2 companies, suggesting that users tend to
focus on filings of a single or of a pair of companies in a session.
In the top 10% most frequent users, 50% are interested in six companies or less and 90% of them are interested in 37 or less unique
companies over their whole life-cycle, defined as the time between
their first and last session on EDGAR. This shows that the most
frequent users of the system only focus on a small portfolio of
companies.
Our user behavior analysis serves as a stepping stone for the
community to tackle retrieval and recommendation tasks for the
high-impact financial domain. Our findings have the potential to
help financial information providers such as the SEC and commercial providers to better understand the user journey in browsing
filings, and suggest ways to enhance the user experience, e.g., via
filing recommendation. As a concrete use case to benefit from our
analysis, we identify two variations of the filing recommendation

RELATED WORK

Previous work on EDGAR-LFD. While this dataset has not been
studied by the IR community, there is a considerable amount of
work on it in the finance literature. Loughran and McDonald [23]
study the consumption of financial information in filings by analyzing the distribution of daily filing requests. Activity on EDGAR is
correlated with poor stock performance [10], reactions of the stock
market to earnings announcements [20], and predictive of firm performance [9] and stock returns [19, 29]. Co-searches of companies
by the same users on EDGAR are used to identify economically
related peer firms [18]. These studies examine the usage of EDGAR
at an aggregate level, and do not look into user level activities; the
focus is on financial variables such as stock returns, and correlations with market events. Unlike previous work, in this paper we
analyze the EDGAR-LFD from an information access perspective,
in order to understand user behavior and enhance the performance
of filing recommendation systems.
Analyzing information seeking behavior. There is a large volume of work on analyzing and learning from interaction logs. Interaction logs are studied to characterize information seeking behavior
in different settings such as web search [21], mobile search [31],
email search [2], library search [17] and search in productivity
software suites [4]. What we add to the work listed above is a
comprehensive picture of the information seeking behavior in the
finance domain.
Information retrieval in finance. IR in finance has gained attention in the recent years. The FinIR workshop [13] introduces
and explores challenges and potential research directions in this
area. The FinWeb workshop 2 further explores the usefulness of
information on the Web for financial technology. Plachouras et al.
[26] and Liu et al. [22] propose search systems specifically designed
for financial data. Other related work includes methods to rank
financial tweets [5], entity extraction and disambiguation in finance [15], extracting summaries from annual financial reports [1],
risk ranking from financial reports [28], and financial document
classification [11]. Complementary to existing work, we focus on

2 https://sites.google.com/nlg.csie.ntu.edu.tw/finweb2021

Understanding Financial Information Seeking Behavior from User Interactions with Company Filings

WWW ’22 Companion, April 25–29, 2022, Virtual Event, Lyon, France

Table 1: Descriptions of the most frequently accessed filing
(form) types on EDGAR.
Type Description
10-K Report on a company’s performance over a financial year
4
Statement of changes in beneficial ownership of a company
8-K Report of unscheduled material events or corporate changes
at a company
10-Q Report on a company’s performance over a financial quarter

understanding user behavior in interaction with a financial information system and enhancing the user experience with recommender
systems.

3

(a) Users can search EDGAR for specific companies.

EDGAR & THE LOG FILE DATASET

We start by describing the EDGAR system and EDGAR-LFD, which
are the main focus of this paper. At the center of EDGAR are filings, financial statements of companies and disclosures made by
parties tied to these companies. Fig. 1a shows the index page for
a specific type S-8 filing issued by Amazon. An S-8 filing is made
by companies when they issue equity to their employees. Other
examples of filing (form) types are shown in Table 1.3 A company,
like Amazon in our example, is identified by a unique central index
key (CIK). The concrete filing is uniquely identified by an accession
number. As shown in Fig. 1a, the filing itself is composed of multiple files; these are typically the filing document itself in various
formats, and supplementary material such as graphics and relevant
correspondences. Fig. 1b shows the top of a filing document itself,
which corresponds to what a user sees after clicking on a document
in the first row of Fig. 1a.
The EDGAR system provides various interfaces for accessing
filings. These interfaces can be divided into the following categories:

(b) Chronological list of filings for a company.

