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Abstract 
With the advancement in digitalization, archived 
documents such as newspapers have been increasingly 
converted into electronic documents and become 
available for user search. Many of these newspaper 
articles appear in several publication avenues with some 
variations. Their presence decreases both effectiveness 
and efficiency of search engines which directly affects 
user experience. This emphasizes on development of a 
duplicate detection method, however, digitized 
newspapers, in particular, have their own unique 
challenges. One important challenge that is discussed in 
this paper is the presence of OCR (Optical Character 
recognition) errors which negatively affects the value of 
document collection. The frequency of syndicated stories 
within the newspaper domain poses another challenge 
during duplicate/near duplicate detection process. This 
paper introduces a duplicate detection method based on 
clustering that detects duplicate/near duplicate digitized 
newspaper articles. We present the experiments and 
assessments of the results on three different data subsets 
obtained from the Trove digitized newspaper collection. 
Keywords: clustering, duplicate document detection, OCR 
errors, feature selection  

1 Introduction 
The Australian Newspaper Digitization Program (ANDP) 
has initiated the digitization of newspapers archives 
before the copyright act. ANDP has provided free access 
to this data, relevant to Australia via the Trove search 
engine1. A significant problem with digitisation of 
archived newspapers is the presence of identical and 
nearly identical documents in the resulting collection. 

1http://trove.nla.gov.au/ 
Copyright (c) 2014, Australian Computer Society, Inc. 
This paper appeared at Australasian Data Mining 
Conference (AusDM 2014), Brisbane, 27-28 November 
2014. Conferences in Research and Practice in 
Information Technology, Vol. 158. Richi Nayak, Xue Li, 
Lin Liu, Kok-Leong Ong, Yanchang Zhao, Paul Kennedy 
Eds. Reproduction for academic, not-for profit purposes 
permitted provided this text is included. 

These duplicate documents are not only an annoyance to 
users as search results, but, they also decrease efficiency 
of search engines (Uyar, 2009). The processing of these 
duplicate documents and results is not only time 
consuming, but, their presence also does not add any 
value to the information presented to users. Duplicate 
document detection has gained research interest as it 
assists in search engines in increasing the effectiveness 
and storage efficiency (Uyar, 2009). While carrying out 
this task, consideration of the domain/application is very 
important. For example, in plagiarism detection scenario, 
even if a sentence or a paragraph of one document is 
found in another document the two documents could be 
seen as near-duplicates. This definition of near-duplicate 
may be looser in other domains as comparison to news 
domain (Hajishirzi, Yih and Kolcz, 2010). 

Ne Newspaper articles exhibit distinct characteristics 
(Smeaton, Burnett, Crimmins and Quinn’s, 1998). 
Almost all news stories have an element of a continuum 
and news stories usually evolve over time. A large 
proportion of articles are related to previously published 
articles. There exists a dependency between news stories 
which cannot be ignored when navigating news archives. 
These dependencies need to be acknowledged while 
looking for duplicate newspaper articles. If two 
documents are identified as near identical articles, when 
in fact one contains new information, this potentially 
leads to loss of information (Gibson, Wellner and Lubar, 
2008). In this paper, we explored document clustering as 
a technique to identify and generate links between related 
news stories. 

