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ABSTRACT 

In the present world scenario, where the search engines wars are 
becoming fiercer than ever, it becomes necessary for each search 
engine to realize the intent of the user query to be able to provide 
him with more relevant search results. Amongst the various 
categories of search queries, a major portion is constituted by 
those having news intent. Seeing the tremendous growth of social 
media users, the spatial-temporal nature of the media can prove to 
be a very useful tool to improve the search quality. In our work 
we examine the development of such a tool that combines social 
media in improving the quality of web search and predicting 
whether the user is looking for news or not. We go one step 
beyond the previous research by mining Twitter messages, 
assigning weights to them and determining keywords that can be 
added to the search query to act as pointers to the existing search 
engine algorithms suggesting to it that the user is looking for 
news. We conduct a series of experiments and show the impact 
that TWinner has on the results. 
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H.3.3 [Information Search and Retrieval]: Selection process 

General Terms 

Algorithms and Experimentation 
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1. INTRODUCTION 
It’s 12th November 2009, John is a naïve user who wants to know 
the latest on the happenings related to the incident that occurred at 
the army base in Fort Hood. John opens his favorite search engine 
site and enters “Fort Hood”, expecting to see the news. But 
unfortunately the search results that he sees are a little different 
from what he had expected. Firstly, he sees a lot of timeless 
information such as Fort Hood on maps, the Wikipedia article on 
Fort Hood, the Fort Hood homepage, etc. clearly indicating that 
the search engine has little clue as to what the user is looking for. 
Secondly, among the small news bulletins that get displayed on 
the screen, the content is not organized and the result is that he has 

hard time finding the news for 12th November. 

Companies like Google, Yahoo and Microsoft are battling to be 
the main gateway to the Internet. Since a typical way for internet 
users to find news is through search engines and a rather 
substantial portion of the search queries is news related where the 
user wants to know about the latest on the happenings at a 
particular geo-location, it thus becomes necessary for search 
engines to understand the intent of the user query, based on the 
limited user information available to it and also the current world 
scenario.  

We hypothesize that the best way to know the user’s opinion is by 
‘asking’ the user.  In order to do that, we analyze the content of a 
popular social networking site, Twitter, to understand which news 
topics are popular among the users. The system is based on the 
intuition that if an event has occurred at a location, then the 
frequency of Twitter messages mentioning this location increases 
tremendously. In addition to this, these messages can very 
efficiently summarize the event, and provide us with selected 
keywords that may prove useful to enhance the user query. As in 
the case for the Fort Hood shootings, Twitter can point out the 
occurrence of an event as well as provide us with suitable 
keywords like ‘ shooting’, ‘killing’, suspect’ etc. to enhance the 
query. TWinner collects the Twitter messages, assigns weights to 
individual keywords, measures the semantic similarity and 
chooses k optimum keywords. 

The application of social media, including Twitter, presents 
several challenges. Foremost among these is the raw nature of the 
text, consisting of slang and incorrect grammar. Other challenges 
faced include the identification of spam messages, repetitive 
broadcasting of a single message by the same user.  

TWinner makes two novel contributions to the field of 
Geographic information retrieval. First, it helps the search engine 
to identify the intent of the user query, whether he is interested in 
general information or the latest news. Second, TWinner adds 
additional keywords to the query so that the existing search engine 
algorithm understands the news intent and displays the news 
articles in a more meaningful way. 

The research paper is organized as follows. Section 2 surveys the 
related work in this domain and points out the novelty in our 
approach. Section 3 discusses Twitter and its application as source 
for news.  Section 4 describes our methodology in understanding 
the intent of the user query. Section 5 and 6 deal with assigning 
weights to the Twitter messages collected and inclusion of 
semantic similarity of words in selecting the keywords to enhance 
the search query. Section 7 discusses the experiments and the 
outcomes. Section 8 talks about time complexity of the method. 
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We conclude in section 9, by giving a few pointers for the future 
work. 

2. RELATED WORK 
Geographic information retrieval is a well discussed topic in the 
past, where a lot of research has been done to establish a 
relationship between the location of the user, and the type of 
content that interests him. Researchers have analyzed the 
influence of user’s location on the type of food he eats, the sports 
he follows, the clothes he wears, etc. But it is important to note 
here that most of the previous research does not take into account 
the influence of ‘time’ on the preferences of the user.  

