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Abstract. Opinion mining deals with scientific methods in order to find, extract 
and systematically analyze subjective information. When performing opinion 
mining to analyze content on the Web, challenges arise that usually do not oc-
cur in laboratory environments where prepared and preprocessed texts are used. 
This paper discusses preprocessing approaches that help coping with the emerg-
ing problems of sentiment analysis in real world situations. After outlining the 
identified shortcomings and presenting a general process model for opinion 
mining, promising solutions for language identification, content extraction and 
dealing with Internet slang are discussed. 
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1 Introduction and Motivation for Research 

The rise of Web 2.0 led to many changes of Internet use; the shift in communication 
processes allow users to participate and contribute [1], [2]. Neither private users nor 
companies can avoid this new form of communication, so it is important to pay atten-
tion to these communication processes: Content created by users of Web 2.0 applica-
tions contains a multitude of market research information and opinions concerning 
products, brands and corporations [3], through which economic opportunities and 
risks can be recognized at a very early stage. New strategic, tactical and operational 
plans and measures can be embraced and new brand messages can be created [4]. One 
of the biggest challenges for qualitative market research in the Web 2.0 is to handle 
the variety of information [5] and the handling of the diversity of data, which are 
mostly weakly structured and non-standardized [6]. Since manual processing of this 
big data is not manageable, the need for the support of human intelligence by machine 
intelligence is necessary [7]. Such semi-automatic solutions can be found in the field 
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of opinion mining, which deals with the identification and extraction of subjective 
opinions about certain topics, e.g. products or services [3]. 
While performing well in a laboratory environment, where specifically prepared texts 
are used [8], several problems arise, when using the prototype in real-world situations. 
These require additional processing to be performed in order to improve the quality of 
the opinion mining process. Three crucial shortcomings were recognized: 

• Contrary to laboratory environments, the content acquired in real-world situations 
often features a multitude of languages [9, 10]. In the field of opinion mining, 
where language-specific tools and models are frequently utilized, this is a major 
problem, since the application of improper methods leads to incorrect or worse 
sentiment analysis results. 

• While social networks, such as Facebook or Twitter, typically provide program-
ming interfaces, which can be used to acquire clean data, the main content on  
webpages is almost always surrounded by advertisements, navigational compo-
nents and other context-irrelevant elements. This so-called boilerplate should not 
be considered, since it provides no valuable information and can decrease the clas-
sification accuracy (as described in the context of web mining in [11]). 

• User-generated content often includes so called Internet slang, such as emoticons 
or abbreviations, which is rarely considered in the context of opinion mining. By 
neglecting this growing phenomenon, a lot of hidden information about the au-
thor’s sentiment gets lost [12].  

The objective of this paper is to discuss techniques that can help coping with the chal-
lenges that arise when performing sentiment analysis outside of laboratory environ-
ments. In order to achieve this, the utilized prototype and its background are described 
in the following section. The subsequent section focuses on outlining the identified 
problems and providing promising solutions to overcome these shortcomings when 
performing opinion mining in real-world situations.  

2 Background and Related Work 

2.1 Opinion Mining 

In general, opinion mining deals with scientific methods in order to find, extract and 
systematically analyze views on certain topics, e.g. products, companies or brands. 
Opinion mining has been studied by many researchers in recent years; one can identi-
fy several main research directions [13]: (1) Sentiment classification: The goal of 
sentiment classification is the classification of content according to its sentiment (pos-
itive, neutral or negative) about objects (e.g. [14, 15]). (2) Feature-based opinion 
mining: In feature-based opinion mining the sentiment about certain properties of 
objects (e.g. technical features of a digital camera) is analyzed at sentence level (e.g. 
[16]). (3) Comparison-based opinion mining: Another focus is the comparison-based 
opinion mining, dealing with the finding of sentences, in which comparisons of simi-
lar objects are made (e.g. [17]). 
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Different technical approaches for opinion mining can be identified: Sentiment classi-
fication based on document level and based on sentence level or on feature level. 
Most classification methods – both at document level and sentence level – are based 
on the identification of opinion words or phrases. Two approaches are usually used: 
corpus-based approaches (e.g. [18], [19], [20]) and dictionary-based / lexicon-based 
approaches (e.g. [16], [14], [21], [22]). 

