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Abstract 

As more and more data are generated in daily life, traditional data analysis methods reach their 

bottoms and often fail to discover unknown factors deep inside the data, which cause the adoption of 

data mining. Classification means mapping data into known groups, and it is one of primary tasks of 

data mining. The study in this thesis is about finding an automated solution to predict whether the 

value of the web page doesn’t decrease as time goes on, in other words evergreen or not. When 

recommending web pages to users according to their interests, it is valuable to know which pages 

are evergreen. There is no doubt this study belongs to the area of classification. In order to solve this 

problem, the knowledge and techniques involved in machine learning and web text mining are 

required to implement the solution. A number of models or classifiers are built during the 

implementation based on different features and optimizations, and they are evaluated by a method 

called cross validation. The best solution in this thesis is an ensemble of some simple models, which 

achieves highest accuracy in prediction. Moreover, limitations of solution are also presented and 

future improvements are suggested. 

 

Keywords: Classification, Machine Learning, Web Text Mining, Cross Validation, Ensemble. 
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1. Introduction 

The first chapter in this thesis gives an introduction of the context in which this report is engaged and 

the purposes of this study. The author will explain the background and purpose of this thesis, and 

main concepts and research domains that are involved in the research are also provided. In the end 

of this chapter, the author will give a brief description of the structure in this thesis.  

 

1.1 Background 

1.1.1 Data Mining 

Nowadays, the amount of data in the world and in our lives is increasing every single day, and it 

seems there is no end. At the same time, the users are expecting to explore more sophisticated 

information from the growing size of data. Attempts at discovering knowledge to solve problems 

have been made for generations, starting long before the computer age, like statistical 

models(Turban, Sharda and Delen, 2011). Along with the continuous update of the data repository 

technology, traditional data analysis methods cannot meet the need of business. It is common to 

encounter data sets with hundreds or thousands of attributes instead of the handful common a few 

decades ago(Tan, 2006),  so new approaches are needed to improve the performance of data 

analysis. 

 

Since 1990s, the notion of data mining has emerged in many environments, including both academic 

field and business activities(Gorunescu, 2011). In recent years, data mining has attracted a great 

deal of attention in the area of Information Technology,  which is still a young and promising field(Han 

and Kamber, 2006). Data mining techniques can be used to support a wide range of business 

intelligence application such as customer profiling, targeted marketing, workflow management, and 

fraud detection, and it also helps the researchers in medicine, science, and engineering to 

accumulate data that is the key to important new discoveries(Tan, Steinbach and Kumar, 2006).  

 

1.1.2 Definition 

So, what is Data Mining? Here are several definitions of Data mining collected by the author:  

“Data mining is the analysis of (often large) observational data sets to find unsuspected relationships 

and to summarize the data in novel ways that are both understandable and useful to the data owner” 

(Hand, Mannila and Smyth, 2001). 

 



2 
 

“Data mining is an interdisciplinary field bringing together techniques from machine learning, pattern 

recognition, statistics, databases, and visualization to address the issue of information extraction 

from large data bases” (Cabena, et al., 1998). 

 

“Data mining is the practice of automatically searching large stores of data to discover patterns and 

trends that go beyond simple analysis. Data mining uses sophisticated mathematical algorithms to 

segment the data and evaluate the probability of future events. Data mining is also known as 

Knowledge Discovery in Data (KDD)”(n.d, 2008). 

 

“Data mining is the process of automatically discovering useful information in large repositories. Data 

mining techniques are deployed to scour large databases in order to find novel and useful patterns 

that might otherwise remain unknown. They also provide capabilities to predict the outcome a  future 

observation”(Tan, Steinbach and Kumar, 2006). 

 

 

Figure 1 Data mining--searching for knowledge(interesting patterns) in your data(Gorunescu, 2011) 

It can be seen from the definitions that data mining aims to find the useful information using different 

techniques. Referred to different objectives,  Data mining problems can be summarized into two 

categories: Predictive and Descriptive. According to Gorunescu’s description in his book(2011), 

predictive methods use some existing variables to predict future values of other variables, while 

descriptive methods reveal patterns in data,easily interpreted by the user. The former category 

includes classification, regression, anomalies detection, etc, and the last contains clustering, 

association rules, sequence discovery. 
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1.2 Problem Discussion 

In this section, firstly the author will give a brief introduction of Recommender systems, which can be 

treated as an active research area in data mining. Recommender systems are software systems and 

techniques providing suggestions for items to be of use to a user(Ricci, Rokach and Shapira, 2011). 