Previously, a lot of work has been done to identify and 
disambiguate the location of users by a lot of researchers. Most of 
the research can be broadly classified into two approaches. One, 
involving the concepts of Natural Language Processing and the 
other using data mining approach. Most of the work done using 
NLP techniques consists of input text that is structured and well-
edited. Li et al. [14] combined these two methodologies and used 
typical 5-step approach, first short listing the keywords appearing 
in the gazetteer and then applying NLP techniques to remove non-
geo terms. A precision of 93.8% was reported using their 
approach. 

Significant work has been done in the past to establish the 
relationship between the location of the news and the news 
content. Mehler et al. [8] developed a model for estimating and 
evaluating spatial significance of entities using NLP techniques. 
Liu et al. [10] do a similar geo-analysis of the impact of the 
location of the source on the viewpoint presented in the news 
articles. Sheng et al. in [11] discussed the need for reordering the 
search results (like food, sports, etc.) based on user preferences 
obtained by analyzing user’s location.  

Other previous research attempts [7, 12] focused on establishing 
the relationship between the location obtained from IP address 
and the nature of the search query issued by the user. In our work, 
we do not include the location of the user into our consideration, 
since it may not be very accurate in predicting the intent of the 
user.  

Hassan et al. in [9] focus their work on establishing a relationship 
between the geographic information of the user and the query 
issued. They examine millions of web search queries to predict 
the news intent of the user, taking into account the query location 
confidence, location type of the geo-reference in the query and the 
population density of the user location. But they do not consider 
influence of time at which the user issued the query, which can 
negatively affect the search results for news intent. For example, a 
query for ‘Fort Hood’ 5 months back would have less news intent 
and more information intent than a query made in second week of 
November (after the Ft. Hood shootings took place). 

Twitter acts as a popular social medium for internet users to 
express their opinions and share information on diverse topics 
ranging from food to politics. A lot of these messages are 
irrelevant from an information perspective and are either spam or 
pointless babble. Another concern while dealing with such data is, 
that it consists of a lot of informal text including words such as 
‘gimme’, ‘wassup’, etc. and need to be processed before 
traditional NLP techniques can be applied to them. 

Nagarajan et al. [16] explore the application of restricted 
relationship graphs or resource description framework (RDF) and 
statistical NLP techniques to improve named entity annotation in 

challenging informal English domains of social networking sites 
such as MySpace. 

It is vital to understand the contribution of TWinner in 
establishing a relationship between the search query and the social 
media content. In order to do so we suggest Twitter, a popular 
social networking site to predict the news intent of the user search 
queries. 

3. TWITTER AS NEWS-WIRE 
Twitter is a free social networking and micro-blogging service 
that enables users to send and read messages known as tweets. 
Tweets are text posts of up to 140 characters displayed on the 
author's profile page and delivered to the author's subscribers who 
are known as followers. 

San Antonio based market research firm Pear Analytics [24] 
analyzed 2,000 tweets (originating from the US and in English) 
over a two week period from 11:00am to 5:00pm (CST) and 
categorized them as: 

� News 

� Spam 

� Self-promotion 

� Pointless babble 

� Conversational 

� Pass-along value 

Tweets with news from mainstream media publications accounted 
for 72 tweets or 3.60 percent of the total number [19]. Realizing 
the importance of Twitter as a medium for news updates,  the 
company emphasized on news and information networking 
strategy in November 2009 by changing the question it asks users 
for status updates from "What are you doing?" to "What's 
happening?".   

The growth of Twitter attributed to the fact that it is free, highly 
mobile, very personal and very quick. It's also built to spread, and 
spread fast. Twitterers like to append notes called hash tags — 
#theylooklikethis — to their tweets, so that they can be grouped 
and searched for by topic; especially interesting or urgent tweets 
tend to get picked up and retransmitted by other users, a practice 
known as re-tweeting, or RT. And Twitter is promiscuous by 
nature: tweets go out over two networks, the Internet and SMS, 
the network that cell phones use for text messages, and they can 
be received and read on practically anything with a screen and a 
network connection. Each message is associated with a time 
stamp and additional information such as user location and details 
pertaining to his social network can be easily derived. 

