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Abstract

Unlike traditional text corpora collected
from trustworthy sources, the content of
web based corpora has to be filtered. This
study briefly discusses the impact of web
spam on corpus usability and emphasizes
the importance of removing computer ge-
nerated text from web corpora.

The paper also presents a keyword com-
parison of an unfiltered corpus with the
same collection of texts cleaned by a su-
pervised classifier trained using FastText.
The classifier was able to recognise 71 %
of web spam documents similar to the
training set but lacked both precision and
recall when applied to short texts from
another data set.

1 Web Spam in Text Corpora

It has been shown that boilerplate, duplicates, and
spam skew corpus based analyses and therefore
have to be removed, see nonsense examples of
word use in an application for English learners
based on a web corpus in figure 1. While the
first two issues have been successfully addressed,
e.g. by (Marek et al., 2007; Pomikálek, 2011;
Versley and Panchenko, 2012; Schäfer and Bild-
hauer, 2013), spam might be still observed in web
corpora as reported by (Kilgarriff and Suchomel,
2013). It was spam that represented the main
difference between their 2008 and 2012 corpora
crawled from the web. That is why a spam clean-
ing stage should be a part of the process of build-
ing web corpora.

The traditional definition of web spam is ac-
tions intended to mislead search engines into rank-
ing some pages higher than they deserve (Gyöngyi
and Garcia-Molina, 2005). The Google document
‘Fighting Spam’1 describes the kinds of spam that

1https://www.google.com/insidesearch/

Figure 1: Web spam in examples of use of word
‘money’ at skell.sketchengine.co.uk –
see lines 2, 4 and 10.

Google finds, and what they do about it.
Text alteration techniques consist in changing

the frequency properties of a web page content in
favour of spam targeted words or phrases: rep-
etition of terms related to the spam campaign
target, inserting a large number of unrelated
terms, often even entire dictionaries, weaving of
spam terms into contents copied from informa-
tive sites, e.g. news articles, glueing together
sentences or phrases from different sources as re-
ported by (Gyöngyi and Garcia-Molina, 2005).

Automatically generated content does not pro-
vide examples of authentic use of a natural lan-
guage. Nonsense, incoherent or any unnatural
texts such as the following short instance have to
be removed from a good quality web corpus: Ed-
monton Oilers rallied towards get over the Mon-
treal Canadiens 4-3 upon Thursday.Ryan Nugent-
Hopkins completed with 2 aims, together with

howsearchworks/fighting-spam.html
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the match-tying rating with 25 seconds remaining
within just legislation.2

The following types of automatically genera-
ted content are examples of documents penalised
by Google:3 Text translated by an automated tool
without human review or curation before publish-
ing. Text generated through automated processes,
such as Markov chains. Text generated using au-
tomated synonymizing or obfuscation techniques.
These kinds of spam should certainly be elimi-
nated from web corpora while the other two ex-
amples given by Google may not present a harm
to the corpus use: Text generated from scraping
Atom/RSS feeds or search results. Stitching or
combining content from different web pages with-
out adding sufficient value.

In contrast to the traditional or search engine
definitions of web spam, the corpus use point of
view is not concerned with intentions of spam pro-
ducers or the justification of the search engine op-
timisation of a web page. A text corpus built for
NLP or linguistics purpose should contain coher-
ent and consistent, meaningful, natural and au-
thentic sentences in the target language. Only
texts created by spamming techniques breaking
those properties should be detected and avoided.
The unwanted non-text is this: computer genera-
ted text, machine translated text, text altered by
keyword stuffing or phrase stitching, text altered
by replacing words with synonyms using a the-
saurus, summaries automatically generated from
databases (e.g. stock market reports, weather fore-
cast, sport results – all of the same kind very sim-
ilar), and finally any incoherent text. Varieties of
spam removable by existing tools, e.g. duplicate
content, link farms (quite a lot of links with scarce
text), are only a minor problem.

Avoiding web spam by selecting trustworthy
corpus sources such as Wikipedia, news sites, gov-
ernment and academic webs works well: (Baisa
and Suchomel, 2014) show it is possible to con-
struct medium sized corpora from URL whitelists
and web catalogues. (Spoustová and Spousta,
2012) used a similar way of building a Czech web
corpus. Also the BootCaT method (Baroni and
Bernardini, 2004) indirectly avoids spam by re-
lying on a search engine to find non-spam data.
Despite the avoiding methods being successful, it
is doubtful a huge web collection can be obtained

2http://masterclasspolska.pl/forum/
3Google quality guidelines – https://support.

google.com/webmasters/answer/2721306

just from trustworthy sources.
Furthermore, language independent methods of

combating spam might be of use. (Ntoulas et al.,
2006) reported web spamming was not only a mat-
ter of the English part of internet. Spam was found
in their French, German, Japanese and Chinese
documents as well.

2 Removing Spam Using a Supervised
Classifier

This section describes training and evaluation of
a supervised classifier to detect spam in web cor-
pora.

We have manually annotated a collection of
1630 web pages from various web sources from
years 2006 to 2015.4 To cover the main top-
ics of spam texts observed in our previously built
corpora, we included 107 spam pages promoting
medication, financial services, commercial essay
writing and other subjects. Both phrase level and
sentence level incoherent texts (mostly keyword
insertions, n-grams of words stitched together or
seemingly authentic sentences not conveying any
connecting message) were represented. Another
39 spam documents coming from random web
documents identified by annotators were included.
There were 146 positive instances of spam docu-
ments altogether.

