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Abstract 

 
All Data mining is a popular statistical technique that is extensively used in recent years by both academicians and 
practitioners. Data miners aim at extracting useful information from huge amount of row data exploiting analytical 
techniques. Although, data mining is heavily rely on structured data, the most beneficial part of the whole data is 
stored as unstructured texts. At this point, text mining has emerged to meet this requirement and has filled the 
hidden gap of analytics. The aim of this research is using statistical text analytics and Natural Language Processing 
(NLP) techniques to reveal the pattern of sentiments in categorized texts related to state universities.  To this end, 
data extracted from various social media websites is refined from noise and clustered with the help of statistical 
methods. In this manner, contents of website users’ comments are being investigated beside positive and negative 
sentiments addressed to these contents are identified.  Implementation of the generated model is based on Istanbul 
Technical University case, yet, with small changes in the model, it can be extended to other state universities. 
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1. Introduction 
Understanding the customers, vendors, business processes, and the extended supply chain has been the key for 
organizational success. Companies use analytical decision making tools to better understand their customers to 
optimize their supply chain and maintain the best customer service (Davenport, 2006). Understanding the customer 
commonly depends on analysis of the data that is collected and stored by the companies. The term data mining is 
used to describe the process of discovering previously unknown patterns in the data. Basically, data mining uses 
statistical and artificial intelligence methods to analyze the data. 
 
Besides the structured data stored in databases, companies also own a vast amount of data stored in text format. It is 
reported that 85 to 90 percent of all corporate data is captured and stored in text and other unstructured forms 
(McKnight, 2005). The term text mining has emerged from the need to analyze and benefit from these text data. 
Text mining is described as the semi-automated process of extracting patterns, useful information and knowledge 
from large amounts of unstructured data sources (Turban et al. 2011).  While data mining and text mining both have 
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the same purposes as identifying valid, novel and useful patterns, the input of text mining is a collection of 
unstructured data file types such as word documents, PDF files, XML files.   
 
Text mining has been used in areas that large amounts of textual data are generated. These areas include analyzing 
court orders, financial reports, patent files, customer comments and emails (Weng and Liu, 2004). The major 
applications of text mining are; identification of key phrases and relationships within text set of categories based on 
main themes of the document, grouping similar documents, connecting related documents by identifying their 
shared concepts.   
 
With the emergence of Web 2.0, the way that people express their opinions changed dramatically. Internet users 
today, post reviews of products at online shopping sites and express their comments in, Internet forums, discussion 
groups, blogs and any kind of social media. This online word-of-mouth behavior represents a new source of 
information for text mining applications. Analyzing these texts is of great importance because of the valuable 
information contained in them. Opinion mining (or sentiment analysis) term defines the process that exploits these 
sources to help businesses and individuals with gaining such information effectively and easily (Liu, 2007). From 
the business perspective, opinion mining provides feedback to companies about their products or services. Opinions 
are also important for potential customers; these opinions can be used to make better products and services. Another 
application of opinion mining is online advertisement; a company may want to display its advertisement where there 
is a positive opinion about the product. On the other hand, it is not desirable to show an advertisement to Internet 
user where there is a negative opinion about the product.  
 
Both professionals and academics are developing techniques to analyze the opinions in web and especially in social 
media. In this paper, an opinion-mining model is developed to analyze the comments on social media, about Istanbul 
Technical University (ITU).  Using a sample set of 300 comments, first a text clustering is accomplished to define 
the categories. “Education quality”, “campus” and “general reputation” are the found to be the clusters. After the 
clusters are identified a rule-based system is developed to classify these comments into the clusters. Using natural 
language processing (NLP), the model can also specify the comment as being positive or negative.  The resulting 
model can automatically assign a new review to one of the clusters with determining its sign.  
 
The rest of this paper is organized as follows. In Section 2, the relevant literature is reviewed. The model and steps 
of the study is explained in Section 3. Finally the limitations and future suggestions are given in conclusion.  
 
2. Literature Review 
With text mining, unstructured data generated within a company or over Internet have became a source for 
analytical surveys. The initial applications of text mining include analysis of court orders and academic publications, 
predictions using quarterly financial reports, analysis of patent files and emails automatic prioritization (Turban et 
al. 2011).   Some exemplary applications can be summarized as follows: 

• Marketing Applications: Text mining can be used to increase customer satisfaction, cross sell and upsell 
opportunities and overall lifetime value by analyzing documents generated by call center notes and user 
comments on Internet. Coussement and Van Den Poel, (2008) propose a model for complaint management 
automation built on email detection system. In another study, Thorleuchter et al. (2012) propose a 
customer profitability prediction model in B-to-B marketing context. Ghani et al. (2006) develop an 
attribute extraction system to enhance retailers’ ability to analyze product databases.  