 

Fig 1 shows the Twitter message graph after the Southern 
California earthquakes.  [2] 



The impact of Twitter on news can be understood further by its 
coverage of two very crucial recent events, the 29th July 
earthquake in southern California and the turbulent aftermath of 
Iran's Elections in June’09.  

This chart illustrates the beginning of this morning's earthquake 
followed seconds later by the first Twitter update from Los 
Angeles. About four minutes later, official news began to emerge 
about the quake. By then, "Earthquake" was trending on Twitter 
Search with thousands of updates and more on the way. Many 
news agencies get their feed from a news wire service such as the 
Associated Press. "Strong quake shakes Southern California" was 
pushed out by AP about 9 minutes after people began Twittering 
primary accounts from their homes, businesses, doctor's 
appointments, or wherever they were when the quake struck. [2]  

The second example would be that of the elections in Iran this 
year. Time in partnership with CNN discuss the impact of Twitter 
on the coverage of developments after Iran elections [3]. On June 
12th, Iran held its presidential elections between incumbent 
Ahmadinejad and rival Mousavi. The result, a landslide for 
Ahmadinejad, has led to violent riots across Iran, charges of 
voting fraud, and protests worldwide. Even as the government of 
that country was evidently restricting access to opposition 
websites and text-messaging, but on Twitter, a separate uprising 
took place, as tweets marked with the hash tag #cnnfail began 
tearing into the cable-news network for devoting too few 
resources to the controversy in Iran.  US State Department 
officials reached out to Twitter and asked them to delay a network 
upgrade that was scheduled for Monday (June 15th) night. This 
was done to protect the interests of Iranians using the service to 
protest the presidential election that took place on June 12. 

4.  DETERMINING NEWS INTENT 
In this section we give a detailed description of the process that 
we undertake to understand the intent of the user query.  

Fig 2 shows the architecture of TWinner. In the first step the user 
enters his search consisting of a location. In the next step, the 
location is uniquely identified, and the Frequency Population 
Ratio (FPR) is calculated at that instant using Twitter. If the FPR 
is significantly higher than 1, it indicates that the topic is popular 
on Twitter and the query is tagged as a news intent query and 
further steps are taken to enhance the query to yield better search 
results. For this, the system collects all the messages posted on 
Twitter in the last 24 hours. Next, we assign weights to them 
keeping in mind their likelihood of containing news content. 
Then, we reassign the weights taking into account the semantic 
similarity between the keywords. Finally we extract the top k 
keywords that are semantically dissimilar but contribute the 
maximum weight.  

4.1 Identification of Location  
In the first step we attempt to geo-tag the query to a location with 
certain confidence. We use the system described in [20]. The 
system builds a city language model, which is a probabilistic 
representation of the language surrounding the mention of a city 
in web queries. We use several features derived from these 
language models to identify the words in the query that refer to a 
location. For example a query like “Disney world” implies that 
the city is Orlando, Florida. The system has over 90% precision 
and more than 74% accuracy for the task of detecting users’ 
implicit city level geo intent. For further details please refer to 
[20].  

 

Fig 2 shows the architecture of news intent system TWinner 

4.2 Frequency – Population Ratio 
Once the location mentioned in the query has been identified 
explicitly, the next step is to assign a news intent confidence to 
the query.  

Coming back to the Fort Hood query, once we are able to identify 
Fort Hood as a unique location, our next task is to identify the 
intent of the user. Intuition tells us that if something has happened 
at a place, the likelihood of people talking about it on Twitter will 
increase manifolds. 

To understand this concept, we define an index called the 
Frequency - Population Ratio (FPR) which in the absence of a 
news making event will always remain constant irrespective of the 
location.  

It is essential to note here that to make FPR to be a constant value, 
irrespective of the location type; we shall have to take certain 
factors into consideration. To determine the effect of geo-type and 
the population density on the news content of the messages we 
perform a series of experiments. We collect a dataset of 10 
thousand twitter messages, all having a reference to a location in 
them. For the first experiment, we divide the messages on the 
basis of population density. Figure 3 shows how the frequency of 
Twitter messages is affected by the population density of the geo-
location mentioned in it. The horizontal axis represents the 
population density in number of persons per sq. miles and the y 
axis represents the number of tweets per hour. 