 Another significant problem with the use of digitized 
collections in search engine is OCR (Optical Character 
recognition) errors. These errors are non-existing words 
which result due to incorrect letter recognition. OCR 
helps resolve the growing problem of searching intended 
information from the digital archives; however, historical 
newspapers are different from the recent newspapers in 
image quality, type fonts, ruby characters, noise, and 
language usage. The direct use of these digitized 
collections, without any processing for quality 
improvement, cannot provide satisfactory results (Shima, 
Terasawa and Kawashima, 2011). Newspapers especially 
old ones are certain to have OCR errors no matter how 
well the digitization is done. The reasons include the 
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condition of the source material, the typeface used, the 
contrast between print and paper and many more. (DLC, 
2011).Whereas such challenges do not surface in other 
web documents, 
An abundance amount of work exists on identifying 
duplicated online web pages (Conrad, Guo and Schriber, 
2003; Radlinski, Bennett and Yilmaz, 2011), but, none 
can be found on digitized newspapers with particular 
consideration to OCR errors. While identifying exact 
duplications of plaintext documents has been more 
straight forward (Gibson, Wellner and Luber, 2008), 
identifying near duplicates has been challenging (Alonso, 
Fetterly and Manasse, 2013). The task of defining near 
duplicates and setting a "resemblance" threshold (a 
threshold that classifies near identical and non-identical 
documents) is difficult and varies across the domains. 
The errors resulted due to OCR software application not 
only have the potential to affect the clustering solutions 
but it also makes it difficult to set a threshold and 
identifying redundancy.While it will be almost 
impossible to detect exact duplicates, it will be most 
difficult to decide at what level of threshold to discard the 
near duplicates. At times, the small differences between 
the two near duplicate documents might have important 
information to reveal. Moreover two documents might be 
near duplicate but a lot of words might not match due to 
OCR errors. This will result in falsely classifying the 
documents as not duplicates. 
This paper is a step towards finding the solution to the 
problems associated with digitized newspaper articles. 
We propose a solution to deal with unique problems such 
as eliminating OCR errors and detecting redundant news 
stories which may negatively affect the search engine 
performance and the user experience. We propose a 
methodology using a pre-processing method to eliminate 
OCR errors and clustering algorithms. Evaluation of the 
clusters is done using both internal and external 
measures. The proposed method is based on the 
assumption that the closest neighbours within a cluster 
can represent near duplicates or exact duplicates.  
The remainder of this paper is set out as follows. Section 
2 will describe the approach taken. This is followed by 
experiments, results and evaluation in section 3 and 
finally ending with the conclusion.  

2 The Proposed Clustering based Method 
The proposed document duplication detection method 
starts with initial pre-processing that includes removal of 
all non-alphanumeric characters and stop words (i.e. 
extremely common words which are not valuable) and 
stemming of the terms to its root form using Porter's 
stemmer (Porter, 1980). This is followed by identification 
of the more common words and OCR error using a simple 
method consisting of frequency count and threshold cut-
off. A sample of raw data from Trove dataset displayed in 
Figure 1 contains non-existing words such as "luetnc", 
"uecrioi", "gnnitttt" and "oiilitioiiali" which resulted due 
to incorrect letters. 

Figure 1: A sample of raw data from Trove dataset prior 
to cleaning 

For each term in the document collection, Term 
Frequency (TF) is calculated. TF is the number of times 
the term occurs in the document collection D. 
TF (t, D) = f (t, D) 
Selection of a threshold cut-off is critical. Setting a higher 
threshold may lead to elimination of valuable words. 
Setting the threshold too low may still leave the noise or 
OCR errors in the collection. It is not possible to get a 
perfect threshold cut-off that leads to elimination of all 
the noise while keeping all the important words. The aim 
is to find a cut-off that might not lead to complete 
elimination of the OCR errors but, it should remove most 
of the common ones, and it should also lead to a reduced 
word space while keeping the important terms. This will 
reduce the computational time and, additionally, lead to a 
more accurate clustering solution. 
The decision on the threshold cut-off is made by plotting 
the frequency distribution of the terms. Since the number 
of terms is too big to be put in one plot, random points are 
picked for visualization shown in Figure 2. The x-axis of 
the graph represents the number of times (n) a term 
occurs within the document collection and the y-axis 
shows the terms that occurs n times. It is seen that a total 
number of 842385 terms occurs one time and also the 
maximum count of times a term occurs is 35,717.  

Figure 2: A graph presenting frequency distribution of 
terms-random points picked due to largeness of data 

It can been seen in Figure 3 that the words identified as 
results of OCR error in Figure 2 actually occur only one 
time in the entire document collection. Such rarely 
occurring terms are usually filtered out by setting a 
correct threshold.  
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Figure 3: A sample list of stemmed terms occurring one 
time in the complete document collection 

Once pre-processing is completed the document 
collection is represented in the Vector Space Model 
(VSM) which represents documents as a feature vector of 
the words that appear in the documents of the collection 
(Jin, Chai and Si 2005). Each feature vector is presented 
with the term-frequency * inverse-document-frequent  
(tf * idf) weighting. This weighting will consider a term 
important if it occurs frequently within a document and 
does not occur so frequently in the collection. This model 
becomes input to the clustering process.  
A choice of clustering algorithm depends upon many 
factors. Experimental studies in the literature have often 
portrayed hierarchical clustering to be better than the 
partitional K-means, in terms of clustering quality but 
inferior in terms of time complexity (Steinbach, Karypis 
and Kumar, 2000). In this paper, we apply the repeated 
bisections partitional clustering approach (Karypis, 2002) 
to deal with the large dimensions. The method is a K-way 
clustering solution that is computed by performing a 
sequence of K-1 repeated bisection on the data instances 
where K is the desired number of clusters. In addition to 
having low computational requirements, this bisecting K-
means approach has a time complexity which is linear in 
the number of documents. It is found that as K increases, 
there is an increment in the optimization of the criterion 
functions as well.  
Using a nearest neighborhood method that uses cosine 
similarity, for each object (a newspaper article) within a 
cluster, its ten nearest neighbors is found. If the similarity 
between the object and its nearest neighbor is within the 
acceptable threshold, it is considered as identical or near-
identical. It is assumed that any near duplicates of that 
particular document should be its nearest neighbour 
within the same cluster. 

