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摘要

在經歷 1930年代經濟大蕭條後，美國國會為了確保市場的公平、透明及穩定

性而制定與通過了 1934年的證券交易法，該法案的出現賦予了美國證券交易委

員會（SEC）管理監督與標準制定的權限。依據法條中的申報規定，資產在 1000

萬美元以上且股東人數超過 500人的公司需提供年度報告及其他定期財務報告

（主要為 Form 10-K、10-Q及 8-K）給 SEC，而這些報告皆可於 SEC提供的資料庫

EDGAR中查詢。然而，受限於 SEC EDGAR本身提供的搜尋功能只有簡單的財

報搜尋，對於想要取得更深入資訊的使用者來說沒辦法輕易的達成，過去也有研

究提到許多重要的資訊往往是分散在多個財報之中，例如說是希望了解一份財務

報告相較去年時期的改變。在這個研究之中，我們首先基於 SEC EDGAR的系統

重新設計與實作了一套新的資訊系統 MAD EDGAR輔助使用者閱讀 10-K年報，

我們的系統將年報中兩年間的變化以紅色及綠色的醒目提示呈現在報告之中以輔

助使用者閱讀。其次，為了系統成效的評估我們也設計了兩套實驗與任務並招募

了 20名受測者實際操作系統。我們的研究結果顯示，當任務涉及到跨年報的資訊

時，MAD EDGAR在回答問題的效率上確實表現的比 SEC EDGAR更加良好。

關鍵字：美國證券交易委員會、EDGAR、財務報表、10-K年度報告、變化偵測

iii

http://dx.doi.org/10.6342/NTU202201989


doi:10.6342/NTU202201989

Abstract

This paper addresses the problem of SEC EDGAR’s limitations in identifying year-

over-year differences among financial reports. We presented Making A Difference for

SEC EDGAR (MAD EDGAR), a new web-based information system that facilitates the

analysis of year-over-year modifications in 10-K reports. MAD EDGAR highlights the

differences between 10-K reports to help investors efficiently comprehend the modifica-

tions in documents. The year-over-year differences in a 10-K report are presented in a

colorized format, where the color green stands for new statements added in the current

year of the report, while the color red stands for deletion from the previous year on the

contrary. Twenty graduate students from four universities were recruited and observed

while completing two types of tasks specifically designed to evaluate MAD EDGAR’s

usefulness during the experiment. The results indicated that our system out-performed

SEC EDGAR in terms of identifying year-over-year changes.

Keywords: SEC, EDGAR, Financial Report, 10-K Report, Change Detection
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Chapter 1 Introduction

1.1 Background

In the effort to resolve the Great Depression back in the mid-1930s, U.S. President

Roosevelt made it clear that more securities regulation was needed and promised to de-

liver economic reform. Roosevelt sought to bring back public confidence in the securities

markets and was convinced that truthful and full disclosure was essential to this goal.

To protect investors, the United States Congress crafted a mandatory disclosure pro-

cess designed to force companies to disclose information that investors would find perti-

nent when making investment decisions. The Securities and Exchange Act of 1934 (Ex-

change Act) was created to ensure an environment of fairness, financial transparency, and

accuracy.

The Securities and Exchange Commission (SEC) was then established as a federal

administrative agency tasked with monitoring markets, enforcing securities laws, and de-

veloping new regulations. Since its inception in the mid-1930s, the primary mission of

the SEC has been to protect investors and maintain the integrity of securities markets. As

1
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part of this effort, domestic, publicly held companies with more than $10 million in as-

sets whose securities are held by more than 500 owners are required to disclose complete

and accurate information about their operations, as well as any event that could materially

impact them.

The SEC has developed a searchable online database known as SEC Electronic Data

Gathering, Analysis and Retrieval (SEC EDGAR) system, which companies are required

to use to file reports, forms, and other information required by the SEC. Users can search

the database presented in Figure 1.1 similarly to an online search portal, using either the

name of a company or individual. Search results can be further narrowed down by date,

location of the company’s executive offices, or the type of file sought.

Figure 1.1: Screenshot of SEC EDGAR

SEC EDGAR is a valuable resource for recent research. It provides a web-based

interface to all companies’ reports filed with the SEC since 1993. Reports can be down-

loaded by investors or researchers for free and in masses. As it can be seen from Table 1.1,

2
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there were over 14,986,862 filings stored in the SEC EDGAR between January 1993 to

March 2022.

Filing Type Count

4 3,883,749

8-K 1,726,665

10-Q 613,076

6-K 448,612

SC 13G/A 392,377

497 382,755

3 346,059

424B2 342,194

D 318,706

13F-HR 312,002

497K 241,058

SC 13G 214,005

D/A 203,828

10-K 202,170

485BPOS 190,096

24F-2NT 187,042

FWP 181,410

CORRESP 180,720

DEF 14A 172,294

UPLOAD 171,079

Total 14,986,862

Table 1.1: Top 20 SEC EDGAR Filing Type between January 1993 to March 2022

The company’s periodic documents such as annual (10-K) and quarterly (10-Q) re-

ports receive the most attention from investors. Although a less timely than other reports

such as 10-Q reports, 10-K reports still contain comprehensive information on past com-

pany achievements, therefore facilitating the confirmation of readers’ investment deci-

sions about a company.

3
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1.2 Motivation

A 10-K report is a comprehensive document filed annually by a publicly-traded com-

pany about its financial performance and is required by the SEC. Some of the information

about a company is required to disclose in the 10-K report such as its history, organi-

zational structure, financial statements, earnings per share, subsidiaries, executive com-

pensation, and any other relevant data. Figure 1.2 presents a typical 10-K report from

Alphabet Inc., which along with other include at least the following four distinct sections:

1. Business: This section gives a general summary of the company’s primary business,

including its products and services.

2. Risk factors: This section lists all risks that the company is currently facing or may

encounter in the future.

3. Management’s discussion and analysis: Also known as MD&A, this section gives the

company an opportunity to explain its business results from the previous fiscal year.

4. Financial statements and supplementary data: This section includes the company’s au-

dited financial statements including the income statement, balance sheets, and state-

ment of cash flows.

4
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Figure 1.2: 10-K Report Sections

10-K reports are fairly long and complicated due to the amount of the information

they contain. Ravula (2021) found out that in order to reduce the effort while remaining

compliant with regulatory requirements, companies have an incentive to use their own

template when preparing their 10-K reports, which often makes 10-K reports even more

lengthy and complex to analyze overall.

Furthermore, over the last twenty years, researchers around the world in many disci-

plines have leveraged SEC EDGAR as their primary data source getting financial reports

to answer many important research questions (Bommarito et al., 2018). However, limited

by the function of SEC EDGAR search tools, it is not easy for end-users to extract infor-

mation from multiple reports using a single query. Knowledge in SEC EDGAR is usually

distributed in different documents. It could be a report or a statement, but information such

as management decision modifications or year-over-year changes is not straightforward

5

http://dx.doi.org/10.6342/NTU202201989


doi:10.6342/NTU202201989

to get out without labor power (Han et al., 2016).