(1) Company lookup (Fig. 2a), to list all filings of that specific
company, as shown in Fig. 2b.
(2) Latest filings, for listing filings made in the past few days
(Fig. 2c).
(3) EDGAR archive, when the user knows the CIK (and possibly
the accession number) of the filing. 4
These interfaces for reaching a specific filing are reflected in the
EDGAR-LFD entries for a specific filing.
With the EDGAR Log File Dataset (EDGAR-LFD), the SEC made
access logs for EDGAR filings publicly available.5 The dataset captures access to individual filings between February 14, 2003 and
June 30, 2017, where each record in the data corresponds to a single
access by a user to a single filing. A single access corresponds to
a single user viewing the contents of a filing (Fig. 1b), or a filing
index page (Fig. 1a). Each record contains the date and time of the
access and the obfuscated IP address of the user accessing the filing,
as well as other details such as the company’s CIK and the filing’s
accession number. An example of an EDGAR-LFD record is shown
in Table 2. Additional information about the filings, such as the
filing type and the date that the filing was submitted to EDGAR can
3 Descriptions

of different filing types can be found under https://www.sec.gov/forms

4 https://www.sec.gov/Archives/edgar/data/1018724

5 https://www.sec.gov/dera/data/edgar-log-file-data-set.html

(c) Latest EDGAR submissions, chronologically ordered.

(d) EDGAR full-text search.

Figure 2: Examples of specific parts of the SEC’s EDGAR website.
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Table 2: Example of an access record in EDGAR-LFD.
Time

CIK

Accession

Find Crawler Extension

Year #valid
days
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
Total

303
366
243
235
365
366
365
365
365
344
365
365
365
366
181

#sessions

#accesses

4,421,280
7,377,624
4,505,386
3,971,556
6,703,874
8,351,487
12,111,097
13,633,080
15,543,090
15,835,972
25,724,152
31,280,275
33,084,153
45,364,178
20,282,374

12,377,278
24,697,866
14,290,505
15,424,208
28,643,702
34,072,032
45,109,128
51,405,694
60,586,259
60,817,982
112,685,058
119,560,348
108,967,228
142,694,568
95,057,605

#unique #unique
filings companies
1,430,943
2,012,168
1,817,180
2,232,270
3,467,975
3,469,548
3,244,679
3,403,496
3,598,266
4,745,665
8,517,826
8,158,452
5,993,998
8,211,940
8,586,242

142,960
194,072
178,416
193,222
265,258
243,016
227,435
235,163
256,870
287,858
398,015
385,115
336,679
448,807
480,512

4,959 248,189,578 926,389,461 11,596,247

607,426

be inferred using the accession number.6 Appendix A gives more
details about the fields of an EDGAR-LFD entry.
We preprocess the dataset and group individual accesses into
sessions. The preprocessing and sessionization steps are described
in Appendix A. The yearly dataset statistics after the preprocessing
steps are shown in Table 3. The processed dataset contains more
than 926M accesses to more than 11M filings from 600K companies,
grouped into more than 248M sessions, which span across more
than 14 years of history.

4

USER BEHAVIOR ANALYSIS

We study financial information seeking behavior by analyzing
EDGAR-LFD. We look into temporal access patterns, session-level
and user-level behavior. We use the data from all years (bottom
row, Table 3). We aim to understand the user behavior and gain
insights that can help to improve the user experience in accessing
the filings.

4.1

User-level analysis

We focus on user-specific aspects of the filing views. Fig. 3 (Left)
shows the cumulative distribution of the number of sessions per
user. More than half of the users in the data are one-timers with
a single session. The 90th percentile for the number of sessions
per user is equal to four, and out of 50.2M users in the data, 5.8M
have at least four sessions. We will refer to these top 10% users as
frequent users in the rest of our analysis. Fig. 3 (Right) displays the
cumulative distribution of sessions across users, showing that the
10% most active users account for roughly 75% of the sessions.
6 From:

https://www.sec.gov/Archives/edgar/full-index/
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Figure 3: Cumulative distribution of (Left:) number of sessions per user, and (Right:) sessions across users.
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Figure 4: Cumulative distribution of (Left:) number of
unique companies, and (Right:) number of unique form
types for all users and frequent users.

P(user companies x)

Table 3: Yearly statistics of EDGAR-LFD after preprocessing.

