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ABSTRACT 
U.S. regulatory agencies are required to solicit, consider, and 
respond to public comments before issuing regulations. In recent 
years, agencies have begun to accept comments via both email 
and Web forms. The transition from paper to electronic comments 
makes it much easier for individuals to customize “form” letters, 
which they do, creating “near-duplicate” comments that express 
the same viewpoint in slightly different languages.  This paper 
explores the use of simple text clustering and retrieval algorithms 
for identifying near-duplicate public comments. Experiments with 
public comments about a recent regulation proposed by the 
Environmental Protection Agency (EPA) demonstrate the 
effectiveness of the algorithms. 

Categories and Subject Descriptors 
H.3.3 [Information Search and Retrieval] Clustering, Query 
formulation, Retrieval models, Search process 

General Terms 
Management, Measurement, Performance, Experimentation 

Keywords 
Near Duplicate Detection, eRulemaking, Public Comments, 
Information Retrieval 

1. INTRODUCTION 
Section 553 of the Administrative Procedures Act (APA), which 
was passed in 1946, requires U.S. regulatory agencies to publish 
proposed regulations in draft form and to solicit, consider, and 
respond to public comments before issuing the final regulation or 
rule. Although most proposed regulations attract few comments, 
some popular ones attract hundreds of thousands of comments 
from the general public. For instance, for the USDA’s national 
organic standard in late 1990s, a small team of rule writers 
manually sorted over 250,000 public comments [15]. In 2004 the 
EPA’s proposed National Emission Standards For Hazardous Air 
Pollutants For Utility Air Toxics rule (USEPA-OAR-2002-0056, 
“Mercury rule”) attracted over 530,000 email messages. When the 
comment volume becomes large, it usually includes many 
comments that are created based on form letters written by special 
interest groups, such as BushGreenWatch1, which claims to “track 
the Bush administration’s environmental misdeeds”. 

When comments were submitted only on paper, modifying a form 
letter was time-consuming and hence few people did that. At that 
time form letters tended to be exact duplicates of one another 
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(except for address lines and signatures), thus identifying them 
was relatively simple, and considering them was also 
straightforward since they contained just one viewpoint which 
was expressed repeatedly. In recent years, however, regulatory 
agencies have begun to accept comments via both email and Web 
forms. Modifying an electronic form letter is very easy, and hence 
many people have begun doing so to better represent their 
opinions or stylistic preferences. As a result, regulatory agencies 
now face a huge volume of near-duplicate comments that are 
similar, but not exactly identical, to a (usually unknown) initial 
form letter, and to one another. Recognizing, organizing, and 
considering near-duplicates are significant challenges for the 
agencies because near-duplicates increase the likelihood of 
overlooking substantive information (information that by law the 
agency must consider) that an individual adds to a form letter. Our 
focus in this paper is on recognizing and organizing near-
duplicates in a way that makes them easier for rule-writers and 
analysts to consider. 

Duplicate and near-duplicate detection is not required only in the 
eRulemaking domain but also in many other domains.  It is 
important in database research and electronic publishing. 
Moreover, search engines, such as Google, also find enormous 
duplicate and near duplicate pages when crawling the Web, but 
try to avoid returning them in search results in order to give users 
distinct and useful information on the first page. Nevertheless, 
near-duplicate detection for eRulemaking has unique 
characteristics that both simplify and complicate the problem. 

Our goal in this work is to determine the extent and types of 
duplication existing in large public comment collections. To the 
best of our knowledge, this is the first work to study duplicate and 
near-duplicate detection for public comments. We focus on 
automating the process of near-duplicate detection, especially 
form letter detection, in this domain. We give a clear near-
duplicate definition and explore simple and efficient methods of 
using feature-based document retrieval and similarity-based 
clustering to discover near-duplicates. Our methods are evaluated 
in experiments with a subset of a large public comment database 
collected for a recently proposed EPA rule. The experimental 
results show that our methods provide reasonable performance on 
detecting duplicates and near-duplicates in public comment. 

The rest of the paper is organized as follows. Section 2 describes 
related research in other domains. Section 3 defines exact-
duplicate and near-duplicate requirements for eRulemaking. 
Section 4 sketches our system architecture, and Section 5 
describes the implementation. Section 6 discusses experimental 
methodology while Section 7 presents experimental results. 
Section 8 concludes the paper. 



2. RELATED WORK 
Early research on duplicate detection was done mostly in the areas 
of databases [1][17] and electronic publishing [2][12] . In 
database research, the goal of duplicate detection is to find 
records referring to the same entity but possibly in different 
representations. In electronic publishing, duplicate detection is 
used to detect plagiarism or to identify different versions of the 
same document. Most recently, duplicate detection is extensively 
studied for web search tasks, for example, to give more efficient 
web-crawling, effective search results ranking, and easy web 
documents archiving. 

A widespread duplicate detection technique is to generate a 
document fingerprint, which is a compact description of the 
document, and then to do pair-wise comparisons of document 
fingerprints. The assumption is that fingerprints can be compared 
much more quickly than complete documents. A common method 
of generating fingerprints is to select a set of character sequences 
from a document, and to generate a fingerprint based on the hash 
values of these sequences. Similarity between two documents is 
measured by counting the number of common fingerprints. 
Different algorithms are characterized, and their computational 
costs are determined, by the hash functions and how character 
sequences are selected. 

The dominant approach in duplicate detection is “shingling”, 
which was proposed by Broder, et al. [3]. It represents a document 
as a series of numeric encodings for an n-term text span, i.e. a 
shingle. A document sketch is created by keeping every mth 
shingle or the shingle with the smallest hash value. The authors 
also presented a super-shingling technique that creates meta-
sketches to further reduce the computational complexity. Pairs of 
documents that share a large amount of common shingles were 
considered to be near-duplicates to each other. 