A multitude of algorithms can be used to build models that are able to classify the 
sentiment of sentences / documents. This includes common approaches such as sup-
port vector machines (SVM) [23], linear regression (LR) [24, 25], decision trees (DT) 
[26], artificial neural networks (ANN) [2], Latent Dirichlet Allocation (LDA) [27], 
Pointwise Mutual Information (PMI) [27], and genetic programming (GP) [29, 30]. A 
variety of other approaches and algorithms have been studied: e.g. Markov blanket 
classification [31], or joint sentiment / topic models (JST) [32]. 

2.2 Prototype 

In the research projects OPMIN 2.0 and SENOMWEB, a software prototype for an 
opinion mining using a feature-based approach was implemented. This implementa-
tion is based on a process model, shown in figure 1, which illustrates the process steps 
taken in order to find, extract and analyze web data with regard to their sentiment 
orientation ([33], [34]). 

In the first two steps the relevant data sources, such as social networks, forums, 
websites or RSS-feeds, and appropriate methods for performing the analysis are cho-
sen. The focus of the preprocessing step is the preparation and pre-structuring of the 
extracted content in order to be able to transform it into a processible structure using 
methods from the fields of natural language processing and information retrieval in 
the next phase. In the fifth step the sentiment analysis is performed to determine if a 
sentence is positive, negative or neutral (cf. section 4). Lastly an evaluation is done to 
examine the quality of the methods used. The prototype utilizes different kinds of text 
preprocessing algorithms as well as classification algorithms (e.g. binary classifiers as 
well as multi-class models [35]). Multi-class classification models assign one specific 
class (from a set of available classes) to each sample whereas binary classifiers are 
trained to label samples as belonging to a given class or not. 

When using the prototype based on the process model outside of the laboratory en-
vironment, several shortcomings could be identified. Since the later steps, especially 
the analysis, rely on clean and correct content and make use of language-specific 
models, the recognized problems need to be solved at an early stage. Therefore the 
techniques and approaches that aim to overcome these issues need to be integrated in 
the preprocessing phase. Before the processing of Internet slang in the general context 
of preprocessing, the language must be identified and the relevant content has to be 
extracted. Thus techniques from the well-established research fields of language de-
tection and content extraction are presented in the sections 3.1 and 3.2, while the sub-
sequent preprocessing of the text is described in section 3.3. 
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This approach has numerous advantages: Not only is it easy to implement, it also is 
computationally cheap and has very small language models, which don’t require a lot 
of training samples to construct [40]. While providing high accuracy on long texts 
[41], the technique doesn’t perform well on short fragments (e.g. sentences) [38], 
especially when trying to detect similar languages. This deficiency is problematic in 
the context of opinion mining: Since user-generated content often contains multiple 
languages, e.g. sentences using English Internet slang between text in a user’s native 
language, the identification needs to be performed on short texts. 

A promising approach that performs better on short text fragments, is presented in 
[39]: Using dictionary language models obtained by training, each word gets a score 
based on how specific it is for a language. This value, referred to as relevance, is cal-
culated by comparing the language-specific frequencies of a word with its frequency 
in a general, language neutral background corpus, which can be approximated by 
merging all language-specific corpora. 

While requiring larger dictionary models and more training compared to approach-
es based on n-grams, the described dictionary method provides a number of benefits, 
which can be useful in the opinion mining process. In contrast to n-gram-based tech-
niques, that only return the most likely language, the dictionary approach can return a 
set of possible languages as well as no language at all in case the identification was 
not successful. In the context of an opinion mining tool this would enable the in-
volvement of a human to perform the classification, instead of using the most likely 
but wrong language. Additionally the authors of the dictionary approach describe a 
fast method for language segmentation, which can be used to identify single-language 
blocks in a text. This segmentation can improve the precision of language-specific 
algorithms, increasing the overall quality of multilingual opinion mining. 

3.2 Content Extraction 

The loss of precision caused by non-relevant data surrounding the main content is a 
major problem when performing opinion mining on webpages. While human readers 
can easily distinguish between the relevant parts of a page and the surrounding boi-
lerplate (such as navigation components, advertisements or references to related ar-
ticles), the automatic identification of the main content is a nontrivial task keeping 
researchers busy since the middle of the 1990s [3]. Because of the possible benefits 
that content extraction algorithms can provide to many domains – e.g. by improving 
the precision of search engines or enhancing the readability of web articles on mobile 
devices – numerous approaches have been developed. We evaluated the following 
approaches by using a German-language data set. 

