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Abstract. By mapping messages into a large context, we can compute the 
distances between them, and then classify them. We test this conjecture on 
Twitter messages: Messages are mapped onto their most similar Wikipedia 
pages, and the distances between pages are used as a proxy for the distances 
between messages. This technique yields more accurate classification of a set of 
Twitter messages than alternative techniques using string edit distance and 
latent semantic analysis.  
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1   Introduction 

Humans are experts in recognizing new and useful messages while ignoring others. 
They do this by extracting meaning from messages, categorizing messages with 
related meaning into the same topics, and noticing information that does not fit any 
existing categories. Attempts to automate this fundamental ability of cognition using 
semantic models still leave room for improvement (e.g. [1]).  

We study how we can categorize messages streaming through Twitter. These 
messages, called tweets, come in at a rate of more than 600 a second [2], and are often 
cryptic. If we can find ways of categorizing messages and recognizing new and useful 
topics in this noisy environment, we may provide automated tools with pragmatic 
uses: Twitter functions as a large sensor system, and can increase our awareness of 
our surroundings (e.g. [2-5]).  

In an organizational context, the act of decrypting confusing or novel information 
is called sense-making, and is accomplished in part by asking other people what they 
think [6]. In artificial intelligence, this act is related to the understanding of context. 
For example, tweets might be looked up in Wikipedia, and the closest entry to a tweet 
found [7]. This technique is a promising instance of a larger idea, in which machine 
algorithms inform themselves by seeking out contextual information [8-12]. 

In the present paper, we apply several semantic models to tweet categorization. We 
introduce a Wikipedia-based classification technique. Extending the insight of 
Michelson and Macskassy [7], we develop a technique for calculating semantic 
distances between messages based on the distances between their closest Wikipedia 
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pages: in effect, we regard Wikipedia as a transform space in which measurements 
can be made. We next describe this classification technique, and two other techniques 
we will use for comparison.  

2   Classification Techniques 

Classifying tweets is not an easy task because statistical methods of text classification 
have difficulty on short texts [13]. Moreover, if emerging topics of conversation are 
regarded as signal, the vast majority of tweets would be characterized as noise.  

Some past studies of tweet classification have examined the use of specific 
features, such as emoticons [14] and author profiles [15], in improving the 
classification performance. Other studies have regarded tweets as a window into 
customer perception [16]; then, the challenge becomes recognizing sentiment. In 
contrast to these past work, we are interested in categorizing tweets in order to detect 
topics, which requires the ability to cluster tweets without a priori knowing which 
features will be important.  

Recent work on extracting topics from short texts relies on knowledge bases to find 
context that is not in the texts. For example, Stone et al. used Wikipedia as training 
corpus to improve the ability of statistical methods to discover meanings of short texts 
[17]. Similarly, Gabrilovich and Markovitch used concepts derived from Wikipedia to 
identify the semantic relatedness of texts [9]. Wikipedia was also used by Michelson 
and Macskassy [7]: since we build on their model we will discuss it in the next 
section, after giving an overview of our own process. 

Tweets are classified in three steps. First, between-tweet distances are calculated 
using one of the techniques described next. We map the tweets onto two-dimensional 
planes using multidimensional scaling (MDS) of the between-tweet distances. MDS 
helps us interpret the underlying relationships in the data, by allowing us to visually 
examine the clustering of tweets, similarity between clusters, and the size and internal 
consistency of the clusters. Then we use discriminant function analysis to measure 
how well each technique can predict the category memberships of the tweets [18]. 
Discriminant function analysis predicts a categorical dependent variable, in this case 
the tweet category, by one or more independent variables, in this case the two-
dimensional MDS solution (i.e., the x and y coordinates). 

There are many ways of building a between-tweet distance matrix. We picked 
String Edit Distance [19] and Latent Semantic Analysis [20] to compare with the 
Wikipedia-based algorithm presented next. 