Cohen et al. (2020) also constructed a panel dataset of 10-K report downloading

activities from SEC EDGAR and correspondingly identified that a large percentage of

investors not only downloaded the current year’s 10-K report, but also the prior year’s 10-

K report in tandem. In order to analyze the lengthy 10-K reports and extract the distributed

knowledge such as year-over-year changes in them, investors have to identify them by

comparing two successive reports word-by-word.

Yet, 10-K reports are lengthy, which may restrict investors’ ability to fully process

and understand the information. Furthermore, the number of 10-K reports had also ex-

ceeded 202,170 as of March 2022. With over 6,000 new 10-K reports each year, investors

have reached their limits in exploring this dataset without the assistance of computer sys-

tems.

Moreover, individual investors may not have the same advantage as a fund manager

or analyst, who looks at hundreds of financial reports year after year. Individual investors

need the ability to extract reliable information and knowledge from financial reports with

minimum manual effort.

6
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1.3 Objectives

To address the above issues and SEC EDGAR’s limitations in extracting distributed

knowledge among reports, we present Making A Difference for SEC EDGAR (MAD

EDGAR), a system that facilitates the analysis of financial reports by highlighting the

year-over-year differences in 10-K reports through an integrated web interface.

7
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Chapter 2 Literature Review

While there are information sources other than SEC EDGAR to acquire financial

reports, the SEC EDGAR still represents one of the primary data sources for individual

investors doing fundamental research on security evaluation (Ravula, 2021). This review

covers the previous work in:

Section 2.1 SEC EDGAR: How the SEC have attempted to enhance SEC EDGAR’s in-

formation extractability and how do the analysts and researchers use SEC EDGAR?

Section 2.2 Text Analysis in Financial Reports: How the researchers have attempted to

extract information from financial reports using text analysis?

Section 2.3 Information System for Financial Information: How the researchers have pro-

posed information systems specifically designed for financial data analysis?

2.1 SEC EDGAR

To enhance and facilitate market information flow, the SEC began an initiative to

develop an electronic disclosure system in 1983, which was later made available to the

8

http://dx.doi.org/10.6342/NTU202201989


doi:10.6342/NTU202201989

public in 1992, currently known as SEC EDGAR. SEC EDGAR reports, on which in-

vestors rely, have been shown to improve market efficiency. The SEC EDGAR system

and the reports it keeps play a significant part in the present research of financial analysis.

Market reaction to SEC EDGAR filings was studied, among others, by You and

Zhang (2007, 2011). You and Zhang (2007) established that investors use information

from 10-K and earnings announcements differently altogether, and You and Zhang (2011)

discovered that investors under-react to 10-K information.

The negative effect of the delay in SEC EDGAR filings was also another popular

research question. Duarte-Silva et al. (2013) studied the market reaction to earnings delay

announcements and concluded that these delays provide a signal of financial performance

deterioration.

Brown et al. (2020) use a machine learning technique to access whether the 10-K

narratives from SEC EDGAR are incrementally informative in predicting intentional mis-

reporting, while McMullin et al. (2018) use 8-K reports from SEC EDGAR to show that

price formation can be enhanced by the increase of mandated disclosures.

Cannon et al. (2019) create a textual measure of corporate social responsibility (CSR)

disclosure that aggregates CSR keywords found in 10-K reports and conclude that CSR

measurement provides information about companies’ competitive advantages. There are

other numerous studies also based on the analysis of SEC reports (Ege et al., 2019;Hasan,

2018; Kim et al., 2019; Lopatta et al., 2017; Mitra et al., 2019).
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2.1.1 XBRL

To enhance the information extractability and facilitate the analysis of investors and

researchers, the SEC adopted the eXtensible Business Reporting Language (XBRL) in

SEC EDGAR and mandated that all companies use XBRL by 2014.

XBRL is essentially a dictionary of tags that can be applied to each element in a

financial report. This enables software to identify what the item represents and how it

relates to others. This also enables the gathering of accounting numbers to be automatic,

which provides a great opportunity for financial analysis (Henselmann et al., 2014).

Numerous researchers had studied the effect of mandatory XBRL disclosure across

various aspects of financial information, such as market efficiency and price discovery.

Kim et al. (2012) suggested that mandatory XBRL filings may reduce information risk

and improve information efficiency. Efendi et al. (2014) found a decline in post-earnings

announcement drift for good news in the post-XBRL adoption period, while Yen andWang

(2015) discovered that the adoption of XBRL is positively related to market reactions in

terms of revenue shocks and their research may alleviate companies’ concerns regarding

the benefits of adopting XBRL.

The XBRL intends to streamline the analysis of financial reports by providing a stan-

dard dictionary for collecting and analyzing financial information. However, considering

that other than those quantitative information that can be categorized and tagged such as

accounting numbers, there is significantly more qualitative information presented in the
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form of unstructured text in financial reports. Analysts and researchers cannot simply

extract qualitative information using the traditional XBRL way.

2.1.2 EDGAR System Usage Data

In order to have a better understanding of how investors use SEC EDGAR, the SEC

had also started releasing the EDGARLog File Dataset to the public, it captured investors’

access to individual filings, alongside meta-data about the filing that is being accessed.

Currently, the EDGARLog FileDataset covers the period fromFebruary 2003 through

June 2017. Each record in the EDGAR Log File Dataset contains information about the

user’s partially anonymized unique Internet Protocol (IP) address, timestamp, company

(identified by the Central Index Key (CIK)), and specific filing type (identified by the

unique SEC accession number). Since the release of the EDGAR Log File Dataset, re-

searchers have been studying investors’ accessing patterns in financial reports.

Drake et al. (2012) found out that investors access mandatory financial filings dur-

ing news release periods and the demand increases during times of negative news and

increased uncertainty about the firm’s business. Lee et al. (2015) identified economically

related peer firms by analyzing the co-searches of companies by the same users on SEC

EDGAR.

Gandhi et al. (2019) studied the consumption of financial information in filings by

analyzing the distribution of daily filing requests. Cohen et al. (2020) also identified that

a large percentage of investors not only downloaded the current year’s 10-K, but also the
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prior year’s 10-K in tandem.

Previous studies indicated that investors and analysts access mandatory disclosures

through SECEDGAR and request millions of filings from SECEDGAR eachweek. How-

ever, considering that historical filings are frequently accessed and that companies file two

million disclosures every year, an automated extraction mechanism is needed for timely

information discovery and knowledge dissemination.