The classifier was trained using FastText (Joulin
et al., 2016) and applied to a large English web
corpus from 2015. The expected performance of
the classifier was evaluated using a 30-fold cross-
validation on the web page collection. Since our
aim was to remove as much spam from the corpus
as possible, regardless false positives, the classi-
fier confidence threshold was set to prioritize re-
call over precision. The achieved precision and re-
call were 71.5 % and 70.5 % respectively. Apply-
ing this classifier to an English web corpus from
2015 resulted in removing 35 % of corpus docu-
ments still leaving enough data for the corpus use.

An inspection of the cleaned corpus revealed
the relative count of usual spam related keywords
dropped significantly as expected while general
words not necessarily associated with spam were
affected less as can be seen in table 1.

Another evaluation of the classifier was per-
formed by manually checking 299 random web
documents from the cleaned corpus and 25 ran-

4The collection is a part of another classification experi-
ment by the same authors not covered by this paper.
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dom spam documents removed by the classifier.
The achieved precision was 40.0 % with the recall
of 27.8 %. The error analysis showed the classi-
fier was not able to recognise non-text rather than
spam. 17 of 26 unrecognised documents were sci-
entific paper references or lists of names, dates and
places, i.e. Submitted by Diana on 2013-09-25
and updated by Diana on Wed, 2013-09-25 08:32
or January 13, 2014 January 16, 2014 Gaithers-
burg, Maryland, USA. Such web pages were not
present in the training data since we believed it had
been removed from the corpus sources by a boil-
erplate removal tool and paid attention to longer
documents. Not counting these 17 non-text false
negatives, the recall would reach 52.6 %.

To find out what was removed from the cor-
pus, relative counts of lemmas5 in the corpus were
compared with the BNC6 in figures 2 and 3. A
list of lemmas in the web corpus with the most re-
duced relative lemma count caused by removing
unwanted documents is presented in 4.

The inspection showed there were a lot of spam
related words in the original web corpus and that
spam words are no longer characteristic of the
cleaned version of the corpus in comparison to the
BNC.7

3 Conclusion

We view computer generated text as the main kind
of spam decreasing the quality of web corpora. A
classifier trained on spam documents was applied
to remove unwanted content from a web corpus.
Although the classifier significantly decreased the
presence of spam related words in the corpus, it
was not able to recognise short non-text docu-
ments. That remains to be addressed in the future.

Acknowledgments

This work was partly supported by the Ministry
of Education of CR within the LINDAT-Clarin
project LM2015071. This publication was writ-
ten with the support of the Specific University
Research provided by the Ministry of Education,
Youth and Sports of the Czech Republic.

5Corpora in the study were lemmatised by TreeTagger.
6The tokenisation of the BNC had to be changed to the

same way the web corpus was tokenised in order to make the
counts of tokens in both corpora comparable.

7The comparison with the BNC also revealed there are
words related to the modern technology (e.g. website, online,
email) and American English spelled words (center, organi-
zation) in the 2015 web corpus.

References
[Baisa and Suchomel2014] Vı́t Baisa and Vı́t Su-

chomel. 2014. Skell: Web interface for english
language learning. In Eighth Workshop on Recent
Advances in Slavonic Natural Language Processing,
pages 63–70, Brno. Tribun EU.

[Baroni and Bernardini2004] Marco Baroni and Silvia
Bernardini. 2004. Bootcat: Bootstrapping corpora
and terms from the web. In LREC.

[Gyöngyi and Garcia-Molina2005] Zoltan Gyöngyi
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Table 1: Comparison of the corpus before and after spam removal using the classifier. Corpus sizes and
relative frequencies (number of occurrences per million words) of selected words are shown. Reducing
the corpus to 55 % of the former token count, phrases strongly indicating spam documents such as “cialis
20 mg”, “payday loan” or “essay writing” were almost removed while innocent phrases from the same
domains such as “oral administration”, “interest rate” or “pass the exam” were reduced proportionally to
the whole corpus.

Original corpus Cleaned corpus Kept in cleaned
Document count 58,438,034 37,810,139 64.7 %
Token count 33,144,241,513 18,371,812,861 55.4 %
“viagra” 229.71 3.42 0.8 %
“cialis 20 mg” 2.74 0.02 0.4 %
“aspirin” 5.63 1.52 14.8 %
“oral administration” 0.26 0.23 48.8 %
“loan” 166.32 48.34 16.1 %
“payday loan” 24.19 1.09 2.5 %
“cheap” 295.31 64.30 12.1 %
“interest rate” 14.73 9.80 36.7 %
“essay” 348.89 33.95 5.4 %
“essay writing” 7.72 0.32 2.3 %
“pass the exam” 0.34 0.36 59.4 %

Figure 2: Relative wordcount comparison of the original 2015 web corpus with British National Corpus,
top 26 lemmas sorted by the keyword score. Score = fpm1+100

fpm2+100 where fpm1 is the count of lemmas per
million in the focus corpus (3rd column) and fpm2 is the count of lemmas per million in the reference
corpus (5th column).
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Figure 3: Relative wordcount comparison of the cleaned web corpus with British National Corpus

Figure 4: Relative wordcount comparison of the original web corpus with the cleaned version
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