3 Experiments and Evaluation 
This section focuses on assessing the effectiveness of the 
proposed document duplication detection method. We 
first present the datasets and evaluation measures used in 
experiments. The results from the pre-processing phase of 
the experiment will be presented next. This is followed by 
discussion and analysis of the results obtained from the 
clustering phase. Finally, we will present and analyze the 
results of duplicate identification obtained from the 
cluster evaluation phase.  

We use the clustering tool CLUTO to perform clustering 
(Karypis, 2002). CLUTO is chosen because it is easy to 
use and is able to operate on very large dataset with 

respect to number of documents as well as number of 
dimensions. CLUTO has many clustering algorithms and 
each of these algorithms has different scalability 
characteristics. Karypis (2002) has shown that the most 
scalable method in terms of time and memory is 
vcluster’s repeated-bisecting algorithm that uses cosine 
similarity function. 

3.1 Dataset 
The Trove data set consists of a total number of 
77,841,027 documents. The documents fall into six 
categories which are: Literature; detailed lists, results and 
guides; Advertising; Articles; Family Notices; and 
Others. The main focus of the study is on the Article 
category which consists of a total of 58,549,810 
documents (as shown in Table 1). The experiment is 
conducted on three different data subsets selected from 
three different time period of year 1921 (called as Dataset 
1), year 1880 (called as Dataset 2) and year 1862 (called 
as Dataset 3). The data collection for the period of 1921 is 
randomly chosen while the years 1862 and 1880 
collection are chosen based on queries identified by 
historians as having duplicates. It is based on the fact that 
there are duplicates of those particular news articles. For 
example, running the search query "kipper billy daring 
attempt" on Trove website is supposed to produce at least 
three duplicate copies. For each dataset, a two months of 
data snapshot has been used for clustering experiments. 

Table 1: Total number of documents under each category 
The study is based on the premise that, in archived news-
stories in late 1800s and early 1900s, the duplication in 
news occurs within the two months of the release of the 
original news story and not beyond that. This assumption 
has been made based on discussion with historians 
involved in the project, as well as, based on the facts that 
the stories used to deliver via telegraphs and printing and 
delivery process used to take long. Today with partial 
replacement of newspapers by web news and network 
television news which gets updated in real time, most 
duplication would happen on the same day. Even with 
newspapers, most publication happens daily or weekly. A 
search completed on Trove search engine for both queries 
"Kelly expiated his career in crime" and "kipper billy 
daring attempt" showed that news duplication does not go 
beyond two months. These two queries were for news 
that happened in 1860 and 1862 respectively. 
In the original data collection, the news articles include 
some advertisement. There was no heuristic way to 
identify these ads and distinguish them with the news 
stories. A simple method is applied to identify and 
eliminate any ads occurring within the data collection. An 
initial clustering is conducted on the data collection after 
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a simple pre-processing of stemming and general stop 
word removal. Once the clusters are obtained, the best 
clusters on the top are manually observed. It has been 
seen that any cluster that has few number of documents 
and that has very high intra-similarity tends to be ads 
most of the time. The exact same ads might repeat in 
several newspapers and appear during extended periods. 
This might not allow efficient identification of duplicate 
news articles. Any document within these clusters which 
is identified as an ad is removed from the collection. This 
process slightly improves the efficiency of the clustering 
solution. 

3.2 Evaluation Measures 
The quality of the clusters obtained is measured using 
two measures: internal quality measure and external 
quality measure. The internal quality measure is based on 
the examination of the internal similarity (ISIM) that is 
the average similarity between the objects of each cluster 
and the output value of the criterion function used. The 
ISIM has values between 0 and 1. Good clusters have 
ISIM and output value of the criterion function closer to 
1. In contrast a bad cluster has ISIM and output value of
the criterion function closer to 0. This is also known as 
the quantitative measure.  
In addition to the internal measures, an alternative 
qualitative measure is required to evaluate the 
effectiveness of the clustering algorithm in grouping the 
similar digitized news articles together. This leads to 
finding out how successfully the near duplicate articles 
are detected. An extrinsic method using ground truth is 
applied. The ground truth for this study is a collection of 
information retrieved from the Trove search engine based 
on certain queries. A simple process of manual 
observation is applied to the results retrieved by the query 
in order to identify duplicates related to that query. Then 
the cluster solution is taken for further evaluation. 