• Biomedical Applications: since medical literature is more standardized and the terminology is relatively 
constant, text mining is largely used in biomedical analysis. Nakov et al. (2005) use text mining to 
discover gene-protein relationships. Shatkay et al. (2007) propose a model for protein location prediction. 
Krallinger et al. (2005) outline the text mining approaches in molecular biology and biomedicine. 

• Academic Applications: In scientific publications specific information is kept in written text and text 
mining is needed to enable improved search without destroying the publishers’ barriers to public access. In 
the recent literature, test mining is used to classify scientific articles based on citation context (Aljaber et 
al. 2011).  Text mining is also used to build concept maps, Chen et al. (2008) construct e-Learning domain 
concept maps from academic articles.  

 
Turban et al. (2011) identify the most popular text mining applications as; information extraction, topic tracking, 
summarization, categorization, clustering, concept linking and question answering. Information or knowledge 
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extraction is the identification of key phrases and relationships with in text. The second application, topic tracking is 
the process of predicting documents of interest to a user based on user profile and other supplementary data. 
Summarization is the text mining application automatically summarizes the documents without information loss. 
Another important text mining application is categorization. Categorization is the process that starts with identifying 
the main themes of a document and places the documents to predefined set of categories.  Clustering, just like 
categorization, aims to group documents but in clustering there are no predefined categories. The aim of clustering is 
to group similar documents together.  Concept linking is the text mining process that finds related documents by 
identifying their shared concepts. And finally, text mining is used to automatically find the most suitable answer to a 
question which is known as “question answering”. The relevant studies about the listed text mining applications are 
given in Table 1. 
 

Table 1: Review of text mining applications  
Application   Purpose References 

Information Extraction Identification of key phrases and 
relationships with in text 

Tilak et al. (2011), Kovačevića (2012), Chan and 
Franklin (2011), Chen and Parvathi (2011) 

Topic Tracking Predict documents of interest Qiu et al. (2010), Kobayashi and Yung (2008), 
AlSumait (2008), Qiu et al. (2008), Lee and Kim 
(2008) 

Summarization Automatically summarize the 
documents  

Bhattacharya et al. (2011), Trappey et al.(2009), 
Chong  et al. (2010), Aliguliyev (2010),  Jin (2011)  

Categorization Place the documents to predefined 
set of categories 

Trappey et al.(2009),  Lu et al. (2010), Shehata et al. 
(2010), Chen  and Chen  (2011), Weia (2011) 

Clustering and 
Concept Linking 

Group similar documents 
together. 

Liu and Liu (2011), Moriizumi et al. (2011), Yang 
and Dorbin (2011), Raja and Tretter (2011), Marx et 
al. (2011) 

Question answering Find the best answer to a given 
question. 

Dizier and Moens (2011), Fleuren et al. (2011), Liu 
(2009), Pechsiri and Kawtrakul (2007), Terol et al. 
(2007) 

 
A relatively new text mining application is sentiment analysis or opinion mining. Sentiment analysis is a technique 
used to detect positive and negative opinions about specific products or services using large amounts of sources such 
as customer feedbacks, forums, blogs and other social media. Sentiment analysis uses information extraction and 
categorization among the previously determined applications. Recent studies in the literature can be given as follows; 
Tang et al. (2009) define the four problems about sentiment analysis as; subjectivity classification, word sentiment 
classification, document sentiment classification and opinion extraction, and discuss different approaches and issues 
about these problems. Kang et al. (2012) classify a review document as a positive sentiment and as a negative 
sentiment using the supervised learning algorithm. The authors found that there is a tendency for the positive 
classification accuracy to appear up to approximately 10% higher than the negative classification accuracy.  Eirinaki 
et al.(2011) propose a feature based opinion mining model and suggest a search engine based on sentiment analysis 
that retrieve and aggregate comments about a product . Wu and Tan (2011) propose a two stage framework for cross 
domain sentiment analysis. In the first stage, a bridge is built between the source domain and the target domain to 
get some most confidently labeled documents in the target domain. In the second stage the authors exploit the 
intrinsic structure, revealed by these most confidently labeled documents, to label the target-domain data.  Bai 
(2011), propose a heuristic search-enhanced Markov blanket model that is can be used for extracting sentiments and 
used the model for online movie and news reviews. The proposed model is capable of identifying a parsimonious set 
of predictive features. Zhu et al. (2010) use individual model based on artificial neural networks for sentiment 
analysis. The authors apply the model to movie reviews and the results of the model present higher accuracy than 
support vector machines and hidden Markov model. Leong et al. (2012) use sentiment analysis for teaching 
purposes; in their study the researchers use SMS texts as source of data for teaching evaluation. In this study, online 
comments about Istanbul Technical University are analyzed with sentiment analysis using SAS Enterprise Miner 
software. First the text clusters are generated and then rules are generated to classify each comment in a group. To 
the best of our knowledge this is the initial attempt to apply opinion mining in education.  
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3. Model 
 