Heintze studied selective document fingerprinting [11].To reduce 
the size of the fingerprints, he selected a subset of the character 
sequences to generate fingerprints. He demonstrated that selective 
fingerprints usually perform within a factor of two of complete 
fingerprints. It can identify similarities between documents which 
have as little as 5% or less in common. Most importantly, 
selective fingerprinting is able to scale to large environments. 

Pugh, worked at Google, claimed that duplicate and near-
duplicate detection techniques may assign a number of 
fingerprints to a given document by “(i) extracting parts from the 
document, (ii) assigning the extracted parts to one or more of a 
predetermined number of lists, and (iii) generating a fingerprint 
from each of the populated lists”. Two documents may be 
considered to be near-duplicates if any one of their fingerprints 
matches [14]. 

Recent duplicate detection research in the Web environment has 
focused on issues of computational efficiency and detection 
effectiveness. “Collection statistics” is used to consistently 
recognize document replicas in full-text collections [6][15]. Since 
a term’s inverse document frequency (idf) is a measurement of a 
word’s rareness across a given collection, its value measures how 
well a term discriminates one document from others. Chowdhury, 
et al., selected terms best characterizing a document, i.e., high idf 
words. Moreover, a term is not considered unless it appears across 
the collection at least five times. This is to filter out possible 
misspelling tokens and typos. They claimed that in addition to 

improving accuracy over shingling, it execute in one-fifth of the 
time. They showed that a statistically based approach (i) is more 
efficient than a fingerprint-based approach, (ii) scales in the 
number of documents and (iii) works well for documents of 
diverse sizes. 

3. PROBLEM DEFINITION 
The task of identifying and evaluating near duplicates manually is 
usually vague and subjective due to the lack of a clear definition 
of duplicates. Careful evaluation requires a clear definition of 

Table 1: Duplicate Category 

Category Definition Example (text difference in gray) 

Block Edit Add or 
remove one 
or more 
paragraphs 
(<200 
words) to 
another 
document 

Dear Environmental Protection Agency, 
 
The EPA should require power plants to cut mercury pollution by 90% by 
2008. These reductions are consistent with national standards for other 
pollutants and achievable through available pollution-control technology. 
 
Sincerely, 
 
Mary 
10 Kennaday Road 
Mendham, NJ 07945 
 
________ 
This is an important constituent communication initiated through  
MoveOn.org.  

Dear Environmental Protection Agency, 
 
I urge the EPA to require controls at all power plants to stop 
mercury pollution. The health of our air and water, and especially 
our children is by far more important than any political agenda. 
 
The EPA should require power plants to cut mercury pollution by 
90% by 2008. These reductions are consistent with national 
standards for other pollutants and achievable through available 
pollution-control 
technology. 
 
Sincerely, 
 
John 
PO Box 91067 
Atqasuk, AK 99791 
 
________ 
This is an important constituent communication initiated through  
MoveOn.org.  

 

Key Block Add one or 
more 
paragraphs 
(200-500 
words) to 
typical form 
letter 
paragraphs 

Dear Environmental Protection Agency, 
 
The EPA should require power plants to cut mercury pollution by 90% 
by 2008. These reductions are consistent with national standards for 
other pollutants and achievable through available pollution-control 
technology. 
 
Sincerely, 
 
Mary 
10 Kennaday Road 
Mendham, NJ 07945 
 
________ 
This is an important constituent communication initiated through  
MoveOn.org. 

Dear Environmental Protection Agency, 
 
American citizens need to stand up for their rights. Which means the  
freedom to pursue life, liberty, health, and happiness. Everybody has the 
right to wake up each morning and breath the freshest air that this green 
earth   can provide us, not what some government organization says that 
we need to put up with because they want their standards so lax. This is a 
democracy, by the people, for the people, not what Bush decides 
because it suits his mood. It concerns me to see so many people that I 
care about every day trying so hard to live with the mental and 
neurological problems that they have acquired, or were born with due to 
mercury poisoning.  
 
The EPA should require power plants to cut mercury pollution by 90% 
by 008.These reductions are consistent with national standards for other  
pollutants and achievable through available pollution-control 
technology. 
 
Sincerely, Rose! 
 
The EPA should require power plants to cut mercury pollution by 90% 
by 
2008. These reductions are consistent with national standards for other 
pollutants and achievable through available pollution-control 
technology. 
 
Sincerely 

 
Minor 
Change 

Alter words 
within a 
paragraph  
(<5% or 15 
words in a 
paragraph)  

July 31, 2004 
 
Dear Administrator Leavitt, 
 
I am writing to urge you to take prompt action to clean up mercury and 
other toxic air pollution from power plants. EPA's current proposals 
permit far ore mercury pollution than what the Clean Air Act allows, 
while at the same time fail to address over sixty other hazardous air  
pollutants like dioxin. 
 
Sincerely, 
 
Ken 
12168 Duke Dr NE 
Blaine, MN 55434-3111 

March 31, 2004 
 
Dear Administrator Michael Leavitt, 
 
I am writing to urge you to take prompt action to clean up mercury and  
other toxic air pollution from the power plants. EPA’s current proposals 
permit far more mercury pollution than what the Clean Air Act allows, 
while at the same time fail to address over sixty other hazardous air  
pollutants like dioxin. 
 
Sincerely, 
 
Sandra H 
 
, 
USA  

 
Minor 
Change + 
Block Edit 

A 
combination 
of minor 
word change 
and block 
edit 

As someone who cares about protecting the health of children and 
our environment, I am deeply concerned about the mercury 
contamination of our lakes and streams. Mercury descends from 
polluted air into water and then works its way up the food chain. It is 
especially dangerous to people and wildlife that consume large 
amounts of fish. 
I urge you to reconsider your agency’s approach and require power 
plants   to reduce their emissions of mercury to the greatest extent 
possible. his is what the federal law requires, and also what the 
people and wildlife of this country deserve. 
 