It can be clearly observed that the higher the population density of 
the location, the higher is the frequency of tweets. In other words, 
there will be more Twitter messages on New York than on a small 
town like Bryan, Texas. 

The second experiment we perform is to determine the relation 
between the message frequency and the geo-type of the reference 
location. For the same dataset, we classified each message on the 
basis of geo-reference. Figure 4 shows the outcome of the 
experiment. We determine that state or country names are more 
likely to appear in Twitter messages rather than the county names.  

Now we are ready to define the FPR as a function of these two 
factors, population density and geo-type, represented by constants 



α and β respectively. We further state that the values of α and β 
are such chosen that, the FPR for all locations is a constant value 
equal to 1 irrespective of any factor. In other words, the value of α 
is inversely proportional to the population density and β depends 
on the geo-type as shown in Fig 5.  

Thus, 

FPR = (α + β) * Nt 

Where α is the population density factor, Nt is the number of 
tweets per minute at that instant and β is the location type 
constant.  

 

Fig 3 shows the percentage of news messages versus the 

population density of user’s location in persons per square 
miles 

Table 1 shows some sample geo-locations, the chosen values of 
alpha and beta and the resulting FPR ratio for weekdays based on 
a one week time period.It is very important to note here that FPR 
is a constant (equal to 1) on regular days when the geo-location is 
not in news or is not a popular topic on Twitter. But in events such 
as the Fort Hood shootout incident, the new FPR calculated using 
the pre-determined values of α and β increases by manifolds.  We 
make use of this feature to determine whether a geo-location is in 
news or not.  

For example, we calculated the average FPR for ‘Fort Hood’ 
during the week of 5th to 12th November using the values of α and 
β and found it to be 1820.7610 which is seemingly higher than 1, 
indicating that people were talking about Fort Hood on Twitter. 
And we take that as a pointer that the place is in news.  

 

Fig 4 shows the percentage of tweets corresponding to type of 

geo-reference them. 

An evident drawback of this approach is that while considering 
the FPR, we are not taking into account the geographical 
relatedness of features. For example, if the user enters Tehran and 
is looking for Iran elections, while calculating the FPR, in 
addition to the Twitter messages for ‘Tehran’ we need to consider 
messages containing keywords ‘Iran’ and ‘Asia’ as well. 
Therefore, we modify our earlier definition for FPR to 

FPR = ∑ δi (αi + βi) * Nt 

The constant δi accounts for the fact that each geo-location related 
to the primary search query contributes differently. That is, the 
contribution of Twitter messages with ‘Fort Hood’ (primary 
search location) will be more than that of messages with ‘Texas’ 
or ‘United States of America’. 

Table 1 shows some sample locations, and the corresponding 

estimated alpha and beta values and the Frequency 

Population Ratio (FPR) 

Example of 
Location 

Value of 
Alpha 

Value of 
Beta 

Frequency 
Population Ratio 

(FPR) 

Fort Hood 
(City) 

1.21 0.1096 1.025 

Los Angeles 
(City) 

0.02 0.1096 1.100 

Collin 
(County) 

0.749 0.3396 1.084 

Texas 
(State) 

0.0045 0.09459 0.997 

North Dakota 
(State) 

0.233 0.09459 1.129 

Australia 
(Country) 

0.104 0.1073 0.988 

5. ASSIGNING WEIGHTS TO TWEETS 
Once we have determined to a certain confidence level the news 
intent of the user query, the next step is to add certain keywords to 
the query which act as pointers to the current search engine 
algorithm telling it that the user is looking for news. 

To begin with we collect all Twitter messages posted in the last 24 
hours containing a reference to either the geo-location (e.g. Fort 
Hood) or the concepts that subsume it (e.g. Texas, United States 
of America, etc.). We then assign weights to each Twitter message 
based on the likelihood of its accuracy in conveying the news. In 
the following subsections we describe the various factors that 
might affect the possibility of a Twitter message having news 
content. The weight carried by each message is the function of 
spam message content, user location weight and hyperlink weight. 