2.2 Text Analysis in Financial Reports

Financial reports such as 10-K and 10-Q are rich with unstructured text information

and provide a comprehensive insight into the future of the company. However, due to its

enormous volume and unstructured nature, humans are not able to analyze it thoroughly

without the assistance of the computer. In recent years, text analysis in financial reports

has seen a dramatic increase in attention, Ravula (2021) covered the previous work in

unstructured data analysis in Financial and Accounting and highlighted the limitations of

the current focus. In this paper, we provide a short summary that classified this research

area by the following three aspects:

1. Tone

2. Readability

3. MD&A Modifications
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2.2.1 Tone

Investors’ judgment is often influenced by forward-looking disclosures (Allee and

DeAngelis, 2014), therefore, the manipulation of tone in text content has the potential to

mislead the analysts and provide a distorted view of the company to investors. The tone

analysis is used to extract the tone of the content in corporate disclosure and may reveal

useful information about the managers’ intentions.

Feldman et al. (2009) measured the changes in financial reports’ tone and exam-

ined the information content of tone change. They found out that short window market

reactions around the SEC filing are associated with the MD&A section’s tone.

Loughran and Mcdonald (2010) introduced a sentiment word list for financial data

using 10-K from 1994 to 2008. They discovered that their negative word lists are posi-

tively related to abnormal trading volume.

2.2.2 Readability

Another important construct in the emerging financial reports on text analysis is the

notion of readability. Readability attempts to measure the ease of understanding a text

content for reports’ readers such as investors.

The first study to examine the relation between readability and the company’s perfor-

mance for a sufficient sample is Li (2008). Li (2008) measured annual reports’ readability

using the Fog Index and researched the relation with the company’s subsequent perfor-
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mance. They concluded that poor performance companies tend to have complicated an-

nual reports.

However, the use of the widely popularized Fog Index is likely to be inappropriate.

Loughran and Mcdonald (2010) reported that the file size of 10-K reports as a readability

proxy that outperforms the Fog Index. They proposed using the file size as an easier and

better calculation for financial report readability.

2.2.3 MD&AModifications

Management Discussion and Analysis (MD&A) is a specific part of a company’s

overall financial disclosure. AsMD&A section often contains new and useful information

about the company, researchers and investors use it for financial analysis purposes. In

recent years, more and more studies focus on the aspect of MD&A modifications, which

are the text changes of MD&A section in 10-K reports between the current year and the

previous year.

Brown et al. (2020) studied year-over-year changes inMD&A section and introduced

a measure for disclosure to represent the modification score. They found that companies

with larger financial performance changes (e.g., changes in Earning Per Share) modify the

MD&A section more and that the modification scores have declined in the past declined

even as MD&A sections have become longer.

Cohen et al. (2020) found out that when companies break their routines when phras-

ing and preparing their MD&A, this action contains rich, important information for future
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companies’ outcomes. They concluded that observing changes in MD&A section yields

a powerful and robust indicator of future company performance.

2.3 Information System for Financial Information

As the volume of financial reports continuously increases, the development of new

information systems that may help investors on accessing, searching, filtering, and under-

standing these documents has also begun to gain attention in recent years.

The FinIR 2020 workshop was the first to bring together a diverse set of researchers

interested in exploring IR technology in finance (Feng et al., 2020). The FinWeb 2021

workshop further explores the usefulness of information on the Web for financial tech-

nology. Other related works proposed several information search systems specifically

designed for financial reports.

Liu et al. (2016) introduced a web-based information system, FIN10K, to retrieve

relevant financial reports and visualize the analyzed results. It visualizes high and low-risk

words learned via the ranking models, as well as the syntactic and contextual information

among financial sentiment words.

Plachouras et al. (2016) introduced a system for users to search financial data using

both keyword and natural language queries. After training model on the World Bank

macro-economic indicator data, their system answers the queries with an automatically

generated textual description using Natural Language Generation (NLG).
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Liu et al. (2018) presented RiskFinder, a web-based information system that provides

the highlight of the high-risk sentences in the MD&A section. They demonstrated the

importance of sentence-level analysis and the integration of soft and hard information in

finance.

Du et al. (2019) presented a financial risk information detecting and analyzing sys-

tem integrating with multiple NLP models trained on financial reports. They provided

two types of user interfaces: one for the assessment of a single report, and the other for an

overview of a given company. Their system is aimed at helping users efficiently compre-

hend financial sentiment and risk delivered by financial reports.
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Chapter 3 Research Gaps and

Research Questions

3.1 Research Gaps

Previously proposed systems have tended to focus on enabling investors to efficiently

comprehend financial reports by supporting visual assistance in a specific part of the doc-

uments such as MD&A section. Furthermore, to our best knowledge, few prior studies

take year-over-year changes into account when designing their systems. Complementary

to previous works, we focus on developing a novel system that facilitates the analysis of

year-over-year differences among financial reports in a complete document aspect.

3.2 Research Questions

1. How can we design a system to facilitate the analysis of 10-K reports with regard

to identifying year-over-year changes?

2. How can we evaluate the usefulness of our system compared to SEC EDGAR?
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Chapter 4 System Design and

Implementation

As mentioned in the previous chapters, the objective of this research is to develop

a novel system, MAD EDGAR, to facilitate the analysis of the financial reports by high-

lighting the year-over-year differences in 10-K filings.

With an integratedweb interface, investors can better identify what has beenmodified

in the current year’s financial report without needing to compare it against the previous

one. In this chapter, we will discuss the system’s requirements, design of functionality,

and system’s architecture detail.

4.1 System Requirements

To facilitate the analysis of year-over-year differences in 10-K reports, we explore the

idea of providing visual support in the form of highlighting textual modifications between

two successive years in this study.

A differencing algorithm outputs a set of differences between two inputs. These
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algorithms are the basis of a number of commonly used developer tools. Git is one example

where a developer can read, commit, pull, and merge diffs in their source code. Figure 4.1

presents a sample output in Git that shows changes in a source code between commits.

Figure 4.1: Sample Diff Output in Git

Microsoft also created a built-in feature that allows users to compare two Microsoft

Word documents using such algorithms. Figure 4.2 presents a sample output that shows

changes in two Microsoft Word documents.

Figure 4.2: Sample Diff Output in Microsoft Word
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Inspired by these insightful tools, we developed MAD EDGAR which is able to take

a pair of 10-K reports as an input and generate the diff-highlighted results as output. Sec-

tion 4.3 discusses about how we overcome the technical difficulties of applying differenc-

ing algorithm on HTML documents. Figure 4.3 presents a sample diff-highlighted 10-K

report in MAD EDGAR.

Figure 4.3: Sample Diff-Highlighted Report in MAD EDGAR
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4.2 User Interface Design of Functionality

Our goal is to make changes to SEC EDGAR that help investors better identify year-

over-year differences in 10-K reports. To introduce as minimal changes as possible to

the original workflow and minimize the learning curve of the users, we designed the user

interface of MAD EDGAR based on SEC EDGAR. Table 4.1 presents a brief comparison

of functionality between both systems.