Techniques. The earliest approaches to solve the problem of extracting the main con-
tent of webpages were based on wrappers: programs that gather relevant data from a 
page according to a site-specific set of rules, which are either handwritten or automat-
ically derived from a number of training documents [42]. Since the aforementioned 
rules need to be established for every website (resp. website template) specifically, 
wrapper-based solutions not only require a set of example pages or a developer  
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manually defining extraction criteria, but also constant maintenance (in case of design 
changes etc.). Over the years much progress was made in the field of automatic con-
tent extraction: Many approaches have been developed, that resolve the shortcomings 
of wrapper-based techniques. Because of their multitude, an extensive evaluation of 
all methods would go beyond the scope of this section. Instead criteria are defined, 
that content extraction techniques have to meet to be eligible for the use in the opinion 
mining process: 

• Techniques used in the opinion mining process should require little to no manual 
effort. 

• In order to be able to process large numbers of documents, content extraction me-
thods should not be costly regarding performance and resources. 

• Eligible techniques must not be specific to certain websites. An approach should 
not need site-specific training, since the availability of example pages can’t be 
guaranteed in the opinion mining process. 

• The approaches should not be based on assumptions regarding structural informa-
tion. Since web development is an ever-changing technology, no clues regarding 
the main content should be taken from certain HTML-elements. 

According to these criteria three promising approaches have been chosen for further 
analysis and evaluation. 

Content Extraction via Tag Ratios (CETR). [43] describes an approach for automatic 
content extraction, that is based on a simple observation: While typical boilerplate, 
such as navigation components or advertisements, contains much code and only few 
text, content sections mostly consist of text. According to this observation, document 
lines with a high text to HTML-tag ratio are likely to be part of the relevant content 
and vice-versa. In order to identify the main text, a histogram with the text-to-tag 
ratios of a document is constructed and smoothed, which is necessary to prevent the 
loss of content lines at the edges. [44] propose three methods to obtain the content 
from a document using the smoothed histogram: applying a threshold using standard 
deviation to determine if lines are content or boilerplate (CETR-TM), utilizing k-
means clustering (CETR-KM) or constructing a 2D model using the histogram and the 
absolute smoothed derivatives of the tag ratios to perform 2D clustering (CETR). 

Maximum Subsequence Segmentation (MSS). [45] proposes the use of maximum sub-
sequence optimization to identify a document’s main content. For this approach, a 
page is first tokenized (broken up into tags, words and symbols). A token-level clas-
sifier is then used to find a score for each token, which is based on trigrams (the token 
and its two successors) and its parent tag. Since the scores indicate the tokens’ like-
lihood to be boilerplate, the relevant content can be identified by finding the maxi-
mum subsequence. In order to enable the determination of token scores, the classifier 
requires training on labeled example documents. 

Boilerpipe. [46] analyzed language- and domain-independent boilerplate detection 
using a number of shallow text features, such as average word or sentence length. 
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They found out, that, after segmenting a document into atomic text blocks, high accu-
racy in non-content identification can be achieved through the use of solely two text 
features: number of words and link density per block. Based on this research boiler-
pipe, a library for automatic content extraction, has been developed by one of the 
authors of the original paper. 

Evaluation. In this part the evaluation setup, including the data set, implementation 
and metrics used, as well as the results are presented. 

Data set and implementation. For training and evaluation purposes a data set consist-
ing of 700 German-language documents from 205 different sources was prepared. 
The example pages were arbitrary collected from German and Austrian news sites, 
whereby no distinction was made regarding the popularity and size of the sites or the 
topics covered. All documents in the data set were hand-labeled by a human annotator 
using special markers to flag the relevant content.  

In order to perform automatic content extraction on the documents in the data set 
the respective authors’ implementations1 were obtained. While the boilerpipe library 
didn’t need any configuration and was used with the extractor types ArticleExtractor 
(specialized for the use on web articles) and DefaultExtractor, the parameters needed 
for CETR were determined empirically: The best results could be achieved when us-
ing two clusters (CETR and CETR-KM) and setting the threshold-coefficient to 2.0 
(CETR-TM). The MSS classifier was trained on two-thirds of the data set, leaving one 
third for the evaluation. In order to increase the accuracy of the evaluation, ten train-
ing-evaluation cycles were performed using randomly selected subsets of the whole 
data set, the results of which were averaged. 

Metrics. To evaluate the techniques, various evaluation metrics are used, each of 
which illustrates a different aspect of the presented approaches and their performance. 