5.1  Detecting Spam Messages 

On close observation of the Twitter messages for popular topics, it 
was noticed that some of the Twitter messages are actually spam 
messages, where the spammer has just used the popular keywords 
so that his message reaches out to the people who are looking at 
this trending topic. In other words a significant percentage of the 
Twitter messages are actually spam and carry little or no relevant 
information. It is thus important to recognize such messages and 
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give lower weight to them. In this section we briefly describe our 
method of identifying whether a message is spam or not.  

To determine whether a message is spam or not, it is important to 
understand the nature of spam messages. For this, we collect a set 
of 1000 messages manually annotated as spam. The methodology 
we use is based on analyzing the social network of the user 
posting the message. The social network of a user on Twitter is 
defined by two factors, one, the people he is following and the 
other people following him. We observed that the ratio of the 
number of followers to the number of people a spammer is 
following is very small. The second observation is that a spammer 
rarely addresses his messages to some specific people, that is, he 
will rarely reply to messages, re-tweet other messages, etc. Fig 5 
shows the profile of a typical spammer. Note that he is following 
752 people and is just being followed by 7 people. 

 

Fig 5 shows profile of a typical spammer 

Based on these two hypotheses, we come up with a formula that 
tags to a certain level of confidence whether the message is spam 
or not. The spam confidence Zi is defined as 

Zi =               1 

          (Np/Nq) + µ * Nr 

Where Np and Nq are the number of followers and number of 
people the user is following respectively. µ is an arbitrary constant 
and Nr is the ratio of number of tweets containing a reply to the 
total number of tweets. 

It is important to note here the higher the value of the spam 
confidence, Zi, the greater is the probability of the message being 
spam and therefore its contribution to the total weight is lowered. 

5.2   On Basis of User Location  

In this section we describe the experiments that we conducted to 
understand the relationship between Twitter news messages and 
the location of the user. We performed experiments on two 
different samples of data each comprising of 10 thousand tweets, 
and calculated the distance between the location of the user and 
the location mentioned in the message. The results of the 
experiment are shown in figure 6. 

It can be interpreted from the findings that people located in the 
same state, same country and also neighboring countries are more 

likely to talk about a news event as compared to the people 
located immediately next to the location(within a ten mile radius) 
or very far from it (different continent). We use these experiments 
as the baseline and use the inferences to assign weights for 
messages on future topics. 

 

Fig 6 displays the relation between number of tweets to the 
distance between the Twitter user and query location 

5.3  Using Hyperlinks Mentioned in Tweets  

An interesting observation that we make from our experiments is 
that 30-50% of the general Twitter messages contain a hyperlink 
to an external website and for news Twitter messages this 
percentage increases to 70-80%. Closer analysis indicate that 
firstly, a lot of popular news websites tweet regularly and 
secondly, mostly people follow a fixed template of writing a short 
message followed by a link to the actual news article.  

 

Fig 7 shows the revised calculation of weights taking semantic 

similarity into account. 

So we make use of this pointer in the Twitter message for extra 
information and crawl the links to analyze the content. Hence in 
addition to the previously mentioned two strategies, the weight for 
the message is also affected by the content of the website 
mentioned in the message. A weight, which is a function of the 
factors such as the type of site (news, spam, blog etc.), the 
currency of the site, etc., is assigned to each message. 
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6. SEMANTIC SIMILARITY 
Now that we have assigned the weights to each Twitter message 
(section 5), it becomes essential for us to summarize them into a 
couple of most meaningful keywords. We now break down each 
message into keywords and each keyword in a message is 
assigned the same weight as carried by the message. Finally we to 
obtain the total weight of keyword, we sum up the weights of the 
messages that contain it. 

Various approaches can be employed to choose k keywords that 
enhance the user query.  A naïve approach would be to rank the 
keywords in descending order of weight and pick the first k 
keywords. But one evident disadvantage of this approach would 
be that it would not take into account the semantic similarity of 
the keywords involved. E.g. ‘shooting’ and ‘killing’ are treated as 
two separate keywords, in spite of their semantic proximity. In 
this section we describe a process that in the first step reassigns 
weights to the keywords on the basis of semantic relatedness and 
in the second step picks k keywords that are semantically 
dissimilar but have maximum combined weight. 