2.1   A Semantic Transform Using Wikipedia 

Michelson and Macskassy have developed a model that discovers topics of interests 
of Twitter users based on their tweets: capitalized non-stop words in tweets are linked 
to Wikipedia pages; then, topics are derived from socially tagged categories listed in 
the linked Wikipedia pages [7]. Specifically, topics are discovered by traversing the 
tree structure of the taxonomy of Wikipedia. We apply a similar technique to a 
different end. We are interested not in determining the topic of a particular user’s set 
of posts, but instead, understanding topic emergence across many users (e. g. [3, 21]).  
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In order to do so, we will create a distance matrix between tweets. As shown in 
Fig. 1, there are two stages: (1) we map tweets to Wikipedia pages, and then (2) 
compute the distance between the Wikipedia pages as a measure of semantic distance 
between the tweets. More formally, we regard Wikipedia as a transform space, in 
which we measure the between-tweet distances: 

d(message1,message2) ∝ d(T(message1),T(message2)) , 

where d is a measure of semantic distance, and T is a transformation function 
mapping a message to a page in Wikipedia. The transformation is worth performing 
for two reasons. First, humans categorize Wikipedia pages based on their meanings, 
and thus the Wikipedia networks likely reflect semantic networks in human brains. 
This can be helpful because we are dealing with tweets, short texts humans write 
online. Second, Wikipedia pages are mapped to categories that are named by the 
crowd. These categories can serve as topics, eliminating the problem of inferring the 
meaning of latent topics in Latent Semantic Analysis and other statistical methods.  

 

Fig. 1. The two steps involved in calculating distances between tweets using Wikipedia. We 
use the distance between the two associated Wikipedia pages as an indicator of the distance 
between the two tweets. 

Finding Associated Wikipedia Pages. To associate a tweet to a Wikipedia page, we 
first identify a set of words for this tweet. The word set includes all the words in the 
tweet after eliminating certain words in the English stop-words list provided in the 
LSA package for R [23]. For each word, we check to see if there is a direct page 
dedicated to the word, and if there is a disambiguation page. The disambiguation page 
provides a precise mapping to the right page, leading to more accurate distance 
measures. Then a list of candidate pages for the tweet is found by aggregating each 
page associated with each word of the word set. We compute a score for each 
candidate page by counting the number of occurrences of the words in the word set. 
The page with the highest score is selected as the associated Wikipedia page for the 
tweet. This process is visualized in Fig. 2. 



 Discovering Context 487 

 

Fig. 2. Finding a Wikipedia page associated with a tweet 

 

Fig. 3. Calculating the distance between two Wikipedia pages 

Calculating Distances. The distance of two Wikipedia pages is calculated based on 
the link between the categories associates with these two pages. Categories of the 
Wikipedia pages are linked to one another in a graph structure. A category can be 
linked to multiple parent categories. We capture the network structure of categories 
for each Wikipedia page for five levels. We compute the semantic distance between 
the two Wikipedia pages by finding the length of the shortest path from a category of 
one page to a category of the other page. Fig. 3 shows an example. 

2.2   String Edit Distance  

The String Edit Distance (SED) method may work given that tweets are short: related 
tweets might contain the same set of keywords. In the SED method, the distance 
between two tweets is found by calculating the number of edits it takes to transfer one 
tweet to another, also called Levenshtein distance. As an example, the Levenshtein 
distance between “kitten” and “sitting” is 3 since (1) ‘k’ is replaced by ‘s’ (2) ‘e’ is 
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replaced by ‘i’ and (3) ‘g’ is added to the end. In calculating the distance between two 
tweets, we normalize their distance value by dividing it by the string length of the 
longer tweet. If tweets in the same category tend to use the same keywords, within-
category SED should become smaller than between-category SED. We used Bibiko’s 
R package [22] for calculating the between-tweet distances. 

