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1 Introduction 
Sentiment analysis, also called opinion mining, is a set of technologies and methods primarily used by 
information scientists and other professionals. Typical applications include detecting emerging trends and 
evolving opinions from large data sets—such as from millions of tweets—or from product reviews (Hu & Liu, 
2004). 

Traditionally, the results could be presented as a summarization of text, focusing on extracted 
sentiments, and Hu and Liu describe their methods as a form of summarization. While being a powerful 
approach, its usual applications leave its use outside the grasp of non-professionals. At the other end of the 
process of knowledge acquisition is the user and the user interface. Today, the web browser is the de-facto 
interface to access online materials. The web interface offers several ways to improve, modify or augment the 
user experience (Díaz, Arellano, & Azanza, 2013). 

Wikipedia is an excellent staging ground for both sentiment analysis and web augmentation appli- 
cations. Because users are already familiar with the interface, the same familiarity could be leveraged to 
present them additional information (content, layout, navigation) associated with the part of web page they 
are viewing. One example of this is an automatically generated summary of a Wikipedia article, added as an 
ordinary-looking section at the end of the article (Díaz, Arellano, & Puente, 2012). 

At the same time, there are specific expectations regarding the style of text used in an online 
encyclopedia, and topics of some of its articles are highly controversial, leading to "edit wars" that are 
detrimental to the quality of the article and make it more difficult for a reader to assess its reliability. These 
controversial topics vary from one language version to another, but certain topics and manifestations of 
controversy seem to be universal (Yasseri, Spoerri, Graham, & Kertész, 2014). 

As annotation can be seen as a important method of how the value of a document grows. Keyword 
and/or context highlighting (among other methods, such as underlining) is a practical and widely used 
method of emphasizing relevant parts of a document, both in physical and digital texts (Zucker, 2010). 

We want to find out if digital annotation by text highlighting is a reasonable approach for revealing 
positive and negative patterns in text in order to help understand the structure of arguments and take note 
of the specific tone used in sections of the text. We do not yet have empirical evaluation of benefits of this 
approach, however we believe the early findings are relevant enough to share. 
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2 Theoretical Background 

2.1 Feasibility of Sentiment Analysis 
Radev and McKeown used a knowledge-based summarization system to produce text summarizations of news 
articles (Radev & McKeown, 1998). A heuristic system like this seems usable in coping with the current 
challenges of the volume of data (big data or sometimes even data deluge), but the complex architecture 
in their work requires heuristic understanding of linguistic concepts and producing new content hides the 
structure of the original document(s) that the reader might want to retain. While Hu and Liu’s work on 
feature-based opinion summarization system (Hu & Liu, 2004) does not produce or aggregate new content 
(template instantiation) but involves summarization by sentiment classification of individual texts. 

Hu and Liu (Hu & Liu, 2004) showed that a straightforward rule-matching method can be an efficient 
and accurate classifier for product reviews. In their study, the texts were product reviews for personal media 
devices (cameras, media players, etc.) and the source texts were expected to express some opinion about the 
subject. With word lists of about 10,000 words in two categories (’positive’ and ’negative’), they were able to 
correctly classify reviews’ polarity with an accuracy of over 80 %, in some cases even over 90 %. 

Instead of rule-matching, machine learning can be used to achieve better accuracy and to adapt to 
specific topics. Support Vector Machines, Naive Bayes, and Maximum Entropy are some more advanced 
methods of classification using machine learning. Pang, Lee and Vainyathan (Pang, Lee, & Vaithyanathan, 
2002) were able to get consistent classification accuracies with SVM, NB, and ME using combinations of 
unigrams, bigrams, parts-or-speech tagging and other features—however, the combined accuracy for each 
result stayed between 80 and 90 percent. 

Actually, in some cases, relying entirely on unigrams (single words, as in Hu and Liu (Hu & Liu, 
2004)) yielded better accuracy than using bigrams or combinations of other methods, which asserts us that 
unigram-based rule-matching method is a reasonably accurate approach for detecting and highlighting polarity 
patterns in a document (Pang et al., 2002). 

Even though these accuracy levels exhibit some challenges in determining sentiment, they also show 
that a simpler, unigram-based approach can still be viable and even justified, even if potentially more 
advanced methods exist. 

Using various different methods and lexicons, sentiment analysis has been successfully used to extract 
sentiments along the axis of subjectivity-objectivity (Pang & Lee, 2004), emotional emphasis on various levels 
(Boldrini, Balahur, Martínez-Barco, & Montoyo, 2010) or even gender of the author of a text (Mukherjee & 
Liu, 2010). 

 
2.2 Web Augmentation and Annotation 
Web augmentation’s applications include improving, "fixing" and modifying web pages’ navigation and layout, 
and adding new content to the hypertext document, thus augmenting it. This is typically achieved by means 
of browser scripting, using JavaScript and some software framework made for this purpose, e.g. Greasemonkey 
(Díaz et al., 2013; Zucker, 2010). 