As mentioned earlier any two words are rarely independent and 
are semantically related to each other. E.g. ‘shooting’, ‘killing’ 
and ‘murder’ are semantically very similar words. Since our work 
is based on news intent, to calculate the similarity, we use the 
New York Times corpus that contains 1.8 million articles. The 
semantic similarity, Sxy, of two words x and y is defined as  

Sxy =      log M – min { log f(x), log f(y) } 

           max{ log f(x), log f(y) } – log f(x,y) 

where M  is the total number of articles searched in New York 
Times Corpus; f(x) and f(y) are the number of articles for search 
terms x and y, respectively; and f(x, y) is the number of articles on 
which both x and y occur. 

Now we reassign the weight of all keywords on the basis of the 
following formula: 

Wi
* = Wi + ∑ Sij * Wj 

Where Wi
* is the new weight of the keyword i, Wi is the weight 

without semantic similarity, Sij is the semantic similarity derived 
from semantic formula and Wj is the initial weight of the other 
words being considered as shown in Figure 7 where the weight of 
the keyword ‘shooting’ is boosted by the presence of similar 
words such as ‘killing’, ‘murder’, ‘suspect’ and ‘massacre’. 

After all the n keywords are reassigned a weight, we go to our 
next step that aims at identifying k keywords that are semantically 
dissimilar but contribute together contribute maximum weight. In 
other words choose words W1… Wk such that  

(1) Spq < SThreshold , the similarity between any two word(p) 
and word(q) belonging to the set k is less than a 
threshold, and 

(2) W1+W2+…+Wk is maximum for all groups satisfying 
(1). 

It can be easily shown that the complexity of the above described 
method is exponential in n. We briefly describe three techniques 
that are lower in complexity to approximately come up with the k 
keywords. 

6.1  Greedy Approach  

First we applied the greedy algorithm approach. For this, we 
arrange all the words in decreasing order of their weights. We 
start with the keyword with the maximum weight that is W1, put it 
in the basket and starting traversing the array of words. Next, we 
define an objective function defined by 

Θi = (1/Ei) * Wi  

Where Ei is the sum of semantic similarity of the word with all the 
words in the basket and Wi is its own weight. Hence at each step 
of the algorithm we choose a word that maximizes the objective 
function (Θ). 

6.2  Hill Climbing Approach 

The second approach is hill climbing approach. We choose a set 
of k random words that satisfy the condition. Next, we randomly 
select a word, check if it satisfies the condition of semantic 
similarity threshold with all the k words. If its weight is more than 
the weight of the lightest word in the random list, we replace the 
two. We keep repeating the process until the random word 
selected does not satisfy the condition. 

6.3  Simulated Annealing Approach  

And our final method is that of simulated annealing. The 
advantage of simulated annealing as compared to hill climbing is 
that, it does not get stuck on local minima. Unlike hill climbing, 
even if the weight of the next randomly chosen word is less than 
the weight of the lightest word, it is still taken but with a 
probability that decreases each time a word that lowers the total 
weight is chosen as shown in Fig 8. 

 

Fig 8 shows the modified simulated annealing algorithm for 

choosing k semantically dissimilar words with maximum 

weights 

Hence in each step the randomly chosen word is included with a 
probability which decreases with each light weight word. And it 
can be easily shown that after not too many wrong choices the 
probability becomes 0. Amongst the three methods described 
above, simulated annealing produces the most accurate results, but 
on the other hand is slower than the other two. However, the 
running time of these methods heavily depends on the value of k. 
And since for our approach k is usually a very small number (for 
example 2), we can safely adopt simulated annealing to obtain the 
bag of k words. 

These k keywords derived from reassigning the weights after 
taking semantic similarity into account are treated as special 



words that act as pointers making the news intent of the query 
evident to the current search engine algorithm.  