Thank you for your consideration, 
 
jUDY Berk 
232 Beech HIll rd. 
Northport, ME 04849  

As someone who cares about protecting our wildlife and wild places, I am 
deeply upset about the mercury contamination of our lakes and streams. 
Mercury descends from polluted air into water and then works its way up 
the food chain. It is especially 
 dangerous to people and wildlife that consume large amounts of fish. 
 
Specifically, I am concerned that EPA is proposing a cap-and-trade system 
to manage mercury emissions. Under such a system, not all plants would 
have to reduce their harmful 
 missions of mercury and some could even increase! This approach   =s 
unacceptable for dealing with such a toxic pollutant – which  is precisely 
why the Clean Air Act does not allow it. I urge you to reconsider your 
approach and require power plants to reduce heir emissions of mercury to 
the greatest extent possible. This is what the federal law requires, and also 
what the people and wildlife of this country deserve. 
 
Thank you for your consideration. 
 
Sincerely, 
 
jamie duval 
22 manville hill rd 
cumberland, Rhode Island 02864  

 
Block 
Reordering 

Reorder the 
same set of 
paragraphs 

Dear Environmental Protection Agency, 
 
The EPA should require power plants to cut mercury pollution by 90% 
by 2008. These reductions are consistent with national standards for 
other pollutants and achievable through available pollution-control 
technology. 
 
I urge the EPA to require controls at all power plants to stop mercury 
pollution. The health of our air and water, and especially our children 
is by far more important than any political agenda. 
 
Sincerely, 
 
John 
PO Box 91067 
Atqasuk, AK 99791 

Dear Environmental Protection Agency, 
 
I urge the EPA to require controls at all power plants to stop mercury 
pollution. The health of our air and water, and especially our children is by 
far more important than any political agenda. 
 
The EPA should require power plants to cut mercury pollution by 90% by 
2008. These reductions are consistent with national standards for other 
pollutants and achievable through available pollution-control 
technology. 
 
Sincerely, 
 
Mary  

 
Bag-of-
word 
similar 

>80% word 
overlap (not 
in above 
categories) 

I am concerned that the EPA and the FDA are not doing enough to regulate 
mercury as a dangerous neurotoxin or warn consumers of the risks of 
eating mercury-contaminated fish. 
 
Mercury pollution from industrial factory emissions has polluted more 
than one-third of the nation’s lakes, estuaries, and wetlands. Mercury 
settling into these waters accumulates into the tissue of certain fish. By 
eating these contaminated fish (which include tuna, swordfish, orange 
roughie and grouper) US consumers –particularly pregnant women and 
children- are at significant risk for having dangerously high levels of 
mercury in their blood and neurological systems. 
 
REMEMBER THAT MOTHERS VOTE AND THEY WILL VOTE FOR 
THOSE WHO PROTECT THEIR CHILDREN. 
 
The FDA’s advice for children is vague, and needs to be more 
comprehensive regarding what kind of fish to eat and how much is safe to 
eat- particularly regarding canned tuna. Children eat twice the amount of 
canned tuna compared to any other fish and canned tuna that accounts for 
approximately 30% of all seafood consumption in the United States. 
 
The EPA initially planned on requiring power plants to reduce mercury 
emissions by 90% by the year 2008. I oppose the plan the agency is now 
proposing that would drastically change those reductions, settling for a 
30% reduction and allowing some companies to buy out of controlling 
regulation all together: the agency proposed allowing coal-fired power 
plant to emit seven times more mercury than is currently allowed by law 
for at least fifteen more years.  
The public needs to be fully informed consumers, and I urge the FDA to 
provide thorough information enabling all to make the best choices 
possible. Specifically, provide guidelines about exactly how much fish and 
what kind of fish is safe for our children to consume. I urge the EPA to 
take the necessary steps to reduce mercury emissions by 90% by the year 
2008, if not sooner. Our waterways must be cleaned up and our food 
sources should be free of hazardous pollutants most threatening to 
pregnant women and children.  

I am concerned that the EPA and the FDA are not doing enough to 
regulate mercury as a dangerous neurotoxin or warn consumers of the 
risks of eating mercury-contaminated fish. 
 
this prevents women from consuming correct amounts of omega-three 
fatty acids to aid in prevention of heart disease and alzheimers. 
Women need to be concerned about the amount o f fresh-water fish 
consumed. Please help women by helping to regulate mercury in fish. 
S 
 
The EPA initially planned on requiring power plants to reduce mercury 
emissions by 90% by the year 2008. I oppose the plan the agency is 
now proposing that would drastically change those reductions, settling 
for a 30% reduction and allowing some companies to buy out of 
controlling regulation all together: the agency proposed allowing coal-
fired power plant to emit seven times more mercury than is currently 
allowed by law for at least fifteen more years. 
 
The public needs to be fully informed consumers, and I urge the FDA 
to provide thorough information enabling all to make the best choices 
possible. Specifically, provide guidelines about exactly how much fish 
and what kind of fish is safe for our children to consume. I urge the 
EPA to take the necessary steps to reduce mercury emissions by 90% 
by the year 2008, if not sooner. Our waterways must be cleaned up and 
our food sources should be free of hazardous pollutants most 
threatening to pregnant women and children.  

 
Exact 100% word 

overlap 
Dear Environmental Protection Agency, 
 
The EPA should require power plants to cut mercury pollution by 90% 
by 2008. These reductions are consistent with national standards for 
other pollutants and achievable through available pollution-control 
technology. 
 
Sincerely, 
________ 
This is an important constituent communication initiated through  
MoveOn.org.  

Dear Environmental Protection Agency, 
 
The EPA should require power plants to cut mercury pollution by 90% 
by 2008. These reductions are consistent with national standards for 
other pollutants and achievable through available pollution-control 
technology. 
 
Sincerely, 
________ 
This is an important constituent communication initiated through  
MoveOn.org.  