3.1. Data Preparation 
Since web documents are abundant, it is unavoidable to get the data that explores the word-of-mouth and personal 
judgments on the desired topic from this invaluable mine of information. To take advantage of huge data sets that 
are hidden in online stores, it is crawled and used as an input of text mining algorithms. If we would like to mention 
web crawling; it is the process used by search engines to collect data sets from the web. Many online forums and 
review sites exist for people to post their opinions about ITU. In order to utilize it, the related comments about ITU 
are gathered from the social media web sites. 7 different forum sites are investigated. The 300 comments are 
examined in other saying data is crawled. Each comment is stored with the information of date, forum type, and user 
name in order to track the data evolutionary. 
 
3.2. Text Cleaning 
Crawled texts are in spread sheet and needed to be transformed into a more convenient form to be used in a 
commercial software that belongs to SAS. Data is converted to SAS format providing “wTurkish” encoding in order 
to support non ANSI Turkish characters. Then, data including 300 lines is exported to UTF8 format text files to be 
used in Sentiment Analysis Software. Texts that are not related to the point of concern and duplications are deleted 
and resultant data is saved in our local computers. 
  
3.3. Text Mining 
Text mining process starts with importing text data into SAS Enterprise Miner and parsing it into its words and 
phrases aiming at preparing these terms to be meaningful for analysis. Clustering process starts with the preparation 
of the data. This preparation step includes parsing and filtering. 
 
First phase of the data arrangement is “Text Parsing”. Since software supports Turkish, word stemming is available. 
Whereat it is possible to eliminate some part of speech tags, abbreviations, auxiliary verbs, conjunctions, 
determiners, interjections, infinitive markers, possessive markers and pronouns are ignored as a result of a 
comprehensive analysis. It is recognized that these part of speech tags become inconvenient and meaningless while 
kept in resultant dataset. Also, stemming is permitted in text parsing node to construct a more general model that can 
be used in future studies. Software provides “inflectional stemming” which can reach roots of words and can 
understand all inflection suffixes. Parsed documents are ready to be used in second data preprocessing step named 
“Text Filtering.” 
 
The analysis feature of this step consists of frequency weighting and term weighting. Text Filtering is used to get rid 
of the noisy terms. From the variety of filtering methodologies, only Log and Binary frequency weighting methods 
are experienced. One strategy of developing the text data matrix is transition from simple counts to more complex 
weighting formulations. 
 
The frequency weights represent the first step in quantifying texts. Since absolute counts might be affected by 
documents that have a high level of variability regarding to size. In this study, Log frequency weighting method is 
used in order to dampen the effect of terms, which abundantly occur in a document. 
 
Afterwards, entropy term weighting is used to modify frequency weights to adjust for document size and word 
distribution. Also spell check is conducted by the way of word similarity algorithms in order to find and correct 
misspellings. 
 
As a final step, texts are clustered. Since clustering techniques are subjective, different number of clusters is 
examined and three mutually exclusive clusters are conducted eventually. Expectation maximization algorithm 
guarantees that there is no common instance among clusters. Descriptive terms declare that these clusters are; 
education, campus and corporate reputation.  
 
3.4. Sentiment Analysis 
The aim of this step is to reveal the hidden sentiments related to a specific object and features of that object. 
Sentiment classification has been investigated in wide range of fields even on restaurant reviews from customer 
perspective (Kang et al., 2012) and also on hospitality expenditures and stock returns (Singal, 2012). Moreover, 
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sentiment analysis from unstructured text has witnessed a boom in interest in recent years (Bai, 2011). Automatic 
and accurate understanding of sentiments expressed within the online text could lead to effective information 
retrieval (Bai, 2011). 
 