Precision and recall - common measures used in the context of information retriev-
al [47] - can be used to evaluate content extraction techniques in order to depict the 
relevance of extracted content. In this paper these measures are calculated on token-
level using a bag-of-words approach, where precision, recall and their harmonic mean 
(F1-score) can be defined as 

  |   || |  ,  |   || | , 2   
 (1) 

with Wh being the words found by a human annotator and Wa being the words ex-
tracted automatically. 

Other metrics that can be used when evaluating content extraction techniques are 
the Levenshtein edit distance, which represents the number of edit operations (inser-
tions, deletions and substitutions) required to transform one sequence into another, as 

                                                           
1  CETR:http://www.cs.illinois.edu/~weninge1/cetr/,  

MSS:http://jeffreypasternack.com/demos.aspx,  
boilerpipe: http://code. google.com/p/boilerpipe/. 
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well as the alignment length, which additionally counts the required align operations. 
For the evaluation in this paper modified versions - working on token-level with no 
substitution operations allowed - of these metrics are utilized, analogous to the scor-
ing system employed in the CleanEval shared task for cleaning webpages [48], that 
considers a text-only score [45] defined by 

 , 1  , ,  (2) 

which, while being expensive to compute, provides a good measure for the quality of 
the extracted content. Since the described techniques should come into use in the 
opinion mining process, time is an important factor. To allow a comparison of the 
approaches, their computational time is measured using a randomly assembled set of 
100 documents on which content extraction is performed using a Dell Latitude E6520 
laptop powered by an Intel Core i5-2520M processor with 4GB RAM. 

Table 1. Results of the evaluation 

Technique Precision Recall F1-Score Text-only score Time 
Boilerpipe Art. 87.94 92.86 90.33 78.79 1.62 s 
Boilerpipe Def. 72.49 90.65 80.56 61.95 0.7 s 
CETR 69.26 91.77 78.94 60.05 1.97 s 
CETR-KM 70.22 90.35 79.02 60.24 1.19 s 
CETR-TM 70.44 90.72 79.30 61.05 0.76 s 
MSS 91.29 93.56 92.41 81.72 4.1 s 

Results. The results, presented in table 1, show that the extraction using MSS with a 
trained model performs best on the German data set. While having slightly worse 
scores, the boilerpipe article extractor not only runs more than twice as fast, it also 
requires no language-specific training or modifications, which makes this particular 
technique very suitable for multilingual opinion mining. 

Although performing worst in this evaluation, the approaches based on tag-ratios 
can be a good and fast option when high recall is top priority. By adjusting the para-
meters, which were chosen empirically in order to obtain high CleanEval text-only 
scores in this evaluation, the recall rate can be enhanced at the cost of precision. This 
can be achieved by increasing the number of clusters (CETR and CETR-KM) or de-
creasing the threshold coefficient (CETR-TM). 

3.3 Text Preprocessing 

The frequent lack of terminal punctuation and grammar in user-generated content 
poses a problem for sentence-based sentiment analysis. Therefore text preprocessing 
plays a major role in opinion mining and further analysis approaches. 

In order to obtain a satisfactory sentiment analysis result, the following text pre-
processing steps are applied: 
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1. Splitting into sentences and words 
2. Replacing acronyms, symbols and emoticons 
3. Stemming 

In the first step, text blocks are splitted into their sentences and furthermore each sen-
tence into its words for better handling. Next, to make symbols and emoticons usable 
for sentiment analysis, a corpus with over 500 symbols and emoticons is utilized in 
order to make symbols and emoticons usable for sentiment analysis. The meaning of 
these symbols and emoticons was determined manually. All symbols and emoticons 
that are detected in the sentences are replaced by significant words that enable a prop-
er sentiment analysis result (e.g. the emoticon :-) is replaced by the word funny). 
Additionally, in order to process acronyms in a useful way, a dictionary which  
includes the most commonly used abbreviations and its synonyms was built and is 
applied on each sentence. Finally a stemming tool called TreeTagger [49] is used to 
tag every single word and put it in its principal form. Therefore, the sentences are not 
only preprocessed and pre-structured, but also contain a unified structure that is used 
for building a matrix, which conduces as input for machine learning algorithms that 
are utilized for the analysis. 

4 Conclusion and Further Research 

This paper discusses problems and promising solutions that could be identified when 
using a prototypical opinion mining tool outside of laboratory environments. The 
presented approaches and techniques were put into the context of opinion mining and 
integrated into a general process model as preprocessing tasks. Further research is 
needed in order to fully assess the benefits added by utilizing these approaches. 
Therefore an extensive evaluation of an enhanced opinion mining tool being put to 
use in real-world situations is planned. 
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