 

 



exact- and near-duplicates.  We begin with definitions from prior 
work, and then present the near-duplicate definition used in this 
research.  

Pugh declared that “two documents are considered near duplicates 
if they have more than r features in common” [14] . Conrad, et al., 
stated that two documents are near duplicates if they share more 
than 80% terminology and their length difference is not more than 
+20% [8]. This is a necessary condition for most duplicates. 
However, simple percentage-based definitions neglect the 
structural differences among duplicates. Conrad, et al., also tried 
to define five categories of near-duplicates for Web documents: 
“excerpt”, “elaboration”, “insertion”, “focus” and “revision” in 
another paper [9]. They assumed that the original document can 
be identified easily. For example, “excerpt” means “one document 
takes first section from another article” and “elaboration” means 
“one document adds one or more paragraphs to another article”. 
However, in domains such as eRulemaking it may not be possible 
to tell by just looking at the documents which document is the 
source and which is the modified copy. 

We agree with previous researchers that it is helpful to have a 
clear definition of what it means for two documents to be near-
duplicates.  In the eRulemaking domain there are two broad 
categories of documents: Comments that are written more-or-less 
from scratch (unique), and comments that are based on a form 
letter (exact-duplicates and near-duplicates).2 Our experience with 
public comments leads us to define two documents to be near-
duplicates if one of seven relationships holds between the two 
documents:  Block Edit, Key Block, Minor Change, Minor 
Change & Block Edit Combination, Block Reordering, and Bag-
of-word Similar (illustrated in Table 1: Duplicate Category). Our 
subcategories are similar in spirit to those of Conrad, et al., but 
reflect typical patterns appearing in public comment datasets. 

The definitions given in Table 1: Duplicate Category can be used 
to explain why two documents are considered near-duplicates.  
The definitions also can be viewed as defining structure-based 
near-duplicate classifiers, which can be used either as alternatives 
to bag-of-words clustering/classification, or as a device for 
automatic assessment of bag-of-words clustering/classification.  
For example, structure-based definitions might help identify the 
causes of mistakes in bag-of-words clustering/classification.  We 
return to this point in Sections 6 and 7, when we discuss large-
scale evaluation. 

4. SYSTEM ARCHITECTURE 
Our duplicate and near-duplicate detection system includes three 
modules: Text preprocessing, feature-based document retrieval 
and similarity-based document clustering (Figure 1). 

The text preprocessing module consists of information extraction 
(IE), binning by length, and seed document selection. The IE 
module identifies the email sender, the receiver, address, 
salutation and signature lines; docket IDs mentioned in the text; 
delivery dates and the email-relaying organizations identified in 

                                                                 
2 Regulators are also interested in identifying letters that express 

the same viewpoint, whether or not the letters are based on the 
same form letter, but that is a different, and more complex, 
problem. 

email headers. These features are used later in duplicate detection.  
Documents are binned based on their word-based content lengths 
(i.e., after removal of headers, address, salutation, and signature 
lines are removed). Binning insures that exact-duplicates are 
grouped together. Moreover, the system will have a rough guess 
about what are the large duplicate sets before the clustering starts. 
These sets are handled first, to improve efficiency. Finally, to 
identify the dominating document within a bin, the document that 
repeats most (i.e., has the most exact duplicates, using word-based 
comparison) is selected to be the initial seed in any bin whose size 
is greater than 100. 

In the feature-based document retrieval module, the system begins 
near-duplicate detection by going through the size-based bins in a 
round robin manner. On each pass a document is selected from a 
bin, and a feature-based query is generated based on a fingerprint 
and metadata. The system then performs probabilistic document 
retrieval, using a Boolean query, to get candidate duplicates for 
the document.  

The similarity-based clustering module measures the similarity of 
each document in the candidate set to the current seed; similar 
documents are grouped together.  The next section describes the 
algorithms for feature-based document retrieval and similarity-
based clustering. 

5. NEAR-DUPLCATE DETECTION 
Analysis of public comment databases reveals that they contain a 
wide range of near-duplicate documents.  Email programs 
frequently adjust layout, for example spacing and formatting, but 
these are of little concern to word-based matching algorithms, so 
we do not consider them further.  It is surprisingly common for 
people to make minor adjustments to punctuation or wording.  It 
is also common for people to make larger changes, such as adding 
or deleting sentence or paragraphs.  Hence it is not enough to 
know that two documents differ; human analysts need similar 
documents grouped together, simple measures of how similar two 
documents are, and differences highlighted. 

We consider the problem from Information Retrieval (IR) point of 
view. Documents are treated as unordered ‘bags-of-words’, and 
each document is represented by a unigram word distribution.  
Exact-duplicates and near-duplicates can be detected by 
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Seed Document
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      Feature-based Document Retrieval

Fingerprint
Generation

IE-Enhanced Query
Formulation

Document Retrieval

query

Duplicate
Candidates

Similarity
-based
Document
Clustering

 
 

 
 

Duplicate Clusters

 Figure 1: System Architecture 



identifying documents with identical or similar unigram language 
models. Kullback-Leibler (KL) divergence, a distributional 
similarity measure, is one way to measure the similarity of one 
document given another.  Our duplicate detection system exploits 
an unsupervised clustering algorithm based on KL divergence. 

Pair-wise KL-divergence comparisons on large datasets are time-
consuming. To avoid clustering the entire dataset, given a cluster 
seed, the system performs feature-based document retrieval to 
quickly create a set of potential exact- and near-duplicate 
documents. A Boolean query is created based on the information 
extraction results in preprocessing and representative text spans 
extracted from the documents. This query could be considered a 
combination of metadata and document fingerprints. In addition 
to the simplicity of using standard IR system capabilities, the 
complexity and computational costs of creating and using this 
type of fingerprints are much lower than using those produced by 
traditional fingerprinting techniques, such as shingling. 

