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Executive Summary 
 
This paper introduces a technique to cluster regions or countries for marketing 
purposes. It uses information gathered through aggregated website search-query 
patterns, available from web logs or analytics software. Clustering done using this 
technique helps grouping countries that similarly respond to a particular marketing 
campaigns potentially reducing marketing costs. The method collects aggregated 
geographical and search-pattern information from keywords and the visit volume of 
each keyword. It uses abstract keyword logs in web analytics software to identify and 
understand target market segments more effectively. It is argued that actual search logs 
could be better indication of market behavior than language or cultural boundaries. By 
analyzing web logs with this technique, marketers will be able to plan marketing 
campaigns strategically based on the empirical data on website visitors. This data is 
derived from huge long-tailed keyword search sources, and ultimately helps understand 
and adapt better to customer’s interests. The paper starts with an introduction on the 
underlying problem, the analysis method, and its four basic steps: preparing the data, 
creating a correlation matrix, identifying criteria and region clustering using the 
Louvain method of community structure over random networks. The results for a 
specific dataset are then presented and conclude with a list of future work steps. Results 
in this paper show that country-based keyword analysis can yield search-query patterns 
that unveil connections between culturally dissimilar regions. 
 
Introduction 
 
Thanks to the internet, people all over the world, access thousands of webpages every minute. 
There are several ways of accessing a website, ranging from direct access (like typing an URL on 
the internet browser’s address bar) to using internet search engines that facilitate access to 
approximately 18.63 billion web pages1 through manual and crawler-based indexing techniques.  
Technology, standards and software tools together allow tracing of this kind of user behavior by 
enabling website owners to record how people get into their website: whether s/he types the 
URL into the address bar or if s/he used a search engine such as Yahoo, Google, Bing or Ask to 
get to the website. If a search engine is used, the actual search term is of interest: i.e. what was 
the keyword2 that brought that user to the website. 
 
Most internet users are likely to use a search engine when trying to find a website for the first 
time. Even when people know the URL of a website, they sometimes write the name of the site, 
the products or the services that the website offers in the search field of a given search engine to 
access them. Organizing this information in order to see how people perceive the company’s 

                                                            
1 Netcraft. Web Server Survey. August 2011. Netcraft | Internet Research, Anti-Phishing and PCI Security 
Services. 7 August 2011 <http://news.netcraft.com/archives/category/web-server-survey/>. 
2 Keyword for the purpose of this paper should be understood as search query, which may contain one or 
more keywords. 
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Future Work and Discussion 
 
It should be noted that the whole correlation process does not consider the content of search-
query patterns. Additional research should be undertaken in order to further analyse 
information from each country. For example, India, Philippines, Bangladesh and Malaysia have 
a lot in common, but we have not seen what information lies under that similarity. In this study, 
only Pearson Correlation Coefficients arrays and resulting similarities have been analyzed. The 
dataset contents, which have resulted in these coefficients, has not been considered. These 
represent some of the key items yet to be reviewed in order to enhance the outcomes of this 
study in the future. This paper only helps answer some questions on how to better understand 
the similarity between different countries, and helps answer questions about common interests 
that those countries might share. However, it is still a long way before a country’s search query 
pattern lists can by synthesized and used to identify or predict user behavior in response to 
marketing campaigns. Recognizing similarities based on Pearson Correlation Coefficients is an 
important first step. It is useful to those entities with a large product or service portfolio, who 
would like to cluster regions based on search patterns garnered from web logs. With the rise of 
the semantic web, some of the hurdles mentioned in section V and VI can be overtaken as more 
insight into the actual search queries can also be found, giving rise to a new breed of web log 
aggregation systems.  
 
Creating keyword categories could actually help understand the aggregated web log data. For 
example, it would enable marketers to identify how often a brand is used during a search query 
to get to the site, find how well positioned a product is in the market, etc.19. The use of the Term 
Frequency—Inverse Document Frequency (tf-idf) method on the aggregated search-query logs 
could also be used20 to create keyword categories. 
 
Conclusions 
 
A method to group countries based on what people search on the Internet was proposed. This 
method enables a marketer to make an informed decision based on empirical data, rather than 
clustering based on non-empirical factors such as cultural links. 
 
There are a few choices for software that provides insightful information to analyze aggregated 
web data. A popular tool is Google Analytics, a free and ‘one size fits all’ solution. Because of its 
generality, it lacks specific functionalities to obtain tailored information. Fortunately Google 
Analytics provides sockets to extract updated information and the ability to export this 
information to databases or spreadsheet software.  
 
As shown in this paper, clustering of data can be carried out with relative simplicity. The 
drawback is that it is time-consuming because it requires many different expertise areas. That is 
the Information Technologies department for large organizations should work together with the 
marketing department and information visualization experts to facilitate information, and 
ultimately create value for the overall organization through more efficient marketing campaigns.  
 

                                                            
19 Murata, Tsuyoshi and Kota Saito. Extracting Users' Interests from Web Log Data. Tokyo Institute of 
Technology. Tokyo, n.d. 
20 Tonella, Paolo, et al. Using Keyword Extraction for Web Site Clustering. Centro per la Ricerca 
Scientifica e Tecnologica. Trento, n.d. 
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Ultimately this exercise tells us that there is more than meets the eye when it comes to 
aggregating search-query logs. Clustering information can provide input to formulating 
marketing strategies, and this should be of importance to many organizations.  
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