Function SEC EDGAR MAD EDGAR

Data coverage 3 △

access to all SEC forms (10-K, 10-Q, 8-K, ...) currently only support a subset of 10-K reports

Document search 3 △

full-text search on company name or terms in documents full-text search on company name

Advanced filter 3 3

filtered by date range filtered by date range

Year-over-Year comparison 7 3

modifications are highlighted in the report

Table 4.1: System Function Comparison

Figure 4.4 presents the screenshots of the main page for both systems, an input search

bar allows users to search for reports by a specific company.
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(a) SEC EDGAR

(b) MAD EDGAR

Figure 4.4: Screenshot of the Main Page

Figure 4.5 presents the screenshots of the search tool for both systems. By extending

the previous input search bar, search results can be further narrowed down by date.
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(a) SEC EDGAR

(b) MAD EDGAR

Figure 4.5: Screenshot of the Search Tool

Figure 4.6 and Figure 4.7 show the screenshots of the report viewer and a sample

report for both systems. In MAD EDGAR’s current form, the year-over-year differences

in a 10-K report are presented in a colorized format, where the color green stands for new

statements added in the current year of the report, while the color red stands for deletion
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from the previous year on the contrary.

(a) SEC EDGAR

(b) MAD EDGAR

Figure 4.6: Screenshot of the Report Viewer
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(a) SEC EDGAR

(b) MAD EDGAR

Figure 4.7: Screenshot of a Sample Report
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4.3 System Architecture

The overall infrastructure is illustrated in Figure 4.8. We designMADEDGAR based

on the three-tier architecturemodel, where the system is organized into three logical layers:

1. The Presentation Tier, also known as the User Interface Tier;

2. The Application Tier, where the REST-APIs are deployed;

3. The Data Tier, where the data is stored and managed.

Figure 4.8: Overall Architecture in MAD EDGAR
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4.3.1 Data Tier

Figure 4.9: Data Tier in MAD EDGAR

The data tier mainly holds the system’s data and responds to the application tier’s data

query. In order to populate MAD EDGAR with the diff-highlighted results, we created a

distributed task queue system that handles the batch processing presented in Figure 4.9.

Each task represents performing a differencing algorithm on a pair of two consecutive year

10-K reports from the same company and is independent of each other.
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The task queue system can be scaled up or scaled down by adding or removing work-

ers flexibly to make sure that our work can be processed. Our task queue system consists

of the following three components:

1. A master server that is in charge of dispatching tasks and collecting diff-highlighted

results.

2. A task queue server keeps the tasks until an available worker pops them off.

3. A pool of worker servers that perform the actual differencing algorithm on a pair of

10-K reports

4.3.1.1 Master Server

The master server in our task queue system acts as a central controlling center in

charge of dispatching tasks to the workers. FTP server and MongoDB server are also

maintained by the master server to collect workers’ processed diff-highlighted results and

to keep the mappings between files and their locations.

4.3.1.2 Task Queue Server

Communication between the master server and worker servers in our task queue sys-

tem is done via RabbitMQ. A RabbitMQ server is hosted to maintain an asynchronous

task queue and distribute time-consuming tasks among multiple workers.

28

http://dx.doi.org/10.6342/NTU202201989


doi:10.6342/NTU202201989

4.3.1.3 Worker Servers

A dedicated pool of workers constantly monitors the task queue for any new task to

process. After receiving a task from the task queue, workers perform the following series

of processes to get the diff-highlighted results.

Step 1. Fetching the raw report in the form of .TXT extension

Step 2. Extract and parse the raw .TXT file into .HTML extension

Step 3. Perform the actual differencing algorithm on a pair of 10-K .HTML reports to get

our final diff-highlighted .HTML result

Step 4. Upload the diff-highlighted .HTML result back to the master server

4.3.1.4 The Differencing Algorithm

Wegenerate our diff-highlighted reports by extending a flexible classSequenceMatcher

provided by Python 3.10.5 that can be used for comparing files and producing information

about file differences in various formats. The basic algorithm is an algorithm published in

the late 1980s by Ratcliff and Obershelp under the hyperbolic name “gestalt pattern match-

ing” (Ratcliff andMetzener, 1998). It calculates string similarity based on the length of the

longest common subsequence and recursive lengths of common characters in other parts

of the string. The execution time of the algorithm is O(n2) in the worst case and O(n) in

the best case.
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Figure 4.10 demonstrates our differencing algorithm in action. As previously men-

tioned, our system takes two paragraphs as inputs and calculates the differences between

them. Table 4.2 presents the differences table generated by the algorithm between the

two paragraphs. The differences table contains information about the operation (replace,

delete, insert, equal) needed to perform on specific position to transform para1 into para2.

Our diff-highlighted result is then created by looking up the differences table and inserting

corresponded labeled HMTL span tags into the original paragraph.

Figure 4.10: Differencing Algorithm in Action
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Tag Position Description

equal para1[0:6] –> para2[0:6] [‘<p>’, ‘ ’, ‘In’, ‘ ’, ‘our’, ‘ ’] –> [‘<p>’, ‘ ’, ‘In’, ‘ ’, ‘our’, ‘ ’]

replace para1[6:7] –> para2[6:7] [‘2020’] –> [‘2021’]

equal para1[7:17] –> para2[7:17] [‘ ’, ‘Diversity’, ‘ ’, ‘and’, ‘ ’, ‘Inclusion’, ‘ ’, ‘Report,’, ‘ ’, ‘we’] –>

[‘ ’, ‘Diversity’, ‘ ’, ‘and’, ‘ ’, ‘Inclusion’, ‘ ’, ‘Report,’, ‘ ’, ‘we’]

insert para1[17:17] –> para2[17:19] [] –> [‘ ’, ‘then’]

equal para1[17:44] –> para2[19:46] [‘ ’, ‘reported’, ‘ ’, ‘that’, ‘ ’, ‘all’, ‘ ’, ‘racial’, ‘ ’, ‘and’, ‘ ’, ‘ethnic’, ‘ ’, ‘minority’, ‘ ’,

‘employees’, ‘ ’, ‘in’, ‘ ’, ‘the’, ‘ ’, ‘U.S.’, ‘ ’, ‘combined’, ‘ ’, ‘earn’, ‘ ’] –>

[‘ ’, ‘reported’, ‘ ’, ‘that’, ‘ ’, ‘all’, ‘ ’, ‘racial’, ‘ ’, ‘and’, ‘ ’, ‘ethnic’, ‘ ’, ‘minority’, ‘ ’,