5.1 IE-enhanced Feature-based Retrieval 
An important issue that forms the foundation for all duplicate 
detection work is the feature set selected to characterize a given 
document or to generate its “fingerprint.” In our system, we 
extract fingerprints from text chunks and combine them with other 
metadata to form a Boolean query. The system then uses the 
Lemur Toolkit3 as the document retrieval engine to get duplicate 
candidates. We call this process feature-based document retrieval, 
since it combines information from both fingerprints and a group 
of features extracted during the preprocessing stage. The system 
starts with the seed documents selected during preprocessing for 
the first round robin runs. Each seed document is broken into 
chunks. The size of each chunk depends on the length of a 
document. In our system, how many chunks selected from a given 
document is determined by a normal step function. If a document 
contains more than 200 words, the size of each chunk is set to 40 
words; if it contains fewer words, there will be at most 8 chunks 
within it. Thus the compression ratio of a chunk to a fingerprint is 
higher for longer documents and lower for short ones. Note that 
chunks should not cross paragraph boundary and terms under 
consideration exclude headers, address lines, etc. 

Among terms tj in a chunk Ci, the fingerprint is constructed as a 
text span around term t* which is the term with minimal 
document frequency in the chunk and is defined as:  

)(minarg* j
j

tdft =    (1) 

where df(tj) is the number of documents containing tj, and argmin 
is the term with the minimal df() value. 

One text span (of length 3 for the sample document in Figure 2), 
centered around t*, is selected from each chunk. Note that the text 
span could be of any length; it is not necessary to be a trigram. A 
database-specific text span size parameter is used; usually we set 
it to 3 to 5. For the sample document, the fingerprints are 
“standards proposed by” “will harm thousands” “unborn children 
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for” “coal plants should” “other cleaner alternative” “by 90 by” 
“with national standards” and “available pollution control”. 

The information extractor identifies email senders, receivers, 
signatures, docket IDs, delivered dates, and email relayers during 
preprocessing; the retrieval system indexes them, and supports 
their use in queries. Since many near duplicates are based on form 
letters created by special interest groups (“mass mailers”) or are 
commercial advertising (“spam”), duplicate documents are likely 
to share the same features as the seed document.  

Finally, the feature-based query is formed based on fingerprints 
and metadata. For instance, for the seed document shown in 
Figure 2, the query is: 

#AND ( docketoar.20020056 router.moveon #OR(“standards 
proposed by” “will harm thousands” “unborn children for” 
“coal plants should” “other cleaner alternative” “by 90 by” 
“with national standards”  “available pollution control”) ) 

The system uses Lemur to retrieve all matching documents, which 
collectively form the duplicate candidate set for the seed 
document. 

5.2 Similarity-based Duplicate Clustering 
Once the duplicate candidate set Si for a seed document di is 
formed, the system measures the similarity between di and every 
document sij 

�
 Si. In language model approach, a document di is 

<DOC> 
<DOCNO> 03-23-2004-071078 </DOCNO> 
<FROM> David Thomas dtdtportugal@yahoo.com </FROM>  
<ROUTER> moveon </ROUTER>  
<SUBJECT> Attention Docket ID No. OAR -2002-0056 </SUBJECT>  
<DOCKET> OAR -2002-0056 </DOCKET>  
<DATE> 03-23-2004 </DATE> 
<FILESIZE> 531 </FIL ESIZE> 
<HEADER> 
Dear Environmental Protection Agency,  
</HEADER> 
<TEXT> 
The changes to mercury pollution standards proposed by  "President" Bush are  
unacceptable.These standards will harm thousands  of living people and  
thousands of unborn children for yea rs to come.  
 
The mercury producing coal plants should  be phased out starting now.  
and other cleaner alternative  energies should be developed.  
 
The EPA should require power plants to cut mercury pollution by 90% by   
2008. These reductions are consistent with national standards  for other  
pollutants and achievable through available pollution -control  
technology.  
 
</TEXT> 
<SIGNATURE> 
Sincerely,  
 
David Thomas  
6365 South County Road E  
Poplar, WI 54864  
 
</SIGNATURE> 
<FOOTER> 
________  
This is an important  constituent communication initiated through  
MoveOn.org.  
 
</FOOTER> 
</DOC> 

Figure 2: Sample Document 



represented by a unigram word probability distribution pi over the 
vocabulary. For any given two documents da and db with their 
word probability distributions pa and pb respectively, the KL 
divergence, also known as the relative entropy, a measure of how 
different two probability distributions are, is given as: 

)|(
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where 
jw  is a word appearing in document da, and  

� ∈

==
ai dw ai

aj
aja dwtf

dwtf
dwpp

),(

),(
)|(   (3) 

Since KL-divergence is non-negative and non-symmetric, we 
define and use the minimal value of two KL-divergences as the 
distance measure between two documents da and db: 

))||(),||(min(),( abbaba ppKLppKLdddist =  (4) 
If a word never occurs in document da, maximum likelihood 
estimation (Equation 3) gives it zero probability, which is clearly 
too strict. Laplace smoothing (or add-one smoothing) [13] is used 
to adjust the maximum likelihood estimation. 

Given this model, duplicate clusters are formed using the steps 
shown in Figure 3. Several issues are worth noting. First, step D.a 
performs a feature-based Boolean retrieval to get a set of 
candidate documents as the basis to start clustering. It works fairly 
efficient for large clusters since it usually cuts the number of 
documents needed to be clustered from the size of the entire 
dataset to a reasonable number. One of our test collections 
contains 536,975 public comments; the average size of candidate 
duplicate sets is 10,995. This reduction is extremely significant 

for the big clusters. However, for small clusters, especially for 
those only containing a single unique document, it is inefficient to 
retrieve and look through the candidate set. Therefore, after most 
of the big clusters have been found, if there are 5 clusters in a row 
only have a single document in them, the feature-based retrieval 
module is disabled based on the assumption that most of the 
remaining unclustered documents are unique.  Only similarity-
based clustering is used on them.  