P(session per user x)

203.24.7.aba 2009-10-01 12:09:41 001018724 0001193125-09-154174 3

Proportion of sessions

Date

P(user form types x)

IP

The analysis shows that the proportion of infrequent users is
considerable. For such users, historical behavior beyond the current session is scarce. For downstream tasks such as recommendation, this implies that instant recommendation scenarios such as
session-based recommendation, where only the information from
the current session is considered, are suitable for a general EDGAR
user. We also notice that frequent users are responsible for over 75%
of all the sessions in the data, showing that for such users we can
rely on rich historical behavior for downstream tasks, and other
recommendation scenarios that rely on historical behavior (such as
sequential recommendation) could be considered.
We further look into the companies and form types of interest
to all users and to the subset of frequent users. Fig. 4 shows the
cumulative distribution of unique number of companies and form
types that users have interacted with over their whole life cycle.
Of the frequent users, 50% are interested in six or less companies
and 90% of them are interested in 37 or less unique companies in
total; frequent EDGAR users are concerned with only a small subset
of companies that have their filings available on the website. The
median and 90th percentile are much less if we consider all users.
A similar observation holds for the number of unique form types.
Out of 505 different form types available, 50% of the frequent users
are interested in five or less and 90% are interested in at most 17
unique form types.
This means that each user is concerned with a very small fraction of the data that is available on EDGAR. This implies that in
downstream tasks for improving user journey on EDGAR, such as
recommendation, focusing on companies and filing types that a

P90

all users
frequent users
P50 (median)
P90

P50 (median)
P90

P(session length x)

101 102 103 104
101 102 103 104
User session length (seconds)
User life-cycle (days)
Figure 5: Cumulative distribution of (Left:) average session
length per user, and (Right:) life-cycle of users in the whole
time frame of the data, for all users and frequent users.
1.0
0.8
0.6
0.4
0.2
0.0
100

P50 (median)
P90

102
103
101
101 102 103 104
Session length (# filings)
Session length (seconds)
Figure 6: Cumulative distribution of (Left:) session length in
terms of number of filings accessed in a session, and (Right:)
session length measured in seconds.

user has previously shown interest in will be effective. Such a focus
can drastically reduce the search space in different retrieval and
recommendation scenarios.
We study the average session length, defined as time between
the first and last access in a session, for all users and for frequent
users. Fig. 5 (Left) shows the cumulative distribution. The session
length is longer for frequent users, with 9 and 15 minutes for the
90th percentile of all and frequent users, respectively.
Our analysis reveals that most of the sessions on EDGAR are
short; users tend to focus on a single task in a session, that can
translates to accessing a particular filing of interest. There is a notable difference between the session length distribution of frequent
users and all users; frequent users have longer sessions, which
could indicate that they are a specific group of users, for example
analysts. It is worth mentioning that EDGAR-LFD does not provide
any information about the type of users who are accessing the
filings, but the usages patterns could help to identify different user
groups [9].
Fig. 5 (Right) shows the cumulative distribution of life-cycle of
users, defined as the number of days between the first and the last
session. While the data spans 14 years, the frequent users have a
median life-cycle of roughly a year and when considering all users,
the 90th percentile for life-cycle is around a year. We observe that
frequent users have a much longer life-cycle. For such users, in cases
where the historical information is used for a downstream task, the
change in the interests of a user in time needs to be accounted for;
a very old historical behavior could be less relevant than a recent
one when predicting the future interactions of a user.

4.2

Session-level analysis

We analyze the characteristics of sessions on EDGAR in this section. Fig. 6 shows the cumulative distribution of session length in

1.0
0.8
0.6
0.4
0.2
0.0
100
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Figure 7: Cumulative distribution of (Left:) number of
unique companies, and (Right:) number of unique form
types in sessions with more than one filing accessed.