Even though benefits of text highlighting and other types of annotation in documents are not entirely 
clear—and annotations can be distracting as well as beneficial (Marshall, 1997)—it has been shown that 
they can assist in communication by highlighting keywords in a machine-translated text (Gao, Wang, Cosley, 
& Fussell, 2013) or help a reader understand the discourse (structure of opinionated text) in a document 
(Mihăilă et al., 2013). This type of highlighting would be feasible to be used in a web interface in a digital 
annotation fashion that Marshall considers a "fundamental aspect" of hypertext (Marshall, 1998). 

Díaz et al. argue that augmentation as an annotation-type mechanism can make it easier for people 
to participate in editing Wikipedia (Díaz et al., 2012). In their approach, a custom Wikipedia plugin 
supplements existing content with a summary of aggregated information retrieved from other Wikipedia 
articles and websites, each user potentially having customized content and experience fit to his or her needs. 
They argue that this approach is perceived as appropriate, helps monitor quality of articles and inclines 
readers to become editors. It is also important for the user to have the content customized to his or her own 
purposes . 
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Figure 1: The Wikipedia article on cocaine with keyword and paragraph highlighting description of nega- 
tive medical effects. 
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Article title ControversialityQuality General sen- 
timent 

Observations 

Westboro 
Baptist 
Church 

medium medium negative Almost the whole article is highlighted 
with red colors, with many references to 
’protest’. This corresponds to the pub- 
lic’s sentiment towards the organization. 

cocaine high high negative Corresponding to the negative health 
effects and associated crime, parts of 
the article are clearly deemed ’negative’, 
but highlighting makes it clear where 
alternative viewpoints and history of the 
substance are presented. 

Optimus 
Prime 

low low neutral/mixed Even though the topic is not controver- 
sial per se, the highlighting shows a large 
number of polarized expressions. The 
article has been tagged as needing at- 
tention, and the number of highlighted 
expressions might reflect this. 

machine gun low medium positive Machine   gun   is   a   lethal,   powerful 
weapon. Its advantages over ordinary 
rifles are clear, which makes  the  arti- 
cle ripe with positive expressions—even 
though the effects of the weapon itself 
are terrible. 

Toyota 
Tacoma 

low medium neutral As a somewhat technical description, the 
article is straightforward in style with a 
low number of polarized expressions. 

 

 

 

Table 1: Observations from several Wikipedia articles 
 
 

Wikipedia is a convenient environment for studies of web augmentation because it has a consistent 
structure and interface, with a lot of freely accessible content available. At the same time, due to its open 
nature, edit wars happen around controversial topics. In an edit war, competing editors defend their edits 
and submit new revisions without reaching a consensus. Analyzing these conflicts can lead to understanding 
of collaborative content creation as well—and conflicts in general (Yasseri et al., 2014). 

According to Gao et al., highlighting keywords in otherwise irrelevant or unreliable text can help a 
reader to focus on relevant parts of a text (Gao et al., 2013), while Zucker has quantitatively shown (Zucker, 
2010) that assisted keyword and context highlighting can improve reader’s comprehension and knowledge 
acquisition. Use of digital annotation as means of assisting discourse analysis and need for aggregation of 
different means of annotation has been noted by Mihăilă et al. (Mihăilă et al., 2013). 

 

3 Augmentator Browser Extension 

3.1 Aims and Approaches 
In order to make sentiment contained in discourse visible, we propose a system for automatically augmenting 
a web document by highlighting expressions according to their opinion polarity classification. The prototype 
system for sentiment indication is a standard extension for the Google Chrome web browser. When the user 
navigates to Wikipedia, it detects the Wikipedia web layout and analyzes the main article content, classifying 
expressions according to Hu & Liu’s opinion lexicon of roughly 7,000 keywords1 (Hu & Liu, 2004). 

 
 

1Hu & Liu’s opinion lexicon is periodically updated and is available at Bing Liu’s website at http://www.cs.uic.edu/~liub/ 
FBS/sentiment-analysis.html#lexicon 
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The Augmentator prototype (which includes the lexicon) described herein is available for testing and 
experimentation  at  http://people.lis.illinois.edu/~mstuomel/augmentator/ 

The extension visualizes the classification in two ways: (1) comparing each word with the opinion 
lexicon and highlighting every matched keyword with either green ("positive") or red ("negative") background 
color; and (2) highlighting the paragraph where matched keywords are detected with either light green or 
light red background color, depending on general sentiment. Paragraphs that contain an equal number of 
positive and negative keywords are not highlighted this way. 

There are several reasons for this approach: 
 

• We want the reader to be able to distinguish between augmented content and original article by not 
modifying any other elements than words’ and paragraphs’ background color. 