Second, the cut-off threshold 
iθ  for different clusters should be 

different. Documents in a cluster are sorted by their document-
centroid similarity scores. The sorted scores are sampled at 10 
document intervals. If there is a large value change, i.e. greater 
than 5% of the initial cut-off threshold within an interval, a new 
cut-off threshold is set at the beginning of the interval. Note that 
this requires an extra step to first store the similarity scores above 
a relatively loose initial cut-off threshold. 

6. EVALUATION METHODOLOGY 
It is usually difficult to evaluate clustering performance, including 
duplicate clustering. Ideally there would be a “ground truth” 
identification of which documents are near-duplicates and which 
are not. Our initial research was conducted with public comment 
datasets provided by the USDA, US DOT, and US EPA [4]. None 
of these datasets have “ground truth” assignments. The largest, a 
public comment dataset for the EPA’s proposed National 
Emission Standards For Hazardous Air Pollutants For Utility Air 
Toxics rule (USEPA-OAR-2002-0056, “Mercury rule”) contains 
536,975 email messages. Comprehensive manual assessment on 
this dataset is a challenge.  

Hence, two subsets of 1,000 email messages each were randomly 
selected from the Mercury dataset for experiments described in 
Section 7. Each subset was given to two graduate research 
assistants, who manually organized the documents into clusters of 
documents that they felt were near-duplicates. Because both 
students did both datasets, it is possible to measure inter-rater 
agreement between the students, as well as to measure agreement 
between the duplicate detection system and the students.  The 
experiments were performed after the system was developed, i.e., 
the system was not tuned to mimic the behavior of the students. 

The effectiveness of clustering algorithms is often measured with 
a variety of metrics that assess inherent cluster quality or 
consistency, as well as agreement between the clustering 
algorithm and a “ground truth”.  In the context of clustering, the 
quality of clustering with respect to the ground truth is assessed in 
terms of precision (p) and recall (r). The precision and recall for 
each cluster i with respect to each class j in the ground truth are pij 
and rij and are defined as:  

 pij = nij/ ni     (5) 

      rij = nij/ nj     (6) 

where nij is the number of documents from class j in cluster i, ni is 
the number of documents in cluster i and nj is the number of 
documents in class j. In the following discussions, we will use 
“cluster” to refer to a duplicate set generated by our algorithm 
while “class” generated manually by human assessors. 

The metrics used in our experiments are F-measure, purity, pair-
wise measure and kappa inter-rater agreement. The first three 

A) Initialize the Duplicate Cluster Collection N: N ��� . 
B) Sort the Bin Collection B in decreasing order. 
C) Get the initial seed documents by seed selection and move the 

initial seed documents to the front of the corresponding bins. 
D) From each histogram bin bl

�
B, pick one document di as the 

seed document. Note that the initial seed document will be the 
first one to start with within a bin. 

      a) Generate a feature-based query qi and retrieve candidate set 
Si for di, 

      b) For each document sij 
�

 Si, if dist(sij,di) < 
iθ , 

     ∀ cluster centroid dk in N,   
         if dist(sij,di) > dist(skj,dk), 
            add sij into duplicate cluster ndk: ndk � ndk 

�
{sij }                         

         otherwise if dist(sij,di) <= 
kmin (dist(skj,dk)) and di ∉  N ,  

           create a new cluster ndi , add it into N : N � N 
�

{ndi }, 
           add sij into ndi: ndi � ndi 

�
{sij } 

           eliminate sij from ndk if necessary: ndk � ndk - {sij } 
       Eliminate sij from bin bl: bl � bl - {sij }  
       c) If bl =� , remove bl from B  

E) If B =� , output N as the final set of duplicate clusters. 
 

Figure 3: Algorithm to form duplicate clusters 



measures are commonly used in the IR community for evaluating 
clustering performance while the last measure is widely used in 
assessing inter-rater agreement when human assessments are the 
main resource that can be relied on. The detailed definition of 
each measure is given below. 

6.1 F-Measure 
The first metric is F-measure, which is widely used in the IR 
community and tries to capture how well the groups of the 
investigated clustering at the best match the groups of the ground 
truth. F-measure for cluster i and class j is defined as:  
 Fij = 2 � rij / (p ij +r ij)   (7) 

F-measure for the entire set of clusters is:  

F = 
jj

j F
n

n
�     (8) 

where Fj = maxi {Fij} , nj is the number of documents in class j, n 
is the total number of documents. 

6.2 Purity 
The second metric is purity. The purity of each cluster tries to 
capture how well the groups of the first on average cluster match 
those of the ground truth. The weighted average purity � over all 
clusters measures the quality of the whole clustering. It is defined 
as:  

 � = 
i

i

n
n ρ�

     (9) 

where �i = maxj{pij}, nj is the number of documents in class j, n is 
the total number of document and pij is precision of cluster i with 
reference to class j. 

6.3 Pair-wise Measure 
The third metric is based on the distribution of pairs of 
documents. Pair measures reflect degrees of overlapping between 
clusters and classes. Folkes and Mallows index [10] is one of such 
pair measures and is defined as: 

))(( caba
a

FM
++

=     (10)  

where a is the number of pairs in the same group in the ground 
truth and in the clustering (agreement), b is the number of pairs in 
the same group in the ground truth but in the different in the 
clustering (false negative), c is the number of pairs in the different 
groups in the ground truth but in the same in the clustering (false 
positive), d is the number of pairs in the different groups in the 
ground truth and in the clustering (agreement). 