3.3 Effectiveness of pre-processing 
This section discusses the effect of pre-processing phase 
in removing the OCR errors and reducing word space. An 
assumption is made that if a terms occurs too many times 
in the overall document collection, the term is not 
important and does not provide any valuable information 
while if a terms occurs very few times such as once, the 
term is an OCR error term. This conclusion is drawn from 
manual observations of the data. A cut-off threshold is set 
to identify too frequent and too infrequent terms.  
Experiment on Dataset 1 (Table 2) shows that a number 
threshold is better suited than a % threshold even though 
it is not a perfect solution by itself. A % threshold leads 
to elimination of too many terms which could lead loss of 
valuable words. It has been seen that increasing the 
threshold cut-off leads to maximum elimination of OCR 
errors but it also increases the risk of removing important 
terms. 

Table 2: Dataset 1(1921) - Comparison of different 
versions of the data collection with different threshold cut 

offs 
Observation of Table 2 shows that it does reduce the 
word space of the document collection, but, the reduction 
is not too great. Moreover comparing the threshold cut 
offs MIN=1 and MIN=2, the latter proves to be a better 
choice than the former. The “Min” indicates how many 
minimum documents the term should appear in, and the 
“Max” shows how many maximum documents, the term 
should appear in. Note that this processing is conducted 
after the standard stop-word removal and stemming so the 
dataset does not contain many stop-words or rare words. 
This culling would ensure that errors associated with 
OCR are removed. 
It can be seen from Table 3 that the total number of 
documents in the 1880 collection is 28717. The original 
data without any MIN and MAX threshold culled has 
1045656 unique terms and the density is 7340510. By 
eliminating the most frequent and infrequent (OCR 
errors) terms from the original data using a simple MIN 
and MAX threshold cut off, the number of unique term 
has reduced to 130579 and the dimensionality has also 
been reduced. 

Table 3: Dataset 2 (1880) - Comparison of the original 
input data with the data from which the frequent and 
infrequent terms (OCR errors) have been removed 

Similar results can be seen for Dataset 3 in Table 4.The 
identification and elimination of approximately 87.49% 
of total number of terms in the 1880 data collection (as 
shown in Table 5) and 86.79% of total number of terms in 
the 1862 data collection (as shown in Table 6), as 
infrequent/OCR errors, confirm the concern stated earlier 
with regard to OCR errors. Figure 4 displays the top ten 
OCR errors in the three different datasets that are 
removed by our method.  

Table 4: Dataset 3 (1862) - Comparison of the original 
input data with the data from which the OCR errors have 

been removed 
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Table 5: Dataset 2 (1880) - The most frequent, infrequent 
and good usable terms 

Table 6: Dataset 3 (1862) - The most frequent, infrequent 
and good usable terms 

Figure 4: Top 10 OCR errors removed by the defined 
process in all three datasets respectively 

3.4 Internal Evaluation of Cluster Solutions 
For Dataset 1, it is seen that the best clusters were 
produced by a combination of K=2000, method=RBR 
and criterion function=I2 (as shown in Table 7 and 8). 
For Dataset 2, Table 9 and 10 shows that combination of 
K=600, method=RB and criterion function=I1 produced a 
better solution compared to the rest. For Dataset 3, it is 
clear from results in Table 11 and 12 that K=400 
produces a better clustering solution compared to K=300. 
Looking at the methods, if based on the output value of 
the criterion function, RBR methods combined with 
criterion function I2 outperformed the other 
combinations. Otherwise if based on the average ISIM 
value, RB with I1 seems to be performing better than the 
rest. 
Although some combination of the methods outperformed 
the other, the quality of overall clustering solution is not 
very high. For a good solution, it is expected that the 
average ISIM value and the output value of the criterion 
function at least be 0.5 and above. These values are 
obtained just around 0.5. An external measure based on 
ground truth is required to evaluate the solution further 
and discover the effectiveness of the methodology. 