‘employees’, ‘ ’, ‘in’, ‘ ’, ‘the’, ‘ ’, ‘U.S.’, ‘ ’, ‘combined’, ‘ ’, ‘earn’, ‘ ’]

replace para1[44:45] –> para2[46:47] [‘$1.006’] –> [‘$1.009’]

equal para1[45:50] –> para2[47:52] [‘ ’, ‘for’, ‘ ’, ‘every’, ‘ ’] –> [‘ ’, ‘for’, ‘ ’, ‘every’, ‘ ’]

replace para1[50:51] –> para2[52:53] [‘$1,054’] –> [‘$1,126’]

equal para1[51:149] –> para2[53:151] [‘ ’, ‘earned’, ‘ ’, ‘by’, ‘ ’, ‘their’, ‘ ’, ‘white’, ‘ ’, ‘counterparts,’, ‘ ’, ‘that’, ‘ ’, ‘women’, ‘ ’,

‘in’, ‘ ’, ‘the’, ‘ ’, ‘U.S.’, ‘ ’, ‘earn’, ‘ ’, ‘$1.001’, ‘ ’, ‘for’, ‘ ’, ‘every’, ‘ ’, ‘$1.000’, ‘ ’,

‘earned’, ‘ ’, ‘by’, ‘ ’, ‘their’, ‘ ’, ‘counterparts’, ‘ ’, ‘in’, ‘ ’, ‘the’, ‘ ’, ‘U.S.’, ‘ ’, ‘who’, ‘ ’,

‘are’, ‘ ’, ‘men,’, ‘ ’, ‘and’, ‘ ’, ‘women’, ‘ ’, ‘in’, ‘ ’, ‘the’, ‘ ’, ‘U.S.’, ‘ ’, ‘plus’, ‘ ’, ‘our’, ‘ ’,

‘ten’, ‘ ’, ‘other’, ‘ ’, ‘largest’, ‘ ’, ‘employee’, ‘ ’, ‘geographies’, ‘ ’, ‘combined’, ‘ ’,

‘earn’, ‘ ’, ‘$1.000’, ‘ ’, ‘for’, ‘ ’, ‘every’, ‘ ’, ‘$1.000’, ‘ ’, ‘by’, ‘ ’, ‘men’, ‘ ’, ‘in’, ‘ ’,

‘these’, ‘ ’, ‘countries’, ‘ ’, ‘</p>’] –>

[‘ ’, ‘earned’, ‘ ’, ‘by’, ‘ ’, ‘their’, ‘ ’, ‘white’, ‘ ’, ‘counterparts,’, ‘ ’, ‘that’, ‘ ’, ‘women’, ‘ ’,

‘in’, ‘ ’, ‘the’, ‘ ’, ‘U.S.’, ‘ ’, ‘earn’, ‘ ’, ‘$1.001’, ‘ ’, ‘for’, ‘ ’, ‘every’, ‘ ’, ‘$1.000’, ‘ ’,

‘earned’, ‘ ’, ‘by’, ‘ ’, ‘their’, ‘ ’, ‘counterparts’, ‘ ’, ‘in’, ‘ ’, ‘the’, ‘ ’, ‘U.S.’, ‘ ’, ‘who’, ‘ ’,

‘are’, ‘ ’, ‘men,’, ‘ ’, ‘and’, ‘ ’, ‘women’, ‘ ’, ‘in’, ‘ ’, ‘the’, ‘ ’, ‘U.S.’, ‘ ’, ‘plus’, ‘ ’, ‘our’, ‘ ’,

‘ten’, ‘ ’, ‘other’, ‘ ’, ‘largest’, ‘ ’, ‘employee’, ‘ ’, ‘geographies’, ‘ ’, ‘combined’, ‘ ’,

‘earn’, ‘ ’, ‘$1.000’, ‘ ’, ‘for’, ‘ ’, ‘every’, ‘ ’, ‘$1.000’, ‘ ’, ‘by’, ‘ ’, ‘men’, ‘ ’, ‘in’, ‘ ’,

‘these’, ‘ ’, ‘countries’, ‘ ’, ‘</p>’]

Tag Meaning

‘replace’ para1[i1:i2] should be replaced by para2[j1:j2].

‘delete’ para1[i1:i2] should be deleted. Note that j1 == j2 in this case.

‘insert’ para2[j1:j2] should be inserted at para1[i1:i1]. Note that i1 == i2 in this case.

‘equal’ para1[i1:i2] == para2[j1:j2] (the sub-sequences are equal).

Table 4.2: Differences Table between Both Paragraphs
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4.3.2 Application Tier

Figure 4.11: Application Tier in MAD EDGAR

The application tier lies between the presentation tier and the data tier and is also in

charge of controlling the functionality of MAD EDGAR. Our application tier is structured

as a standard REST-API, consisting of endpoints for interactions. We built our REST-APIs

in a Python framework called FastAPI, which provides HTTP support for communicating

with the application tier.

FastAPI is a modern, fast and robust framework that helps in building REST-APIs

with Python 3.6+ versions. The framework is designed to optimize the development ex-

perience so that we can write simple code to build REST-APIs with efficiency. It offers a

simple and easy-to-use dependency injection system, which enables us to declare relevant

dependencies in the path operation functions assigned to the API endpoints.

FastAPI also provides a built-in web-based documentation user interface that inter-

actively documents our APIs. We can test each endpoint through this interactive docu-

mentation. Different endpoints presented in Figure 4.12 are used by the presentation tier
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to retrieve data from the database through HTTP methods.

Figure 4.12: Endpoints in the Application Tier

4.3.3 Presentation Tier

Figure 4.13: Presentation Tier in MAD EDGAR

Last but not least, the presentation tier represents the topmost level of the system

and is also where the end-users interact with our system. We built our user interface in a

JavaScript framework called React.js, which is currently one of the most popular libraries

on the market developed by Meta (previously known as Facebook).
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AReact.js application consists of several components, each responsible for rendering

a small piece of HTML that can be reused. To allow complex applications to be built out of

simple building blocks, components can be nested within other components. We only need

to design simple views for each state in our application, and React.js will efficiently update

and render just the right components when our data changes. It’s declarative nature and

component-based structure make the task of building and maintaining our user interfaces

much easier.
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Chapter 5 Experimental Design

The purpose of this experiment is to evaluate MAD EDGAR’s usefulness in facilitat-

ing the year-over-year comparison of 10-K reports. To this end, we designed two types of

tasks with a total of sixteen questions for the participants to answer using MAD EDGAR

or SEC EDGAR.

Our focus is to compare the speed of financial report comprehensibility between two

systems, which is measured by the time required to complete each question. In order

to discover whether the effect of MAD EDGAR on financial report comprehensibility is

different from SEC EDGAR, a two-way ANOVA was conducted to assess the statistical

significance.

5.1 Setup

5.1.1 Participants

Twenty graduate students from four universities participated in the experiment. There

were 14 males and 6 females with a mean age of 25.5 (SD = 1.9).
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5.1.2 Systems

SEC EDGAR and MAD EDGAR were used by the participants to complete the ex-

periments in turn as instructed. For MAD EDGAR, our processed diff-highlighted reports

covered a subset of S&P 500 companies’ 10-K reports from 1993 to 2021 with a total of

8,377 distinct documents.