6.4 Kappa 
Finally, we use the Cohen’s kappa statistics [7] to evaluate both 
clustering effectiveness and structure-based duplicate categories. 
For the first task, kappa assesses agreement between clustering 
results relative to two ground truth given by different human 
assessors. We consider the investigated clustering algorithm as 
another “assessor”. The kappa coefficient is defined is: 

             � = 
)(1

)()(
Ep

EpAp
−

−   (11) 

Table 2: Clustering Performance 
� (�BC = .74)   F � FM �

AB �AC 
1 Baseline1 filesize 0.14 0.12 0.24 0.12 0.08 
2 Baseline2 router 0.62 0.28 0.34 0.31 0.45 
3 Metadata-based 

(router+filesizerang
e+docket) 

0.68 0.34 0.42 0.42 0.56 

4 fingerprint-based 0.68 0.74 0.34 0.64 0.64 

5 Feature-based (3+4) 0.70 0.74 0.40 0.64 0.68 
6 Similarity-based 

clustering 
0.62 0.72 0.32 0.56 0.58 

7 Current approach 
(5+6) 

0.74 0.81 0.55 0.66 0.71 

  

where p(A) is the observed agreement between the two 
assessments. It can be calculated as (a+d)/m by using a, b, c and d 
given in Equation 10 and m=a+b+c+d. p(E) is the agreement 
expected by chance. It can be calculated as 

22 /))((/))(( mdccbmcaba +++++ . 

Our idea is that if the concordance of the clustering results given 
by our system and one of the assessors are as good as or even 
better than that of two human assessors, the algorithm could be 
considered as effective.  

For the second task, kappa assesses agreement between judgments 
on a certain clustering run given by structure-based assessor and 
human assessors.  If the inter-rater agreement of the structure-
based assessor and a human assessor is comparable with inter-
rater agreement between two human assessors, we would claim 
that the structure-based assessor is effective. In computational 
linguistics � > 0.67 has often been required to draw any 
conclusion of agreement [5]. However, there has been a number 
of objections to this standard and less strict evaluations consider 
0.20 < � < 0.40 indicating fair agreement and 0.40 < � < 0.60 
indicating moderate agreement. 

7. EXPERIMENTAL RESULTS 
7.1 Duplicate Detection Effectiveness 
The experimental results are shown in Table 2. The descriptions 
of experiments are given as follows: 

1) Experiment 1 runs a baseline algorithm to partition a sample 
public comment dataset into clusters by document file sizes. 
File size, plus or minus 10%, is a simple feature that 
regulatory agencies often use to get an initial organization of 
documents. 

2) Experiment 2 runs another baseline algorithm where datasets 
are partitioned by the email relayers. This partition is based 
on the observation that comments delivered by a particular 
email router, for example the mail router of a special interest 
group website, are more likely to be based on a form letter. 
Therefore, it is another way for the agencies to organize the 
dataset. 

3) Experiment 3 tests an algorithm that uses a combination of 
several metadata to partition the dataset. Information such as 
email routers, file size and docket ID is joined to have a finer 



partition of documents. Note that the 10% file size heuristic 
is used here to identify near-duplicates with slightly varying 
lengths. 

4) Experiment 4 tests clustering effectiveness. It performs 
ranked Boolean document retrieval by generating a 
fingerprint for each document with substrings extracted from 
it. Note that the experiment uses “probabilistic OR” to score 
each document pair and form the clusters following a 
clustering algorithm similar to the one shown in Figure 3. 

5) Experiment 5 is a combination of metadata and fingerprint 
extraction in experiment 3 and 4. It is the feature-based 
document retrieval described in Section 5.1, the first part of 
our duplicate detection algorithm. 

6) Experiment 6 conducts a “bag-of-words” similarity-based 
document clustering as most IR systems do. It calculates KL-
divergence for each document pair in the dataset and 
generates clusters. It is the second part of our current 
approach. 

7) Experiment 7 shows the current approach, i.e., feature-based 
document retrieval and similarity-based clustering, which 
was detailed in Section 5.  

Based on the above experimental results, we have the following 
observations: 

• Clustering based on just metadata like file size and email 
routers (experiments 1, 2, and 3) are not as effective as other 
approaches. Although these may seem like simplistic 
approaches, they are the main methods currently used by 
regulatory agencies to identify near-duplicates. The weakness 
of these results suggests that more sophisticated approaches, 
such as what presented in this work, are required. 

• The traditional method of fingerprint-based duplicate 
detection (experiment 4) provides reasonable performance. It 
greatly improves the quality of duplicate clusters as 
compared with the baselines (0.54 increments in F, 0.62 in 
purity, 0.10 in FM, and almost 0.6 in Kappa for baseline 1). 

• The featured-based document retrieval in our system 
(experiment 5) improves the fingerprint approach further. 
Although the improvement is not so significant, it helps to 
distinguish the public comments from different form letters 
which come from different email relayers. It helps to put the 
comments generated based on different form letters into 
separate clusters. Moreover, it reduces the size of the 
duplicate candidates in the earlier stage, so that the algorithm 
runs more efficiently in the later process. 

• "Bag-of-words" similarity-based clustering (experiment 6) 
also gives reasonable performance as compared with the 
baseline approaches (0.48 increments in F, 0.60 in purity, 
0.12 in FM and almost 0.5 in kappa for baseline 1), however, 
lower than the traditional fingerprint-based approach. We 
still recommend this approach because of its simplicity, 
efficiency and comparable performance. However, it gives us 
a hint that assessment based on just word overlapping might 
not be adequate for duplicate detection.  

 

 

• The combination approach (experiment 7) provides the best 
performance (0.74 for F, 0.81 for purity and 0.55 for FM).  

Worth noting is that the kappa values of 0.66 and 0.71 are 
close to the level of 0.74 human inter-rater agreement for this 
data. Although it is too early to conclude that our approach is 
comparable to the quality of human-produced duplicate 
clusters, it is an encouraging result.  