The suggestions generated by the recommender systems can be used to help making decision for 

the users, which aims to help users access and retrieve information or items from large 

collections(Kouki, 2012),  such as what items customers tend to buy, what music users want to listen 

to, and what kind of news readers want to read. StumbleUpon is such kind of system that make 

recommends web content to its users.  

 

StumbleUpon is a discovery engine that help users to discover new and interesting stuff on the web, 

and users need to tell their interests, such as what they like or dislike. Apparently, some news on the 

web are only relevant for a short period of time, like sports news or movie introduction. On the other 

hand, some contents in the web pages remains their value and still interesting to users after a long 

time. The first type of news can be classified as “ephemeral” and the second one is “evergreen”. It is 

interesting to figure out which type a web content belongs to before collecting users feedback, so 

StumbleUpon held a competition to build a classifier to categorize webpages in Kaggle.com.The 

details of the competition can be found in next link: https://www.kaggle.com/c/stumbleupon 

 

1.3 Research Question 

As mentioned in last section, it is clear that the main research question in this thesis is how to predict 

web pages are “ephemeral” or “evergreen” only based on the data given without feedback. The 

author will focus only on the training data and raw web contents available and apply data mining 

techniques on these data to build a solution to the problem. 

 

1.4 Delimitation 

Data Mining is a really complex area which includes many different technical domains and tools. In 

this thesis, the author focuses on solving the problem of predicting the type for web page. As a result, 

data mining discussed in this thesis is only limited to classification area. The data set in the research 

is not large or small, just medium, so the author takes data structures and algorithms into 

consideration in the context of machine learning, which apply to the middle level of dataset. The web 

contents which is analysed in this thesis is directly from competition service provider, not through 

other web crawlers.  

 

https://www.kaggle.com/c/stumbleupon


4 
 

1.5 Thesis Outline 

The structure of the thesis is described as below:  

This chapter introduces the historical context and original motivation of the study. As mentioned 

above, this part involves background, problem discussion, research question and delimitation. 

 

In next chapter the author will explain the research methodology, designs and strategy used in the 

research, and introduce the main development tool in the end of chapter. 

 

Chapter three gives the theoretical background in this study. The concepts, models and algorithms in 

the domain of data mining concerned about the problem will be stated.  

 

Chapter four illustrates how to design and realize the solution for the research problem. The details 

of the implementation includes data preprocessing, feature extraction,  models formulation and 

optimization. A number of classification models are created in this chapter. 

 

Chapter five presents the outcome of the evaluations and analyse test results for different type of 

models. The correct rates of prediction for all the models can be found in this part. 

 

The last chapter provides a summary of conclusion and implication for the study, then discuss the 

limitations in the study and possible improvement in future.   
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2. Research Approach 

This chapter provides an overview of research designs, methods, strategies, data collection  and 

programming language used in this thesis.  

 

2.1 Research Design 

 

Figure 1. Framework for research design(Colin, 2011) 

According to Colin’s description in his book(2011), design concerns the various things which should 

be thought about and kept in mind when carrying out a research project, and design is concerned 

with turning research questions into projects. In figure1.2 it can seen that the framework for research 

design that colin illustrated in the book(2011) contains five components: Purpose:what the study try 

to achieve; Conceptual framework: The theory about what is going on, of what is happening and why; 

Research questions: To what questions the research is geared to providing answers; Methods: what 

specific techniques the researchers will use to collect data and how to analyse the data; Sampling 

procedures: who,where and when the researchers will seek data from. In this chapter the author will 

mainly explain the methods and sampling strategy in this research design framework.  The research 

questions and purpose have been claimed in the first chapter. The conceptual framework in this 

thesis is a really complex part, including various kinds of knowledge and techniques concerned 

about data mining, and it will be discussed in next chapter.  