The input of this stage is inherited from text mining results. In this research ITU is considered as a product and the 
features are defined as education, campus and corporate reputation. An empirical study on sentiment categorization 
on ITU is conducted. Both statistical and rule based models are developed by utilizing the Sentiment Analysis 
Studio of SAS software.  
 
Statistical model uses a Bayes solution and smoothed relative frequency as a text normalization method. This 
technique divides the term frequency by a normalization factor such as the length of the document.  Overall 
precision of the statistical model is 72.22% and 80% of data is partitioned for model training and 20% of data for 
validating. Since output of the statistical model consists of words and phrases, they are used in rule-based models as 
initial dictionary terms. In rule-based models, Boolean Perl operators are used to define relationships among terms 
such as distances, ordinal distances, being in the same sentence or paragraph. Nearly, 8000 rules are written to 
capture all the relationships in documents correctly. Although a classical search engine may understand positive and 
negative words in a document, the solution obtained in this study links these positivity and negativity to the correct 
feature including campus, corporate reputation and education. 
 
3.5. Model Testing and Validating 
Both text mining and sentiment analysis models are tested in an independent set of 50 documents. 70% accuracy is 
obtained in Sentiment analysis part that is an open for improvement score. Since clustering is a descriptive method, 
it is not possible to calculate accuracy/precision metrics in this technique. Being a subjective method, test results of 
clustering interpreted manually and found to be reasonable. 
  
3.6. Findings 
This study aims at exploring the viewpoints and feelings on ITU from the perspective of not only its students but 
also in the eye of any person that have any idea on it. Since many online forums and review sites exist for people to 
post their opinions about, the data is gathered and analyzed from web. After clustering step is initiated, descriptive 
terms divide the data into three different blocks called as education, campus and corporate reputation.  
 
The general idea about corporate reputation of ITU can be regarded as considerably positive. A good many 
comments heavily rely on the engineering quality, and the trust in the education of technical universities that results 
in qualified and competent engineers. On the other hand, negative comments are about corporate reputation of ITU 
includes excessive bureaucracy that students encounter. 
 

 
 

Figure 1 Sentiment distribution of corporate reputation 

 
General opinion about the campus facilities of ITU is optimistic while the library is the point in question. On the 
contrary, the interpretation about the long-lasting constructions is negative due to any inconvenience caused. 
 

51% 32% 

17% 
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Negative 
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Figure 2 Sentiment distribution of ITU campuses 

 
Comments about education of ITU mostly touch on education quality of engineering faculty. Commenters mention 
that they are utilizing key concepts that ITU’s schooling brings to them. On the contrary, exams of ITU are found to 
be unnecessarily hard and number of projects conducted. 
 

 
 

Figure 3 Sentiment distribution about education of ITU 

 
4. Conclusions 
A great deal of data on the web is already available. Despite data mining is heavily rely on structured data, it is 
reported that the biggest portion of all valuable data is captured and stored in text. This research focuses on using 
statistical text analytics and NLP techniques to reveal and analyze the pattern of sentiments in the case of ITU. For 
this aim, website users’ comments are investigated and positive, negative and neutral sentiments addressed to the 
contents of campus, corporate image and education comments are identified. 
 
Firstly the data on hand is cleaned from noise to enable us making more clarified judgments. Then text-clustering 
techniques are applied. With regards to the issue of cluster discrimination, the opinions of people hide in gathered 
texts reveal that the distance of clusters sufficiently differs from each other. Hence, this can be considered as an 
evidence of good cluster distinction. 
 
Each cluster is investigated independently in sentiment analysis study. As a result, hidden sentiments in the 
comments of social media users are discovered. 
 
5. Limitations and Future Explorations 
As the amount of gathered data increases, the exploration power of the hidden patterns becomes more reliable and 
accurate. So the constructed model will be applied to different document sets such a way that the questionnaires are 
also prepared and added to the unstructured data taken from various online forums. The proposed method for 
predicting sentiments could enable not only the professionals but also researchers, to extract opinions from the 
Internet about universities. Besides, as a future work, implementation of the generated model with small changes can 
be extended to other state and private universities. 
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Another limitation is to determine correct relationships and word distances in Turkish documents in order to catch 
the comments that are valuable for the survey. As distance increases, the possibility of hitting a sentiment that is 
irrelevant related to ITU. So the distance alternatives can be investigated by conducting the sensitivity analysis. 
 
If we talk about the limitations, since the Turkish comments are investigated, the usage of positive adjectives 
sometimes refers actually negative feelings about the main point of concern. Positive sentiments are assigned to 
these comments yet they are not laudatory feelings. 
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