7. EXPERIMENTS AND RESULTS 
To see the validity of our hypothesis, we performed experiments 
to determine two keywords (k=2) to enhance three queries which 
returned confidence values of ~ 1 indicating news intent. For the 
first experiment, we come back to our initial problem scenario, 
where John, a naïve user, is looking for the latest on the 
happenings in context to the Fort Hood incident. He enters a query 
with news intent on 12th November 2009. Now, TWinner 
determines the value of FPR, using the predetermined values of α 
and β as 1.21 and 0.1096 (Fig 5), to be 1820.7610. Since this is 
significantly greater than the standard value of 1, it suggests that 
Fort Hood is a popular topic on Twitter. We assign a confidence 
value of 0.999 on the news intent of the query based on the 
formula discussed in section 4. 

The next part of TWinner is to determine k keywords that enhance 
the search query. For this, we collect 10 thousand Twitter 
messages for 12th November having the keywords “Fort Hood” in 
them and assign weights to them based on the criteria mentioned 
in section 5. Amongst these, 789 were determined to be spam and 
were hence assigned low weights.  After this, keywords ‘murder’ 
and ‘suspect’ were selected by the algorithm to have the 
maximum cumulative weights. We added these keywords to the 
search query and observed the impact they had on the results 
returned by the search engine. The difference on the results is 
shown in Fig 9. 

Similarly we conducted an experiment to enhance the query for 
‘Russia’ on 5th December 2009. This is done keeping in mind 
people who wanted to know about the explosion in a night club in 
Russia that killed more than 100 people. The new FPR calculated 
using predetermined values of α and β was calculated to be 
783.9702, indicating that Russia was a hot topic on Twitter. Next 
to determine the extra words to enhance the query, we chose all 
the Twitter messages containing the keyword ‘Russia’ and applied 
the algorithm to them. The algorithm returned the two words 
‘night’ and ‘explosion’, but it was interesting to note here that two 
other sets of words ‘club’ and ‘explosion’ also had very similar 
collective weight. In such a scenario, the algorithm chooses all 
three words ‘night’, ‘club’ and ‘explosion’ to enhance the query. 

The third experiment was performed to check the response of the 
system for keyword “Haiti” keeping in mind the user looking for 
news on 7.0 Mw earthquake that hit the country on 12th January 
2010. For the experiment conducted on 18th January 2010, the 
system returned the keywords “earthquake” and “help”, fairly 
summing up the current happenings. 

Fig 10 compares the accuracy of a naïve approach with TWinner. 
It is important to note here that for Fort Hood and Haiti, the 
number of news results (indicated by accuracy) varies between 
60% and 76% for Fort Hood and between 46% and 60% for Haiti. 
But on the other hand for Russia, the number of news results is 
between 10% and 20%, indicating the severe problem faced by 
the search engine in understanding the news intent for popular 
queries which are not always in the news. This is where TWinner 
proves most useful, and provides better accuracy in determining 
the intent of the query. 

It can be observed that without using TWinner, the search engine 
is not sure about the news intent of the user. As a result it displays 

results that constitute a short news caption, the homepage of Fort 
Hood, the maps version, Wikipedia articles, etc. On the right side 
in figure 9 is an enhanced version of the query obtained after 
TWinner extracted the keywords ‘murder’ and ‘suspect’. The 
impact on the content of results is clearly visible. Majority of the 
search results are news oriented and are also in accordance with 
the date the user issued the query, that is, 12th November (The 
Twitter dataset was also collected for 12th November). 

9.   CONCLUSION AND FUTURE WORK 
We present a system that takes into account location mentioned 
and time of query into consideration while assigning a confidence 
score to each user query containing reference to geo-location, 
predicting whether the query will receive a news click or not. We 
make use of the social networking site Twitter to understand the 
relationship between the geographic information and the 
likelihood of the news intent of the query. Our second 
contribution is the identification of keywords from the Twitter text 
that enhance the query and act as pointers to the search engine 
algorithm, telling it about the news intent of the search queries. 

Our current approach makes little attempt at understanding the 
content of the social media messages and the sentiment conveyed 
by them. Another pointer to the future work would be enhancing 
the accuracy of the system by combining our work with traditional 
methods to predict intent like location of user, population density 
of region etc.  

 

 

 

Fig 10 shows difference in accuracy for the search results 

without and with TWinner for “Fort Hood”, “Russia” and 
“Haiti” respectively. 
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Fig 9 shows the contrast in search results produced by using original query and after adding keywords obtained by TWinner.
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