Table 7: Dataset 1, cluto clustering solution for 
method=rbr; -sim (similarity measure)=cosine; criterion 

function=I2 

Table 8: Dataset 1, comparison of two different methods 
and two criterion functions in CLUTO using K=2000 

Table 9: Dataset 2, result summary for K=500 

Table 10 : Dataset 2, result summary for K=600 

Table 11 : Dataset 3, result summary for K=300 

Table 12: Dataset 3, result summary for K=400 

3.5 External Evaluation of Cluster Solutions 
The three datasets are further evaluated using an extrinsic 
method. The quality of cluster is evaluated by finding out 
how successfully the near duplicate articles can be 
detected using the cluster outputs. Analysing the results 
obtained using Dataset 1 (as shown in Table 13), it is 
established that when the cosine value is equal to 1, two 
documents are exact duplicates and when the cosine value 
is below 1 and above 0.4, the documents could be near 
duplicate.  
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Table 13: Dataset 1 - Nearest neighbors of document id 
83949238 

Human observation shows that all 10 nearest neighbours 
obtained for that document can be called near duplicates 
but the low cosine values resulted because of the OCR 
errors, and due to the fact that the same information could 
have been presented using different words.  
We have not yet used a semantic model to incorporate the 
semantic words in the matching process. With Dataset 2, 
based on results from Table 14, it is understood that when 
cosine value is 1 or 0.9999, the document is an exact 
duplicate and the documents are near duplicate if the 
cosine value is 0.8 and above. The documents are more of 
an update on the news if the threshold is 0.4 and above. It 
is seen that that better observation can be made from 
dataset 2 due to presence of less OCR errors. 

Table 14: Dataset 2 -Nearest neighbors of document id 
13476046 

With Dataset 3, from the results in Table 15 it is found to 
be difficult to set a cosine value threshold for identifying 
near/exact duplicates. For a particular document, human 
observation proved that some of its nearest neighbours 
obtained are near duplicate information. But with the 
presence of OCR errors, the cosine value is calculated 
lower than it should be. 

Table 15: Dataset 3 - Nearest neighbours of document id 
4604263 

While the methodology has been successful, to some 
extent, in detecting near/exact digitized news documents, 
it is clear that the pre-processing phase could have been 
improved further. The pre-processing phase did not 
completely eliminate the OCR errors and no 
consideration was given to incorporate semantic models 
to deal with synonyms and hyponyms. These flaws had 
impact on the clustering solution and therefore clear 
observation could not be made at the end. Anyway this 
project was a first step forward and, with more 
sophisticated pre-processing, improved results can be 
obtained. 

4 Conclusion 
This paper presented a clustering based duplicate 
detection method for digitized newspaper stories. Three 
different data subsets have been employed to test the 
method. Correction of OCR errors has been found a 
significant issue dealing with digitized collection of the 
archived documents. Employing a simple method of 
threshold cut-off to eliminate the OCR errors has not 
been found to be a perfect solution. While for each 
dataset, some combination of the methods outperformed 
the other, the overall clustering solution was not found to 
be optimal. This would have been due to the reason that 
there has not been 100% removal of OCR errors from the 
digitized news article collection. The risk of removing 
important terms prevented the removal of 100% of the 
errors. It is found that increasing the number of clusters 
leads to better quality clusters but it has also been 
established that increasing the value of the cluster number 
beyond a certain point leads to clusters containing very 
few documents which does not serve the purpose of 
keeping all similar news documents together.  
The clusters were further evaluated by using an extrinsic 
nearest neighborhood method that was used to find the 10 
nearest neighbor for each document/object in a cluster.  
In future, to make the duplicate detection more robust and 
efficient, a query dependant method can be explored and 
adapted. More time can be spent on the pre-processing 
phase of the methodology to find a way to eliminate the 
OCR (Optical Character recognition) errors without 
removing any valuable terms. The simple threshold cut 
off method can be improvised into a more sophisticated 
method. Likewise for dimensionality reduction, the same 
simple method was used. Other methods such as the PCA 
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(Principal Component Analysis) (Indhumathi and 
Sathiyabama, 2010) and SVD (Singular Value 
Decomposition) can be explored and experimented with 
as well. 
It would also be important to look into other clustering 
methods. The methodology developed in this study 
adapted the bisecting partitional approach which does not 
consider a new incoming document. Methods such as 
adaptive K-means clustering allow clusters to grow 
without depending on the initial selection of cluster 
representation. It would be interesting not only to explore 
the different software, tools and methods but it will also 
be interesting to expand the study to understand the 
evolution of news stories and enhance user search 
experience. 
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