terms of number of filings viewed and session length measured in
seconds between the first and the last access in the session. We
observe that 68% of all sessions contain only one filing, suggesting
that often times users are interested in one filing at a time. This
means that most sessions are focused on a single information need,
corresponding to a small number of filings at a time.
The session length distribution shows that 53% of all sessions
take less than 10 seconds, corresponding to the sessions with one
filing. On the other hand, around 40% of sessions take longer than
100 seconds, which shows that rapid consumption of information
is not always possible. It is worth mentioning that since we are
measuring the time between the first and the last access, this does
not reflect the exact session duration; the user may still be reading
the last accessed filing.
We further study sessions that contain more than one filing in
terms of the number of unique companies and form types that they
contain. Fig. 7 shows the distributions. Most sessions are focused
on a small number of companies. Specifically, 66% of all sessions
contain filings from one or two companies, suggesting that EDGAR
users tend to focus on filings of a single or a pair of companies in a
session. The average number of unique form types in sessions is 2.78,
with 25% of sessions containing a single form type, suggesting that
users are interested in browsing multiple form types in a session. In
case of session-based recommendation, these insights can be used
to limit the search space to certain filing types from the companies
accesses up until now in the current session.
We also look at the referrers to the first access in the session,
which tells us how people come to interact with filings in EDGAR.
It is worth mentioning that EDGAR-LFD only records accesses to
filings; accesses to other pages on the SEC website are not visible in the dataset. We observe that 53% of all sessions start from
an unknown referrer, including accesses from outside of the SEC
website, such as web search and web links. The remaining sessions
start from the various pages shown in Fig. 1a and 2: 82.5% of those
start from the page containing all of the filings of a specific company (Fig. 2b), suggesting that the company page is the starting
point for browsing filings for most of the sessions. Further categories of known referrers are index page (8.8%, Fig. 1a), the EDGAR
archive (5.0%), filing data (3.3%), search (0.3%), and the latest filings
page (0.2%). Only 0.3% of all sessions initiate from search, which
shows that EDGAR users rarely use search to directly find filings;
the majority of sessions start from a company page, which indicates
that users probably use search to find the companies and use the
company filing page (Fig. 2b) to access the filings.
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Figure 9: Most accessed filing types in the dataset.

4.3

Temporal analysis

In this part we focus on the temporal aspects of filing views. Since
the data is available for more than 14 years of history, we study
the changes in user access across all these years. Fig. 8 shows the
average of daily accesses and daily users for each year. We observe
that there is an exponential growth in both, which shows that more
people are using EDGAR as a source of information year by year.
We further study the distribution of the time spent on the filings
and the time between accesses and the filing dates for different filing
types. We first study the number of accesses per form type. Fig. 9
shows the 41 filing types that are responsible for 90% of all accesses
on EDGAR, out of 505 available form types. Over half all accesses
are to four filing types, namely 4, 10-K, 10-Q, and 8-K. We look into
the time spent on filings by EDGAR users. Fig. 10 (Left) shows the
cumulative distribution of the time spent on filings for different
filing types. Users spent the least time on filing type 4, which is
essentially a table, with a median of four and 90th percentile of
100 seconds. Users spent considerably more time on 10-Q and 10-K
forms; digesting information in these forms requires more time, as
they report on a public company’s performance over a financial
year or quarter.
Fig. 10 (Right) shows the cumulative distribution of the difference
between the filing date of a filing and the date that it is being viewed
in days, for the top four filing types and in total. EDGAR contains
filings from 1993, and EDGAR-LFD covers accesses from 2003 to
2017, so users that we study have access to filings from 10 to 24
years of history. However, 50% of accesses happen within a year
of the filing dates. We further notice the difference between filing
types. For filing type 4, roughly 35% of the accesses occur in a day
from the filing date, and 50% happen in 12 or less days, showing that
users are mostly interested in more recent filings of this type. The
median is around a year for the 10-K filings, showing that 10-Ks,
which cover a company’s annual performance, are interesting for
the users for a longer period of time.

1.0
4
8-K
0.8
10-K
0.6
10-Q
all
0.4 P50 (median)
0.2 P90
0.0
100 101 102 103 104
# days btw. access and filing date

Figure 10: Cumulative distribution of (Left:) the time spent
on a filing by users, for different filing types (Right) the time
between access and filing date.
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Figure 8: Average (Left:) accesses per day, and (Right:) users
per day for different years.
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BROADER IMPLICATIONS