• The main content of a Wikipedia article is textual, hence graphical elements stand out from the text. 

• Text on a Wikipedia article is black with white background, hence changing a word’s background is a 
convenient way to emphasize a word’s importance and it does not obscure the text in any way. 

• A text paragraph is a conveniently-sized block of text providing context for highlighted expressions. 

• Thanks to Wikipedia’s consistent web layout, it facilitates systematic analysis and augmentation of its 
textual content (Díaz et al., 2012). 

 
The highlighting resides in a background layer that would otherwise be plain white; Augmentator 

does not change the textual content, but provides a set of visual elements that make an alternative approach 
to the article possible. 

By using this extension, we expect to see the reader from the following: 
 

• The reader is able to use pattern recognition abilities to gain additional knowledge about the article— 
instead of systematically reading the textual content. 

• By observing the highlighted patterns, the reader is able to get an overview of the structure of opinions 
and polarized expressions within a paragraph and the whole article. 

• By noticing exceptions in expected patterns, the reader is able to recognize points of interest, such as 
alternative viewpoints or to take note of controversies. 

• The reader’s own judgement is assisted by the ability of being aware of the number of opinionated 
expressions contained in the text. 

• The reader is able to assess the overall quality, style and trustworthiness of the article, based on the 
amount and patterns of highlighted expressions and paragraphs. 

• Non-native speakers will be able to quickly get an overview of the general sentiment of the text. 
 

3.2 Evaluation of Wikipedia Articles 
It is expected that different types of articles yield different polarity patterns and the accuracy of the polarity 
analysis may vary as well. To test this, we identified a set of Wikipedia articles with varying quality and 
structure and observed how the extension highlights their contents (summary in Table 1). This preliminary 
one-person evaluation is to be used in designing a further empirical study, and while Yasseri et al. note 
there are several efforts to statistically detect controversies in Wikipedia articles (Yasseri et al., 2014), the 
controversiality as discussed herein is a subjective assessment. 

For each article, three ratings are listed: (1) Controversiality is a measure of how contrasting opinions 
and strong sentiments the article is expected to attract; (2) Quality is the subjective perception of how well 
written and informative the article is; and (3) General sentiment is the overall polarity sentiment as judged 
by the author. 

The article for Westboro Baptist Church is consistently highlighted with the red color, reflecting the 
controversy and strong opinions regarding the group. Numerous negative keywords were detected, rendering 
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Figure 2: Highlighting by the Augmentator extension reveals a section that details positive effects of co- 
caine use. Note the high number of detections in the quote from a manufacturer in the third paragraph. 
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most of the article red—which was the naive assumption, given the general sentiment and media coverage of 
them. However, even if the group itself is controversial, the content of the article is not, and there are no 
visible irregularities in the text. 

The article for cocaine is long, informative and otherwise of apparently high quality. Even though 
drugs in general may be controversial, there is a consensus that cocaine is a dangerous substance if abused, 
and it is involved in much of the drug-related crime in the United States. Its detrimental effects on health and 
other negative issues (death, suffering, crime, abuse) are highlighted in red, as could be expected (Figure 1). 
The word pair "strong imbalances" demonstrates shortcomings of the system: the word "strong" is highlighted 
as being positive whereas "imbalances" is not highlighted at all. Other negative words in the same paragraph 
still turn the context negative. One more positive passage that stands out is the part about  historical 
recreational and medicinal use, and is reflected in the use of such words as euphoria, healthy, and enjoyed 
(Figure 2). 

Machine gun is an advanced, powerful weapon and the article describes it in a neutral tone. The 
positive expressions describing its features do not reflect its use as a means of killing people. Even though the 
function of the weapon involves death and destruction, the article discusses its technical merits, effectiviness 
and power, and the general sentiment is thus, perhaps surprisingly, positive. 

There is no controversiality in the article for Toyota Tacoma, which is an article about a popular 
automobile and its technical features. There have been no recalls or court cases regarding safety and the car 
is described in general, neutral terms. An article for an engine (instead of a branded automobile) could be 
expected to be even more neutral in style. 

Regardless of individual misclassifications of keywords, paragraph classifications generally corre- 
sponded to subjective evaluation. 

 
3.3 Accuracy  Considerations 
The accuracy of classification by sentiment analysis is somewhat dependent on the domain in which it is used. 
Automobile and bank reviews seem to be easier to classify than reviews for movies and travel destinations. 
Comments about the film’s narrative and themes can be misleading if taken out of context and thus a lexicon 
gathered from a single domain might be significantly less accurate in other domains (Turney, 2002). 