 

2.2 Implementation 

From colin’s framework of research design(2011), after research questions has been declared, the 

next step is to choose an appropriate and systematic research method. According to Berndtsson and 



6 
 

others’ book(2008), many projects in computer science and information systems consist of 

developing new solutions, which may consist of a new software architecture, method, procedure, 

algorithm, or some other technique. When using the development of an implementation as research 

method, it is of couse of vital importance to use good software development practice to ensure the 

validity and reliability of the work(Berndtsson et al, 2008).  Validity means the implementation 

properly reflects the solution that researchers propose, and reliability concerns the robustness of the 

implementation(Berndtsson et al, 2008). Besides, evaluation is a extremely significant step in the 

implementation, since the solution needs to be proved to be valuable to the research problem. 

 

Based on the characteristics of implementation, it is not hard to find this method is suitable for this 

thesis. The author aims to build a classifier to categorize the web pages only based on available 

information instead of collecting feedback from users, so this can be seen as a new approach to 

solve the web page classification problem. In order to build this classifier, the author needs to create 

a software based application using machine learning algorithms and python programming language, 

and design the evaluation for the solutions in a careful way to make sure the validity and reliability of 

the research.  

 

2.3 Typology of Research Methods and Strategy 

In the book Berndtsson and others wrote(2008), they stated that in the context of a research project, 

a method refers to an organised approach to problem-solving that includes collecting data, 

formulating a hypothesis or proposition, testing the hypothesis, interpreting results, and stating 

conclusions that can later be evaluated independently by others. Quantitative methods have their 

origin in the natural sciences, where the scientific concern is with attaining an understanding of how 

something is constructed, how it is built, or how it works(Berndtsson et al, 2008). Qualitative 

methods have their roots in the social sciences, and are primarily concerned with increasing our 

understanding of an area, rather than producing an explanation for it(Berndtsson et al, 2008). 

However, it doesn’t mean that qualitative methods cannot be used in natural sciences or quantitative 

methods cannot be used in social sciences. Sometimes it is possible and necessary to mix the 

quantitative and qualitative methods in the research. 

 

In Robson’s book(2011) it can be seen that fixed designs are often referred to quantitative methods, 

which is because fixed designs almost always depend on the collection of quantitative, numerical 

data. Given the premise of having a well-defined theory of the phenomenon the researchers are 

concerned about, the only things the researchers need to do are following exact predefined 

procedures and specifying the variables involved in the study(Robson, 2011). Through reviewing 



7 
 

literature and reading scientific articles, the author has already got a substantial amount of 

conceptual understanding about the classification, both theoretical and practice, and the author is 

also clear about the specific contexts under the research. Thus, the author decided to choose fixed 

designs as the research strategy and correspondingly quantitative methods as the main research 

method. Meanwhile, the author also absorbs some essences from qualitative methods when 

reviewing literature to look for the skeleton of the solution in the start stage. 

 

2.4 Data Collection 

The original data sets used for this problem come from Kaggle.com. Every competition in Kaggle 

provides a “Data” page for competitors to download the data needed in different aspects, including 

training data, test data and raw contents of the webpage.  Thus in this thesis the author just 

downloaded data directly from server of the website. 

 

The data which are used to prove the research achievement will be generated through running 

implementation of the solution, in other words the Python program written by the author. The author 

will summarize the test accuracy from internal test and external grade in the leading board and use it 

as the main criterion of the solution, and the author will design and construct several measures to 

ensure the quality of final results since this is the most critical part of the whole research process. 

 

Meanwhile, the author also draws some ideas from qualitative data collection. One way of qualitative 

data is literature review. In Robsin’s book(2011), he stated that a traditional literature review involves 

systematically identifying, locating and analyzing documents containing information related to 

research problem. In next chapter the author will dig the information as present findings through 

literature review and analysis. 

 

2.5 Python  

There are a great number of tools for data mining and machine learning, for instance, Matlab, R, 

Python, Weka, Octave, etc,  and Python is selected in this research. First of all, Python is free to use. 

Python is an elegant and robust programming language the delivers both the power and general 

applicability of traditional compiled languages with the ease of use (and then some) of simpler 

scripting and interpreted languages(Chun, 2006). Python is a high level, object oriented, extensible, 

scalable and portable language, which is easy to learn, read and maintain. Python is increasingly 

used not only in academic settings but also in industry, and users can develop different types of 
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library to extend the functions beyond standard libraries. In the next paragraph the author will 

introduce several libraries used in the research. 