5.1.3 Technical Environment

Awebcam, microphone, and internet connectivity were needed for the experiment to

be carried out on the participant’s laptop. We conducted the experiment on Google Meet

and observed the video, voice, and participants’ actions from the screen.

5.1.4 Tasks

During the experiment, the participants were required to complete two types of tasks

using either SECEDGARorMADEDGAR. Both types of tasks consist of eight questions,

with a total of 16 questions in each experiment. Each question contains a target company

and a target year for the participant’s information.

The first task consists of multiple-choice questions focusing on finding several spe-

cific facts in a certain company’s 10-K report. Figure 5.1 shows an example question that

asked the participant to find out how many searches Google serves a year under a given

context.
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Figure 5.1: Example Question in the First Task

The second task consists of true-and-false questions focusing on identifying new risk

factors in a certain company’s 10-K report. Figure 5.2 shows an example question that

asked the participant to determine whether these risk factor statements are recently dis-

closed in MCDONALDS CORP’s 10-K report or not.

Figure 5.2: Example Question in the Second Task

Both types of tasks differed with regard to the degree of complexity as the first task

only requires the participants to open one report to answer the questions, while the second

task requires the participants to identify year-over-year changes by comparing risk factors
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in two successive reports.

During the experiment, to avoid order effects which could lead to practice effects such

as the participant performing better on their second trial answering the same question using

another system. The first task was handed out using a counterbalanced administration

presented in Figure 5.3 with one group of participants answering the first four questions

in MAD EDGAR and the last four questions in SEC EDGAR to preclude order effects

and vice versa.

Figure 5.3: Counterbalanced Design
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All of the questions were prepared in a Google Form and delivered to the participants

at the beginning of each experiment. Figure 5.4 shows a screenshot of the Google Form.

Figure 5.4: Screenshot of Data Collection Form Prepared using Google Form

5.1.5 Hypothesis Settings and Expected Experimental Results

For the first task, we are interested in testing the following hypothesis:

H1,0 : There is no significant difference in the speed of financial report comprehensibility

when completing the first task using either SEC EDGAR or MAD EDGAR.

H1,1 : Users using MAD EDGAR can complete the first task faster compared to those

using SEC EDGAR.

No performance differences were expected between the two systems on the first task

because those questions only require participants to find several specific facts in a single

financial report, without the need for a year-over-year comparison.
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For the second task, we are interested in testing the following hypothesis:

H2,0 : There is no significant difference in the speed of financial report comprehensibility

when completing the second task using either SEC EDGAR or MAD EDGAR.

H2,1 : Users using MAD EDGAR can complete the second task faster compared to those

using SEC EDGAR.

The distinction in the speed of financial report comprehensibility between both sys-

tems was expected to reveal itself, especially on the second task. As MAD EDGAR was

designed specifically to answer year-over-year comparison kind of questions.

5.2 Experimental Procedure

5.2.1 Data Collection

The experiment was conducted on Google Meet individually where the participant

answers all sixteen questions using either SEC EDGAR or MAD EDGAR. Each session

lasted for about 50 minutes.

At the beginning of the experiment, participants received a link to the Google Form

that contains the question sets andwere informed of the experiment’s guide and goal. After

a brief instruction on how to answer the questions using both systems, the participants

started the hands-on part of the experiment.

All of the participants were asked to choose the correct answer for each question
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until all questions in the first task were completed, and the second task was administered

similarly.

5.2.2 Coding and Scoring

The speed of financial report comprehensibility was analyzed by recording the time

the participants took to answer each question using either SEC EDGAR orMADEDGAR.

Figure 5.5 shows a few data points we collected from the experiments, where there are two

independent variables, system and question, and one dependent variable, time_to_complete_task.

Figure 5.5: Screenshot of Experiment Result

5.2.3 Data Analysis

A two-way ANOVA was conducted to examine the effects of different system and

question on speed of financial report comprehensibility for the first task and the second

task. Residual analysis was performed to verify the assumption of the two-way ANOVA.

Outliers were assessed by inspection of a box-plot, normality was tested using Shapiro-
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Wilk’s normality test for each cell of the design, and the homogeneity of variances was

evaluated by Levene’s test. Last but not least, the main effects were analyzed for statisti-

cally significant outcomes.
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Chapter 6 Result and Discussion

In this chapter, we will first discuss how we handled the outliers in the data we pre-

viously collected from the experiment and provide a summary statistic about the time

both SEC EDGAR and MAD EDGAR took to complete every question. Then, two-way

ANOVA is conducted to examine the differences between both systems for the first task

and the second task. Tests of normality and homogeneity of variances are also provided

to make sure our data meet the assumptions of the two-way ANOVA. Finally, results and

future works are presented and discussed in the last section.

6.1 Outliers

By inspecting box-plots generated from the first task in Figure 6.1 and Figure 6.2,

we discovered that there were six outliers from both SEC EDGAR and MAD EDGAR, as

assessed as being greater than 1.5 box-lengths from the edge of the box in the box-plots.
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(a) Question 1 (b) Question 2 (c) Question 3 (d) Question 4

(e) Question 5 (f) Question 6 (g) Question 7 (h) Question 8

Figure 6.1: Box-Plot from the First Task using SEC EDGAR

(a) Question 1 (b) Question 2 (c) Question 3 (d) Question 4

(e) Question 5 (f) Question 6 (g) Question 7 (h) Question 8

Figure 6.2: Box-Plot from the First Task using MAD EDGAR

Likewise, by inspecting box-plots generated from the second task in Figure 6.3 and

Figure 6.4, we also discovered that there were seven outliers from both SEC EDGAR and

MAD EDGAR, as assessed as being greater than 1.5 box-lengths from the edge of the box

in the box-plots.
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(a) Question 1 (b) Question 2 (c) Question 3 (d) Question 4

(e) Question 5 (f) Question 6 (g) Question 7 (h) Question 8

Figure 6.3: Box-Plot from the Second Task using SEC EDGAR

(a) Question 1 (b) Question 2 (c) Question 3 (d) Question 4

(e) Question 5 (f) Question 6 (g) Question 7 (h) Question 8

Figure 6.4: Box-Plot from the Second Task using MAD EDGAR

There were thirteen outliers in total where five out of thirteen were caused by unex-

pected interruptions during the experiment such as internet connection issues, while others

were caused by unusual lookup overhead. In order to mitigate the negative effect of the

outliers, we drop all of those outliers.
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6.2 Summary Statistics

Table 6.1 shows a summary statistic about the time both SEC EDGAR and MAD

EDGAR took to complete every question in seconds. It provides the mean and standard

deviation for each combination of the groups of the independent variables. For the first

task, the time it took for SEC EDGAR and MAD EDGAR to answer each question on

average were 75.95 and 77.92 seconds respectively, while for the second task, the time it

took for SEC EDGAR and MAD EDGAR to answer each question on average were 95.59

and 76.22 seconds respectively.