EDGAR is a first-source repository for analysts, investors, and regulators to access financial information [23]. EDGAR-LFD contains
the interactions of users with EDGAR, in terms of the filings that
they accessed. Through a user behavior analysis, we have taken
the first step in understanding the information seeking behavior in
the finance domain. Our goal is to provide insights that can guide
the design of systems for downstream tasks.
We further highlight some of the findings in our user behavior
analysis. As a use-case, we consider filing recommendation as a
downstream task. With an average of over 3,000 filings being submitted per day, EDGAR users are overwhelmed with the amount of
information available to them; filing recommendation reduces the
burden on users to navigate the filings and facilitates quicker access
overall. We would like to note that the recommendation use case
presented here is just one possible task informed by our analysis.
As another example, the user interactions captured in EDGAR-LFD
can further be used for learning company representations that are
beneficial for downstream tasks, such as identifying economically
related peer firms [18].
We discuss the implications of the user behavior study for filing
recommendation. The user-level analysis shows that there are two
main types of users on EDGAR, less active users with a few sessions (Fig. 3 (Left)), and the top 10% more active users who account
for 75% of all the sessions (Fig. 3 (Right)). More active users will
benefit from different forms of filing recommendation than less
active ones based on how much we know about them. For infrequent users, for whom we have no prior history beyond the current
session, we consider the next-filing recommendation task, where
the goal is to predict the next filing that a user will view, based
on the filings that they have already viewed in the current session.
More precisely, this is the task of recommending an accession number (see Table 2). Analogous to session-based recommendation [27],
next-filing recommendation is particularly useful for EDGAR since
the majority of users are not frequent users. A successful next-filing
recommendation system will save users time, and will help them
to have a more comprehensive picture on the subject that they are
seeking information about. For more frequent users for which we
have a rich history, we consider next-session recommendation in
the context of EDGAR filings, where the session items are filing
accesses during a session. The goal of the next-session recommendation task is to recommend a list of filings to the user every time
they visit the website, based on the filings they have viewed in the
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past. This is equivalent to sequential [30] or next basket recommendation [16]. Such recommendations would reduce the burden
on users to proactively find the filings of interest every time they
visit EDGAR, and facilitates quicker access to their information
need. Although the frequent users are not the majority of users,
they are responsible for most of the activity, justifying the design of
recommendation models tailored for them. As shown in Section 4.1,
the 10% most active users account for roughly 75% of the sessions
on EDGAR.
The insights from our user behavior analysis can help in designing recommendation systems. Based on our session-level analysis,
we know that a session usually contains filings from a small number of companies (see Fig. 7). This means that for the next-session
recommendation task, we can reduce the search space tremendously by first predicting the companies that will have filings in
the next session. On the other hand, the user-level analysis reveals
that out of all the companies that have their filings available on
EDGAR, individual users are only concerned with a small fraction
of them (Fig. 4 (Left)). This means that for the next-session recommendation task, we can further limit the search space to the
filings from the companies that a user has shown interest in during
their past sessions. The small number of companies per session has
another implication for next-filing recommendation. We can infer
that a user is more likely to stick to the filings of the currentlyviewed companies. In this case, the next-filing recommendation
task can be reduced to ranking the filings of the companies with
filings viewed in the current session. The temporal analysis demonstrates that while the filings on EDGAR go back in history as far
as 24 years, EDGAR users are mostly interested in the most recent
filings (Fig. 10 (Left)). This means that for ranking the filings in both
recommendation scenarios, the filing date should be considered as
a factor and more recent filings should have priority.

6

CONCLUSION

Financial company filings are a primary source for investors, analysts, advisors, and regulators to acquire information about a company and to support their decision making. We study the EDGAR
Log File Dataset, a publicly available dataset containing the log
of accesses to company filings on the US Securities and Exchange
Commission (SEC) website. Through a user behavior analysis, we
provide the first study on this dataset from an information access
perspective. We identify two filing recommendation tasks that correspond to different usage patterns in the dataset. We find that
sessions on EDGAR are focused on filings from a small number of
companies and individual users are interested in a limited number
of companies during their life cycle on EDGAR.
The goal of our work is to provide a stepping stone for the academic community to tackle retrieval and recommendation tasks
for the finance domain. In future work, we aim to design recommendation models informed by our findings in the user behavior
analysis. Moreover, the contents of the filings are available through
EDGAR, and can be used to better understand the users. EDGARLFD contains the data for a rather long period. While we study
some temporal aspects of the user behavior in this paper, many
dimensions remain unexplored. For example, it will be worthwhile
to see how the co-accesses to filings of different companies shift
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over time, and whether such a shift is a reflection of a change in
companies’ business lines.
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A