 

Scikit-learn is the core library involved in this thesis. Scikit-learn is an open source machine learning 

library for the python programming language, which integrating a wide range of state-of-the-art 

machine learning algorithms for medium-scale supervised and unsupervised problems(Pedregosa et 

al, 2011). Scikit-learn depends mainly on other two popular scientific computing libraries-numpy and 

scipy. Numpy is a set of extensions to Python which allows Python programmers to efficiently 

manipulate large sets of objects organized in grid-like fashion(Ascher, et al, 1999). SciPy is a 

collection of packages addressing a number of different standard problem domains in scientific 

computing(MaKinney, 2012).  Additionally, Pandas is built on top of Numpy and easy to use in 

Numpy-centric applications, which contains high-level data structures and manipulation tools 

designed to make data analysis fast and easy in Python(McKinney, 2012).  

 

There are still many Python libraries used in this thesis. In the implementation and evaluation part of 

this thesis, the author will explain the function and impact when python interfaces beyond standard 

library  are used in the solution. 
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3. Literature Analysis 

In this chapter the author will give a summary of literature review and analyse the findings. In the 

thesis, the author intends to create a solution to deal with the problem of labeling web page with 

“evergreen” or not. This is a typical classification problem in data mining area, and solving this 

problem needs machine learning and web text mining techniques. It is of importance to make clear 

the theoretical foundation before developing the solution. In the first section the author will discuss 

the basic concepts and theories for this research problem, then figure out the common approach to 

solve such a problem, and finally examine the algorithms which could be used in this problem. 

 

3.1 Basic Concepts and Theories 

3.1.1 Classification 

Classification is perhaps the most familiar and most popular data mining technique, and examples of 

classification applications include image and pattern recognition, medical diagnosis, loan approval, 

detecting faults in industry(Dunham, 2006).  

 

According to the definition in Tan and others’ book(2006), classification is the task of learning a 

target function that maps each attribute set x to one of the predefined class labels y, and the target 

function is also known informally as a classification model. A classification model can serve as an 

explanatory tool to distinguish between objects of different class(Descriptive Modeling), or predict the 

class model of unknown records(Predictive Modeling)(Tan, Steinbach and Kumar, 2006). 

 

In the introduction part it is mentioned that the purpose of this research is to build a classifier. 

According to the contents of “Introduction To Data Mining” (Tan, Steinbach and Kumar, 2006), A 

classifier is a systematic approach to build classification models from an input data set.The accuracy 

of a classifier refers to the ability of a given classifier to correctly predict the class label of new or 

previously unseen data (i.e., tuples without class label information). 

 

3.1.2 Machine Learning 

Data Mining and Machine Learning are two related concepts and easy to confusing. Usually data 

mining represents the process of discovering potential patterns in data(Turban, Sharda and Delen, 

2011), while machine learning focuses on the learning portion rather than on the creation of useful 

information for the user(Dunham, 2006). In data mining, machine learning is often used for prediction 

or classification(Dunham, 2006). From the figure below it can be seen that Machine Learning is one 

of the roots of Data Mining. 
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Figure 2. Data mining root(Gorunescu, 2011) 

Machine learning is a family of artificial intelligence technologies that is primarily concerned with the 

design and development of algorithms that allow computers to learn based on historical data(Turban, 

Sharda and Delen, 2011). Machine learning lies at the intersection of computer science, engineering, 

and statistics and often appears in other disciplines(Harrington, 2012). Machine Learning techniques 

enable computers to acquire knowledge from data that reflects the historical happenings, and they 

overcome deficiencies of manual knowledge acquisition techniques by automating the learning 

process(Turban, Sharda and Delen, 2011)  

 

There are two types of machine learning problems. Supervised learning problems indicate the 

applications in which the training data comprises examples of the input vectors along with their 

corresponding target vectors(Jordan, Kleinberg and Schölkopf, 2006). Another type of machine 

learning problem is unsupervised learning, when there is no label or target value given for the 

data(Harrington, 2012), and the typical task is clustering. In this thesis only supervised learning 

problems are referred to.  

 

In last section of this chapter several popular algorithms used in classification will be presented, and 

most of them can be classified to domain of machine learning.  

 

3.1.3 Text and web mining 

In this research problem, it is noticed that a critical attribute in the data is the content of webpage. 