The plot of themean speed of financial report comprehensibility for each combination

of groups of system and question are also plotted. Figure 6.5 shows a profile plot for

the first task with independent variables swapped on both axes. As it can be seen from

Figure 6.5, both systems were evenly matched with respect to completing each question

in the first task. No system has an obvious advantage over the other.

(a) Question-System (b) System-Question

Figure 6.5: Profile Plot of the Mean from the First Task
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First Task Second Task

System Question Mean Std.Dev. N

SEC EDGAR Question 1 76.44 11.897 9

Question 2 94.89 37.294 9

Question 3 64.50 22.032 10

Question 4 60.50 17.239 10

Question 5 92.78 38.545 9

Question 6 80.70 25.734 10

Question 7 83.30 42.458 10

Question 8 58.10 22.098 10

Total 75.95 30.607 77

MAD EDGAR Question 1 78.11 24.670 9

Question 2 106.70 34.744 10

Question 3 63.44 19.417 9

Question 4 61.78 16.146 9

Question 5 101.30 40.186 10

Question 6 78.90 13.195 10

Question 7 65.60 19.323 10

Question 8 64.50 28.961 10

Total 77.92 30.165 77

Pooled Question 1 77.28 18.808 18

Question 2 101.11 35.474 19

Question 3 64.00 20.262 19

Question 4 61.11 16.275 19

Question 5 97.26 38.560 19

Question 6 79.80 19.925 20

Question 7 74.45 33.365 20

Question 8 61.30 25.286 20

Total 76.94 30.303 154

System Question Mean Std.Dev. N

SEC EDGAR Question 1 132.88 17.610 8

Question 2 88.80 21.837 10

Question 3 77.40 17.277 10

Question 4 94.11 18.238 9

Question 5 119.11 27.438 9

Question 6 94.70 21.108 10

Question 7 87.50 27.192 10

Question 8 79.90 20.388 10

Total 95.59 27.142 76

MAD EDGAR Question 1 106.70 27.769 10

Question 2 70.22 22.615 9

Question 3 66.80 16.864 10

Question 4 80.50 18.253 10

Question 5 87.78 14.412 9

Question 6 74.20 17.986 10

Question 7 67.78 9.391 9

Question 8 55.50 14.378 10

Total 76.22 23.111 77

Pooled Question 1 118.33 26.741 18

Question 2 80.00 23.591 19

Question 3 72.10 17.484 20

Question 4 86.95 19.057 19

Question 5 103.44 26.682 18

Question 6 84.45 21.792 20

Question 7 78.16 22.611 19

Question 8 67.70 21.248 20

Total 85.84 26.925 153

Table 6.1: Descriptive Statistics
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Figure 6.6 shows a profile plot for the second taskwith independent variables swapped

on both axes. As it can be seen from Figure 6.6, MAD EDGAR has a faster speed of

financial report comprehensibility as compared with SEC EDGAR. However, we cannot

determine whether the effect ofMADEDGAR is statistical significant from the plot alone.

A formal statistical test is conducted and discussed in the next section.

(a) Question-System (b) System-Question

Figure 6.6: Profile Plot of the Mean from the Second Task

6.3 Analysis of Variance (ANOVA)

6.3.1 Result

6.3.1.1 First Task

For the first task, the result of the two-way ANOVA was presented in Table 6.2. The

interaction effect between system and question on the speed of financial report comprehen-

sibility was not statistically significant, F (4, 86) = 0.155, p = 0.960, partial η2 = 0.007.

Therefore, an analysis of the main effect for system was performed, which also indicated
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that the main effect was not statistically significant, F (1, 86) = 0.825, p = 0.366, partial

η2 = 0.010.

Source TypeIIISumofSquares df MeanSquare F Sig. PartialEtaSquared

Corrected Model 33001.011a 9 3666.779 4.350 < 0.001 0.313

Intercept 565444.314 1 565444.314 670.745 < 0.001 0.886

System 695.683 1 695.683 0.825 0.366 0.010

Question 31238.342 4 7809.586 9.264 < 0.001 0.301

Interaction 523.767 4 130.942 0.155 0.960 0.007

Error 72498.822 86 843.01

Total 671608 96

Corrected Total 105499.833 95

Table 6.2: ANOVA Table from the First Task

As mentioned in Subsection 5.1.5, for hypothesisH1, which addresses the difference

in the first task of the speed of financial report comprehensibility between SEC EDGAR

and MAD EDGAR, we expected there were no performance differences between both

systems. With p = 0.366, we cannot reject the null hypothesis H1,0 and concluded that

the experiment results for the first task correspond to our expectations.

6.3.1.2 Second Task

For the second task, the result of the two-way ANOVA was presented in Table 6.3.

The interaction effect between system and question on the speed of Financial report com-

prehensibility was also not statistically significant, F (7, 137) = 0.518, p = 0.819, partial

η2 = 0.026. Therefore, an analysis of the main effect for system was then performed,

which indicated that the main effect for system was statistically significant, F (1, 137) =

39.617, p < 0.001, partial η2 = 0.224.
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Source TypeIIISumofSquares df MeanSquare F Sig. PartialEtaSquared

Corrected Model 54229.116a 15 3615.274 8.850 < 0.001 0.492

Intercept 1139569.596 1 1139569.596 2789.513 < 0.001 0.953

System 16184.186 1 16184.186 39.617 < 0.001 0.224

Question 38535.408 7 5505.058 13.476 < 0.001 0.408

Interaction 1482.469 7 211.781 0.518 0.819 0.026

Error 55967.119 137 408.519

Total 1237660 153

Corrected Total 110196.235 152

Table 6.3: ANOVA Table from the Second Task

As mentioned in Subsection 5.1.5, for hypothesisH2, which addresses the difference

in the second task of the speed of financial report comprehensibility between both systems,

we expected our system, MAD EDGAR, should out-performed SEC EDGAR as it was

designed specifically to answer year-over-year comparison kind of questions.

Since we just have two groups in our independent variable system (SEC EDGAR &

MAD EDGAR), instead of performing a post-hoc analysis (e.g., all pairwise comparisons),

we could grasp the difference between two systems by looking at Table 6.4.

System Mean Std.Error 95%ConfidenceInterval

LowerBound UpperBound

SEC EDGAR 96.800 2.325 92.201 101.398

MAD EDGAR 76.185 2.306 71.624 80.745

Table 6.4: Estimate Table from the Second Task

The marginal means for speed of financial report comprehensibility were 96.800

(SE = 2.325) seconds for SEC EDGAR and 76.185 (SE = 2.306) seconds for MAD

EDGAR, a statistically significant difference of 20.615 faster in second. We can reject the

null hypothesis H2,0 and conclude that MAD EDGAR has a significantly better speed of

financial report comprehensibility than SEC EDGAR for the second task.
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6.3.2 Tests of Normality

When analyzing differences between groups using parametric tests, a common as-

sumption in these tests is that the dependent variable is approximately normally distributed

for each group of the independent variable. In our experiment, Shapiro-Wilk tests have

been run in both tasks for each group combination of the two independent variables: sys-

tem and question to determine whether the data follows a normal distribution.