This is shown in some cases with the augmentator extension as well. In the article for Toyota Tacoma, 
the expression "downhill" was classified as negative (assuming it was a figure of speech), even though it was 
an neutral (explicit) reference to the vehicle’s performance. In the article for cocaine, the word "fictional" in 
the passage "Arthur Conan Doyle’s fictional Sherlock Holmes" was classified as negative using Liu & Hu’s 
lexicon (Figure 2). 

In the case of Wikipedia augmentator, the classification process is straightforward and visible 
detections of keywords is shown to the reader, helping to resolve any potential misclassifications. Nevertheless, 
observations from the articles discussed above imply that context (paragraph) highlighting still does adequate 
job in visualizing the prevalence of opinionated expressions in text as it is now. 

Prominent types of disagreements between Augmentator and a human evaluator regarding an 
individual word’s classification include (1) homonyms ("fine" as being of high quality versus a punishment); 
(2) domain confusion ("downhill" as something becoming worse versus moving down a hill); and (3) objectivity 
disagreement (a neutral, objective expression perceived as opinionated in a certain context). In addition, 
there are a number of obviously opinionated words, words with suffixes and spelling variations not included 
in the lexicon. Surrounding HTML tags and also pose a challenge to the current version, leading to fewer 
matches. 

Difficulty of improving sentiment analysis results—or generally, to develop an effective classifier 
without building a complex natural language processing system—is notable. The rule-based matching can still 
be improved in a number of ways, such as detection of features and subfeatures, in some cases using bigrams 
(and n-grams) instead of unigrams (Hu & Liu, 2004; Pang et al., 2002) or introducing intermediate elements 
that negate or neutralize the sentiment of matched keywords (Pang et al., 2002; Reckman et al., 2013). In 
the Augmentator extension’s case, we fear that more advanced techniques might be less comprehensible to 
the reader, while not necessarily offering better precision—and we postulate that for this application, a high 
precision rate is not essential. 
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4 Conclusions 
Even though this is an early work, we believe that the approach has great promise. The Augmentator 
prototype shows that using sentiment analysis approach for visualizing the polarity structure of hypertext is 
feasible and practical. Highlighting articles using sentiment analysis has a variety of potential uses including 
aiding comprehension of the content, clarifying rhetorical structure, and helping assessment of an article to 
decide whether it needs editing for certain kinds of bias. 

Of course empirical evaluation is the next step, but already we have some thought-provoking insights 
from the activity of building the tool, presenting it and simply trying it out on a variety of different articles. 
Seeing it operating gives ideas of different use-scenarios that will inform the particular kinds of evaluation to 
undertake. 

The visualized polarity classification seems to help identify where different aspects of an issue are 
discussed and how opinionated a text is. This would hopefully assist a critical reader in comprehending the 
structure of the content and assessing its quality and potential problematic areas. Nevertheless it is clear 
that the sentiment analysis algorithm used has a considerable error rate in individual classifications. The 
examples in the paper clearly illustrate the kinds of errors that can occur. Certain words are highlighted that 
should not be, given their use in context, and others that should be are not highlighted. 

Fortunately there is the intriguing possibility that the substantial error rate in individual word 
classifications might not be as catastrophic for actual use as might be expected. Again this must be verified, 
but it seems that certain users may be able to tolerate quite a lot of individual word errors and still find 
the tool useful overall. Classification of paragraphs may be good enough. Acceptability may also be helped 
by the simplicity of the approach—that when the algorithm gets it wrong by an incorrect highlighting or 
failure to do so, it is easy to see why and to perhaps ’forgive’ or tolerate a good enough algorithm. We invite 
readers to try the tool out for themselves on different Wikipedia articles and see if they agree with this 
interim hypothesis, as we work towards obtaining some empirical validation. 

The accuracy of classification varies by the domain—in some cases, erroneous classification can 
be confusing. As the use of ’weasel words’ (ambiguous, opinionated expressions) are not desirable in an 
encyclopedia text, the ones overlapping with the used lexicon are easily detected. Hence, the Augmentator 
could be developed into a quality-assessment tool to help editors vet out improper language and patterns 
of text. One direction for future research would be to find out what the correlation between the detected 
expressions and other metrics of text quality is—many high-quality articles are designated as ’featured’ or 
’starred’ so they would be a logical choice for evaluations. 

Even though polarity classification based on the unigram lexicon is somewhat crude, it is efficient 
and easily approachable. The accuracy could be improved using different methods, but dimensions other than 
polarity could be detected as well, and visualized either separately or fused into one unified augmentation layer. 
It seems that despite of the considerable error rate in individual classifications, classification of paragraphs is 
practical and accurate enough to be used in assessment of polarity in a Wikipedia article. 

The Augmentator extension makes it easier, faster and cognitively cheaper to skim through an article 
while observing its general characteristics, assisting the reader to find relevant passages therein. We expect 
future empirical research to yield quantitative data on the cognitive benefits of Augmentator. 
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