7.2 Duplicate Detection Efficiency 
Our system generates document fingerprints by extracting a text 
span around a term in each chunk. Let’s call this term the seed 
term. The system selects the seed term based on its document 
frequency (df).  Section 5.1 suggests that the seed term be the one 
with minimum df within a chunk. However this choice is not 
explained or justified.  A series of experiments explored the 
effects of choosing seed terms based on minimum, median or 
maximum df.  There was little difference among how the seed 
terms were selected in a text chunk in terms of effectiveness, i.e. 
they resulted in the same duplicate clusters.  This is not 
surprising, of course, because the retrieved documents are merely 
candidate near-duplicates; it is the similarity-based clustering that 
forms the final set of near-duplicate clusters. However, different 
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methods of selecting the seed terms do affect computational 
efficiency. The minimum document frequency method uses half 
the time used by the median and maximum document frequency 
methods (Figure 5). This result confirms related work that favored 
high idf terms [6]. 

Feature-based Boolean retrieval aims to get a smaller set of 
candidate documents as the basis for clustering. It works efficient 
for large clusters since it usually cuts the number of documents to 
be clustered from the size of the entire dataset to a reasonable 
number. However, for small clusters, especially for those only 
containing a single unique document, it is inefficient to retrieve 
and look through the candidate set. Instead, the system could just 
look over the remaining unclustered documents and do pair-wise 
similarity-based clustering straight away. Experiments show that 
the clustering effectiveness remains while the time complexity 
drops. Figure 7 shows that after disabling document retrieval for 
small clusters, the time used to create new clusters becomes less. 
However, we need to know where a good point lies to disable the 
document retrieval module. It could be based on the initial 
binning of documents to roughly guess which clusters are the 
possible big ones and which are small ones. However, this 
heuristic is not so reliable. In our experiments, if 5 clusters in a 
row contain only a single document, it is a good time to disable 
the document retrieval module. This heuristic is extremely 
conservative, but we have not yet found a more effective method. 

7.3 Evaluation of Structure-based Assessor 
The previous experiments studied the accuracy of the near-
duplicate detection algorithms by comparing the results with 
ground truth generated manually.  Although this is a reasonable 
experimental methodology, it does not address the problem of 
conducting evaluations on large-scale public comment databases, 
where human assessments are impractical.  Another approach is 
necessary. 

Table 1 defines near-duplicate categories based on simple 
relationships among pairs of documents.  These relationships can 
be easily recognized by simple algorithms, hence they provide 
another approach to assessment.  The structure-based assessor 
defines two documents as near-duplicates if they fall into any of 
the categories defined in Table 1. 

The structure-based assessor makes it possible to evaluate near- 
duplicate detection on large public comment datasets, for which 
human assessment is not supportable. Each experiment conducted 
by the near-duplicate detection system produces a set of duplicate 
or near-duplicate clusters. For every document in a cluster, the 
structure-based assessor compares it with the cluster centroid and 
decides whether they belong to any of the duplicate categories 
defined in Section 3.  If so, the documents belong in the same 
cluster; if not, they don’t. 

We evaluated the accuracy of the structure-based assessor by 
investigating how well it agrees with human assessments on a 
small corpus.  The two human assessors conducted a second 
assessment to examine the results of one of the near-duplicate 
detection algorithms.  We selected the most accurate of the 
algorithms described in Section 7.1 (Table 2, experiment 7).  The 
two human assessors gave “yes” or “no” subjective judgments 
about whether two clustered documents should actually be 
considered near-duplicates.  This methodology is distinct from the 

previous experiment in which the assessors clustered documents 
manually, without seeing the results of the clustering system; 
when human assessors actually saw the clustering results, their 
judgments usually changed a bit from the ground truth judgments 
they had given earlier. The purpose of this evaluation was to 
evaluate the correctness of our definition of duplicates (Table 1), 
i.e., to evaluate the effectiveness of structure-based assessment.  

Table 3 summarizes the result.  The assessors are labeled B and C, 
as before.  The structure-based assessor is labeled D.  The inter-
assessor agreement among the humans is kappa=0.75, whereas the 
agreements between the structure-based assessor and the two 
humans were 0.71 and 0.75.  We interpret this as meaning that the 
structure-based assessor is comparable to a human assessor.  

Table 3: Evaluation of Structure-based Assessor  
(for experiment 7) 

� (�BC = 0.75)  
� DB � DC 

structure-based assessor 0.71 0.75 

8. CONCLUSION AND FUTURE WORK 
U.S. regulatory agencies are required to solicit, consider, and 
respond to public comments before issuing regulations. Recently, 
the shift from paper to electronic public comments makes it much 
easier for individuals to customize form letters while harder for 
agencies to identify substantive information since there are many 
near-duplicate comments that express the same viewpoint in 
slightly different language. 

This is the first work done for exact- near-duplicate detection in 
eRulemaking domain. In this work we focus on the process of 
identifying near duplicates of form letters. The definitions of near- 
and exact-duplicates that are appropriate to eRulemaking are 
given. This paper explores the use of simple text clustering and 
retrieval algorithms for the task. Experiments in public comment 
domain show that our method is effective. 

Our future work includes comparing its performance to other 
state-of-the-art techniques such as shingling, and performing large 
scale tests of the proposed structure-based assessment scheme 
described in this paper. Since the structure-based assessor works 
well, it might be helpful to adopt some heuristics from it into our 
clustering algorithm. However, system efficiency should be under 
close consideration. 

Since the seed documents selected for each size-based bins might 
not be the centroid of the real near-duplicate set, the documents 
that are within the similarity threshold of the seed document might 
include false-positive documents if the similarity threshold is 
large. For public comments related to the proposed regulation, all 
the documents are focused on a relatively narrow set of topics. 
Therefore, in general, it is very likely that many documents would 
be relatively similar to each others. In our implementation, it is 
preferable to keep a small initial similarity threshold. However, it 
might tend to break up a real duplicate set into many smaller 
duplicate sets. Machine learning approaches might enable the 
algorithm to find more desirable thresholds and text chunk sizes. 
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