System Question
Kolmogorov-Smirnova Shapiro-Wilk

Statistic df Sig. Statistic df Sig.

SEC EDGAR

Question 1 Residual for time_to_complete_task 0.173 9 .200∗ 0.929 9 0.468

Question 2 Residual for time_to_complete_task 0.181 9 .200∗ 0.906 9 0.289

Question 3 Residual for time_to_complete_task 0.191 10 .200∗ 0.889 10 0.163

Question 4 Residual for time_to_complete_task 0.189 10 .200∗ 0.886 10 0.153

Question 5 Residual for time_to_complete_task 0.154 9 .200∗ 0.944 9 0.620

Question 6 Residual for time_to_complete_task 0.122 10 .200∗ 0.981 10 0.968

Question 7 Residual for time_to_complete_task 0.203 10 .200∗ 0.875 10 0.113

Question 8 Residual for time_to_complete_task 0.228 10 0.151 0.889 10 0.167

MAD EDGAR

Question 1 Residual for time_to_complete_task 0.200 9 .200∗ 0.901 9 0.256

Question 2 Residual for time_to_complete_task 0.210 10 .200∗ 0.878 10 0.122

Question 3 Residual for time_to_complete_task 0.148 9 .200∗ 0.915 9 0.352

Question 4 Residual for time_to_complete_task 0.186 9 .200∗ 0.98 9 0.964

Question 5 Residual for time_to_complete_task 0.118 10 .200∗ 0.984 10 0.983

Question 6 Residual for time_to_complete_task 0.116 10 .200∗ 0.957 10 0.752

Question 7 Residual for time_to_complete_task 0.190 10 .200∗ 0.902 10 0.228

Question 8 Residual for time_to_complete_task 0.215 10 .200∗ 0.873 10 0.108

Table 6.5: Test of Normality from the First Task

Table 6.5 and Table 6.6 show that all group combination in both tasks were normally

distributed, as assessed by Shapiro-Wilk’s test (p > 0.05). Therefore, we concluded that

the dependent variable, speed of financial report comprehensibility, is normally distributed

for each group combination of the two independent variables: system and question.
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System Question
Kolmogorov-Smirnova Shapiro-Wilk

Statistic df Sig. Statistic df Sig.

SEC EDGAR

Question 1 Residual for time_to_complete_task 0.198 8 .200∗ 0.891 8 0.240

Question 2 Residual for time_to_complete_task 0.137 10 .200∗ 0.976 10 0.940

Question 3 Residual for time_to_complete_task 0.230 10 0.142 0.877 10 0.122

Question 4 Residual for time_to_complete_task 0.207 9 .200∗ 0.884 9 0.174

Question 5 Residual for time_to_complete_task 0.155 9 .200∗ 0.939 9 0.576

Question 6 Residual for time_to_complete_task 0.157 10 .200∗ 0.949 10 0.656

Question 7 Residual for time_to_complete_task 0.240 10 0.107 0.850 10 0.058

Question 8 Residual for time_to_complete_task 0.165 10 .200∗ 0.891 10 0.176

MAD EDGAR

Question 1 Residual for time_to_complete_task 0.214 10 .200∗ 0.888 10 0.160

Question 2 Residual for time_to_complete_task 0.230 9 0.187 0.91 9 0.314

Question 3 Residual for time_to_complete_task 0.139 10 .200∗ 0.965 10 0.845

Question 4 Residual for time_to_complete_task 0.167 10 .200∗ 0.925 10 0.402

Question 5 Residual for time_to_complete_task 0.125 9 .200∗ 0.973 9 0.921

Question 6 Residual for time_to_complete_task 0.160 10 .200∗ 0.919 10 0.353

Question 7 Residual for time_to_complete_task 0.115 9 .200∗ 0.955 9 0.742

Question 8 Residual for time_to_complete_task 0.186 10 .200∗ 0.879 10 0.128

Table 6.6: Test of Normality from the Second Task

6.3.3 Homogeneity of Variances

Two-wayANOVA also assumes that the variances of the dependent variable, speed of

financial report comprehensibility, are equal in all combinations of groups of the indepen-

dent variables, system and question. In our experiment, the assumption of homogeneity

of variances is tested using Levene’s test for equality of variances.

First Task Second Task

F df1 df2 Sig.

2.390 15 138 0.004

F df1 df2 Sig.

1.625 15 137 0.075

Table 6.7: Levene’s Test for Equality of Variances

Table 6.7 shows that for the first task, the assumption of homogeneity of variances

was violated as assessed by Levene’s test for equality of variances, p < 0.05. For the
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second task, a non-statistically significant result, p = 0.075, indicates that there was ho-

mogeneity of variances.

In order to meet the statistical assumption of homogeneity of variance and make sure

that the distributions of the outcomes in each group are comparable and similar, we drop

the question set 1, 6, and 7 in the first task for our analysis. Table 6.8 shows Levene’s test

result of the first task after data modifications, p = 0.077.

First Task (Before Dropping) First Task (After Dropping)

F df1 df2 Sig.

2.390 15 138 0.004

F df1 df2 Sig.

1.816 9 86 0.077

Table 6.8: Levene’s Test from the First Task

6.4 Conclusions

In this paper, we have introduced a newweb-based information system,MADEDGAR,

to facilitate the analysis of year-over-year changes in 10-K reports. In its current form, we

highlighted the differences between 10-K reports to help investors efficiently comprehend

the modifications in documents. We also performed two experiments and the results indi-

cated that our system out-performed SEC EDGAR in terms of identifying year-over-year

changes.
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In the future, we plan to extend the system with an emphasis on incorporating more

functionality to better visualize differences between financial reports. In addition, one of

our future works is to extend our system’s coverage to even more financial report types

such as 10-Q reports.
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Figure A.7: Data Collection Form (P.1)
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Figure A.8: Data Collection Form (P.2)

63

http://dx.doi.org/10.6342/NTU202201989


doi:10.6342/NTU202201989

Figure A.9: Data Collection Form (P.3)
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Figure A.10: Data Collection Form (P.4)
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Figure A.11: Data Collection Form (P.5)
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Figure A.12: Data Collection Form (P.6)

Figure A.13: Data Collection Form (P.7)
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Figure A.14: Data Collection Form (P.8)
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Figure A.15: Data Collection Form (P.9)
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Figure A.16: Data Collection Form (P.10)
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Figure A.17: Data Collection Form (P.11)
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Figure A.18: Data Collection Form (P.12)
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Figure A.19: Data Collection Form (P.13)
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Figure A.20: Data Collection Form (P.14)
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Figure A.21: Data Collection Form (P.15)
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