Definitely it is impossible to do any operation to the raw web contents since they just mix all the 

things together and no pattern can be found directly. What needs to be mentioned is that the raw 

web page file contains not only the texts but also all the html tags, including the links to other sites 

and source links of video and image. In order to move to further analysis, text & web mining is 

needed to parse the contents of web pages. 
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Text mining(also known as text data mining or knowledge discovery in textual databases) is the 

semi-automated process of extracting patterns(useful information and knowledge) from large 

amounts of unstructured data sources, while web mining is the process of discovering intrinsic 

relationships like useful information from Web data, which are expressed in the form of textual, 

linkage, or usage information(Turban, Sharda and Delen, 2011). 

 

Figure 3. The general relationship between the categories of Web Mining and objectives of Data 

Mining(wikimedia, 2013) 

From the figure above it can be seen that web mining consists of three classes. Among them Web 

content mining refers to the extraction of useful information from web pages, and web structure 

mining represents the process of extracting useful information from the links embedded in the web 

pages(Dunham, 2006). Additionally, natural language processing(NLP) is an important component in 

web content mining which studies the problem of understanding the natural human language. There 

are some NLP techniques used in this thesis,  such as stemming, and the details will be presented in 

next chapter. 

 

3.2 General Framework to Solving a Classification Problem 

For any research problem, there is always a common framework that can be followed in the process, 

which make researchers understand what they have done and what they will do. From the book of 

Tan and others’ book(2006),  there is a general approach to solve classification problem.  Here is the 

figure showing the whole process. 
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Figure 4. General approach for building a classification model(Tan, Steinbach and Kumar, 2006) 

In this model it can be seen that there is a training set consisting of records whose class labels are 

given in class attribute. The researchers will apply machine learning algorithms to the training set 

and create a classification model, and then apply the model to the test data, whose Class attributes 

are unknown.  

 

In the book “Data Mining: Concepts, Models and Techniques”(2011), Gorunescu stated another 

process of mining data, which consists of five stages: 1)Data preparation/processing; 2)Defining the 

study; 3)Building the model from input data; 4)Understanding the model; 5)Applying model and 

validation. In “Machine Learning in Action”(Harrington, 2012), there is another descriptions of steps 

in developing a machine learning application as described below:1) Collect data; 2) Prepare the 

input data; 3) Analyze the input data; 4)Train the algorithm; 5) Test the algorithm; 6) Use it. It can be 

seen that all the frameworks follow the same track, and the author will follow these steps in the 

research. 

 

3.3 Algorithms Related to Classification  

In this section the author will review several popular algorithms related to classification. Usually there 

is no direct answer to which algorithm can give users the best prediction, so researchers always 

need to try different algorithms and check their performance. In the next chapter the author will adopt 

these algorithms under different situations, and chapter 5 will give a comparison of test results 

generated through various algorithms in one case. 
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3.3.1 K-Nearest Neighbors 

K-Nearest Neighbors(KNN) is an algorithm representing a new object is labeled based on its closest 

(K) neighboring objects(Gorunescu, 2011). When using K-Nearest Neighbors in a classification 

problem, a new unclassified record may be found by comparing it to the most similar records in the 

training set which is stored before the process(Larose, 2005).  

 

KNN is a quite simple algorithm. Every attributes can be seen as a dimension, thus each tuple in  the 

training set are stored in an n-dimensional pattern space, in which n is the number of attributes(Han 

and Kamber, 2006). Thus, a distance metric is needed to decide “nearest”, and one general standard 

is Euclidean distance, which is the square root of the total accumulated distance count(Han and 

Kamber, 2006).  When building a KNN classifier, how to select an appropriate “K” is an important 

issue. Usually, larger value of k can reduce the effect of noise like outliers, but make boundaries 

between classes less distinct(Gorunescu, 2011). 

 

The advantages of KNN is that it is simple and the new tuple can be added to the training set at any 

time(Witten, Frank and Hall, 2011). One of the drawbacks for KNN are it may take a large amount of 

storage and time when dealing with large datasets(Harrington, 2012). Additionally,  KNN doesn’t give 

anly idea of the underlying structure of the data(Harrington, 2012). 