DATA PREPARATION

Available fields. EDGAR-LFD records access to EDGAR filings
between February 14, 2003 and June 30, 2017.7 The dataset captures
access to individual filings, both for the index page of a filing (Fig. 1a)
and the individual documents that belong to that filing (Fig. 1b).
The dataset is available in CSV format, and is based on Apache web
server access logs. Next, we describe the fields captured by each
EDGAR-LFD entry that are relevant to the analyses performed in
this paper.8
• IP An obfuscated version of the IP address from which a
filing was accessed. Obfuscation is done by replacing the last
octet of the original IP address with a three character string
that preserves the uniqueness of the IP address across the
entire dataset.
• Date Date of the access in YYYY-mm-dd format.
• Time Time of the access in HH:MM:SS format.
• CIK Identifier for the company that the filing accessed in
this record belongs to.
• Accession A unique identifier for the filing being accessed.
• Find A number between zero and 10 that indicates how the
user arrived at the filing, e.g., internal EDGAR search.
• Crawler Indicates whether the user self-identifies as a web
crawler.
• Extension The extension of the filing page being accessed.
Corresponds to the “Document” column in Fig. 1a. Used to
identify whether a filing document has been accessed, or its
index page.
Initial cleanup. After downloading the dataset, we remove records
that have an HTTP response code that indicates unsuccessful requests, which are those not in the 2xx class. We also remove records
that self-identify as crawlers. We first remove entries from dates
between September 23, 2005, and May 10, 2006 that were labeled
by the SEC as “lost or damaged”, as mentioned in [23]. We then further manually examine the days that have significantly less records
than the surrounding days for no apparent reason, such as holidays.
This results in marking the dates between 2003-02-14 to 2003-03-01,
2003-12-13 to 2003-12-15, and 2012-02-08 to 2012-02-29 as damaged.
We remove the damaged dates from the data.
Session definition. In order to better understand the user journeys
on EDGAR, we take the individual filing access records in EDGARLFD and group these into semantically meaningful sessions.
Following [25, 32], we define a session as a sequence of actions
performed by a single IP address, where the difference in time between subsequent actions is not larger than a predefined threshold.
We rely on [14] to find the threshold, based on fitting a Gaussian
7 https://www.sec.gov/dera/data/edgar-log-file-data-set.html
8 https://www.sec.gov/files/EDGAR_variables_FINAL.pdf

for the full list of fields.
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mixture model to the histogram of the time between subsequent
accesses by the same IP address, i.e., same user. A three component
Gaussian mixture model is fitted to the histogram using expectation maximization. After that, the point where inter-activity time is
equally likely to be within the Gaussians fit with sub-hour means
(within-session) and Gaussians fit with means beyond an hour
(between-session) is selected as the threshold.
We apply the above method to EDGAR-LFD in order to create
sessions from the individual accesses per IP address. To this end, we
sample 10,000 IP addresses that we are confident come from interactions of a single human user with the system based on heuristics
from [23] from each year. An IP address corresponding to a single
human user is assumed to not have more than 50 requests per day.
We plot the histogram of differences consecutive actions by the
same IP address in seconds on a log scale. We find 35 minutes to be
the optimal threshold for session breaks, which is in line with the
thresholds in datasets from other domains [14].
Valid sessions. EDGAR is accessed by both humans and bots, but
not all bots self-identify as such; solely relying on the crawler attribute of a log entry is unreliable and following previous work [23],
we take additional measures to remove bot accesses. We filter out
sessions based on three thresholds: (1) the number of accesses in a
session, (2) the duration of a session measured in hours, and (3) the
average time per access in a session. We keep the sessions that are
either (a) less than four hours and have a time-per-access of more
than two seconds, or (b) have less than four accesses in total.
Handling successive requests for the same filing. Each filing
on EDGAR has an index page (see Fig. 1a), and files that belong
to the filing. The data contains access to all documents and index
pages. Our focus is on how users interact with different filings; infiling browsing is out of scope. Hence, for each session, we ignore
all successive views to the same accession number, and we remove
records corresponding to access to the index pages of filings.
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