2.3   Latent Semantic Analysis 

The Latent Semantic Analysis (LSA) method is a broadly applied text processing 
technique [20]. LSA represents a set of tweets in a term by tweet matrix. A row in the 
matrix is a unique term. A column in the matrix is a tweet. Each matrix cell contains 
the frequency of each term within each tweet. This term-by-tweet matrix goes through 
singular value decomposition. Like principal component analysis, the factors are 
ordered by the amount of variance they capture in the original matrix. By using only 
the most influential factors, one can create an approximation of the original matrix, 
which removes the noise associated with the particular text sample, and uncovers 
somewhat abstract commonalities in word usage patterns. The approximated matrix 
yields a vector representation of terms with dimensionality equal to the number of 
factors included. The pair-wise similarities of all tweets are calculated by taking the 
vector cosine of the two tweets’ vectors. 

Essentially, LSA exposes the similarity relations among related words by 
measuring how often these words appear together. In doing so, it reduces the 
dimensionality from thousands (i.e., the number of unique words in all documents) to 
hundreds. Tweets, however, are much shorter than typical documents used in LSA. 

We used the LSA package for R by Wild [23]. We did not use the stemming option 
that reduced the words to the word-stems; we did use the English stop-words list 
provided in the package. An approximated term-by-tweet matrix was obtained. 
Because our analyses included 100 tweets or less, we used the few dimensions whose 
sum of singular values equaled or exceeded half of sum of singular values of all 
dimensions. Cosine similarities, which ranged between -1 and 1, were transformed to 
distances by subtracting these similarities from one and adding an epsilon value.  

3   Method and Results 

As an initial test, we applied the SED, LSA, and Wikipedia models to two sets of 
tweets that can be easily classified into three categories by humans. The first set had 
45 tweets, consisting of 15 tweets from each of the three events that occurred at the 
time of our data collection: (1) death of J. D. Salinger, an American author, (2) an 
earthquake in Haiti, and (3) the release of iPad, Apple’s tablet computer. In the first 
set, the categories of all tweets were known.  

The second set included all the tweets from the first set, and an additional 55 
tweets that were randomly selected from the same time period. The addition of 
randomly sampled tweets tested the robustness of the classification techniques in a 
noisier environment.  

The tweets were pre-processed by replacing any non-alphanumeric characters with 
the space character. The tweet-by-tweet distance matrix was obtained for each 
technique as described previously. A two-dimensional solution from multidimensional 
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scaling of the distance matrix was used to predict the category membership of tweets in 
discriminant function analysis. We compared the techniques by looking at their 
accuracies of classifying tweets based on true positives and true negatives, using leave-
one-out cross validation. 

Table 1. Accuracy (hit plus correct rejection) of classifying 45 tweets with known categories 

Technique J. D. Salinger iPad Haiti 
String Edit Distance .67 .13 .60 
Latent Semantic Analysis .67 .73 .80 
Wikipedia .93 .87 .80 
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Fig. 4. Forty-five tweets with known categories mapped onto two-dimensional planes using 
multidimensional scaling of the between-tweet distances based on String Edit Distance, LSA 
and Wikipedia. An x is a tweet about J. D. Salinger and a triangle is a tweet about the iPad. 

3.1   Tweets with Known Categories 

Table 1 summarizes the classification accuracy of each technique. LSA and the 
Wikipedia model clearly performed better than SED. As shown in the Fig. 4, the 
Wikipedia distance measure yielded better-delineated clusters of related tweets than 
LSA. Interestingly, the Wikipedia model yielded a tight cluster for the tweets about J. 
D. Salinger, which generally discussed the unique topic of the author’ s death; on the 
other hand, tweets about the iPad addressed a looser assortment of topics and, thus, 
clustered more loosely. In the Wikipedia distance space, there was one J. D. Salinger 
tweet that was far apart from other J. D. Salinger tweets. This tweet contained neither 
the author’s name nor the title of his best-known book, which other tweets mentioned. 

3.2   Adding Randomly Sampled Tweets 

Table 2 summarizes the performances of LSA and Wikipedia for the data set 
containing randomly selected tweets. SED was dropped because of its weak 
performance in the first data set. When randomly sampled tweets were added, the 
Wikipedia model clearly outperformed LSA. 

LSA’s performance significantly deteriorated; that is, LSA was very sensitive to 
the addition of the other tweets. LSA processes terms in relation to what other terms 
appear in the corpus; thus LSA is highly affected by the context. On the other hand, 
the Wikipedia distance measure is robust to the addition of the randomly selected 
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tweets, because the distance calculation is based on the Wikipedia page that best 
matches the topic of a given tweet, and the matching pages for existing tweets will not 
be affected by the introduction of new tweets. As can be seen in Fig. 5, the categories 
derived from the Wikipedia distance show clear separation, in contrast to the 
categories derived from LSA. 

There was one randomly sampled tweet that was close to the tweets about J. D. 
Salinger. We thought this would be another tweet about the author, but it was not. 
This randomly sampled tweet was about the football player, “Warner.” This tweet 
resulted in a short Wikipedia distance to tweets about J. D. Salinger, because the 
author is associated with Warner Books and Warner Brothers. 

Table 2. Accuracy (hit plus correct rejection) of classifying 45 tweets with known categories 
when 55 randomly sampled tweets are added 

Technique J. D. Salinger iPad Haiti 
Latent Semantic Analysis .60 .60 .20 
Wikipedia .93 .87 .73 
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Fig. 5. Forty-five Tweets with known categories and 55 randomly selected tweets mapped onto 
two-dimensional planes using multidimensional scaling of the between-tweet distances based 
on LSA and Wikipedia. An open circle is a randomly sampled tweet, an x is a tweet about J. D. 
Salinger, and a triangle is a tweet about the iPad. 

4   Discussion and Future Directions 

A unique aspect of our technique is that it uses Wikipedia as its knowledge base to 
calculate between-tweet distances. Tweets and Wikipedia pages are both socially 
constructed artifacts. This, we think, allowed our technique to simulate the way 
humans categorize. 

For our system to be used in production, the classification technique will need to 
be able to classify texts into events in near-real time. This, we think, is achievable: 
Once the novel tweet is mapped into the semantic space, the classifier can predict its 
category membership based on its similarity to other transformed tweets in the space. 

Also, the classification technique will need to be adaptive. Although the randomly 
sampled tweets were treated as noise in the current work, seemingly useless tweets 
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may actually contain useful information depending on the context. Future work might 
weight the value of information based on what topics are being discussed. Such 
classification models with selective attention mechanisms have been successful in 
simulating human classification behavior [24, 25]. 

In addition, the method for calculating distances using Wikipedia can be improved. 
The distances were purely based on the number of steps from one Wikipedia category 
to the other. The number of Wikipedia categories in each level, which was ignored in 
the current work, could be used to normalize the distances. In addition, LSA could be 
used to provide another distance measure between the Wikipedia categories, thus 
combining LSA and Wikipedia. The integration of probabilistic topic modeling 
techniques (e.g., [26]) might also be considered. 

To recapitulate, when monitoring world events, the volume of tweets presents us 
with a problem: there is too much information to pay attention to. We are interested in 
looking at only the novel and useful information. In order to do so, we need ways of 
flagging emerging topics of interest, without a priori knowing what the topics will be. 
We suggest here an approach: short tweets are used to find longer passages in 
Wikipedia. These longer passages have already been linked to other Wikipedia 
passages. Thus, the distance between tweets can be approximated by the link distance 
measure between their corresponding Wikipedia pages. In an exploratory study, we 
showed this technique produced better classification accuracy than two other 
techniques, String Edit Distance and Latent Semantic Analysis. This work is an 
instance of a broader approach: by tapping Wikipedia and other living artifacts of 
social computing, computational methods might provide results that better serve 
humans.  
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