 

3.3.2 Naive Bayes   

Bayesian classifiers are statistical classifiers which can predict class membership probabilities, such 

as the probability that a given tuple belongs to a particular class(Han and Kamber, 2006). Bayesian 

classifiers are built on Bayes’ Theorem, which is a very famous probability theorem providing a way 

of calculating the posterior probability P(H|X) from P(H), P(X|H), and P(X)(Han and Kamber, 2006): 

 

Naive Bayesian classifier is one of the Bayesian classifier sets, and the model is called “naive” 

because the features in the dataset are not expected to be independent(Gorunescu, 2011). Dunham 

described that how naive bayes algorithm works in his book(2006):Firstly the naive bayes algorithm 

estimates the prior probabilities for each class by counting how often each class occurs in the 

training, then calculate the conditional probabilities of the independent features, and finally use the 

conditional and prior probabilities generated from training data to make the prediction.  
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Naive Bayesian is easy to use and can handle missing values by simply omitting the probability,  but 

it does not always yield satisfactory results since the attributes may be dependent and the 

continuous data cannot be handled(Dunham, 2006). 

 

3.3.3 Support Vector Machines   

Support vector machines is an algorithm that uses a nonlinear mapping to transform original training 

data into a higher dimension and searches for the linear optimal separating hyperplane, which is a 

decision boundary separating the tuples from each other(Han and Kamber, 2006). To be more 

specific, if there is only two attributes, then the boundary is just a line. If there are more dimensions, 

it is called a hyperplane(Harrington, 2012). The points which are closest to the separating 

hyperplane are called support vectors, so the task is to maximize the distance from  the separating 

boundary to the support vectors, which need an optimal approach(Harrington, 2012). What needs to 

be mentioned is that support vector machine can only handle binary classification. 

 

If the data are linearly inseparable, which means no straight boundary can be found to separate the 

classes, the original input data will be transformed into a higher dimensional feature space using a 

nonlinear mapping, and then construct an optimal separating hyperplane in the new 

space(Gorunescu, 2011). The function used in this transformation is called kernel function, which 

mainly includes polynomial learning machine, Radial-basis function network, two-layer 

perceptron(Gorunescu, 2011). 

 

3.3.4 Logistic Regression 

Although there is a “regression” in the name,  logistic regression is used in classification instead of 

regression. The key idea of logistic regression is to build an equation, whose parameters are 

supposed to be best-fit,  to do classification with a bunch of data(Harrington, 2012). The logistic 

function, which is a sigmoid function having a “S” shape, is shown by the following: 

  

The features in the dataset will be taken and multiplied by a weight and then added up, and the 

result will be put into the sigmoid function(Harrington,2012). If the value is above 0.5, it will be 

classified as 1, otherwise it will be 0. In the function z is given as below: 

z = w0x0 + w1x1 + w2x2 +... + wnxn 

In order to optimize z, some kinds of optimization algorithm are used, like gradient ascent, which 

aims to approach a local maximum(Avriel, 2003). The author doesn’t go to more details of gradient 

ascent since it is not necessary to understand the whole theoretical background. 
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Logistic regression is easy to implement and the cost for computation is not expensive commonly. 

However, at the same time the accuracy of classification may be low and it is  prone to 

underfitting(Harrington, 2012). 

 

3.3.5 Decision Tree 

Decision tree is a predictive modelling technique used in classification, clustering, and prediction 

tasks, which use a “divide and conquer” technique to split the problem search space into sub 

space(Dunham, 2006). Decision tree consists of a collection of decision nodes which are connected 

by branches with special conditions. There is only one root node,  while there can be many leaf 

nodes.  

 

Figure 5.  Decision tree in Titanic problem generated by weka using J48(C4.5) 

In the process of building decision tree, the key point is selecting the best split attributes. During 

decision tree induction, entropy is used to quantify information and select the optimal values, which 

is calculated using the probabilities of each value in the attribute. Entropy is the base of many 

decision tree induction algorithms, like ID3, C4.5, CART, etc. 

 

The advantages for decision tree are that they are easy to use and also efficient, while the 

disadvantages are also obvious. In Dunham’s book(2006) it is mentioned that decision tree do not 

easily handle continuous data and missing data, and correlations among attributes in the data sets 

are ignored. 

 

3.3.6 Ensemble Methods 

In the sections above only single models are discussed, so this section will introduce how to solve 

classification problem with combination of models. Ensemble methods are a set of methods which 

combine the predictions of multiple classifiers to get a better answer(Harrington, 2012).There are 
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several schemes like bagging, boosting and stacking, which make prediction by learning an 

ensemble of models and using them in combination, and they often increase predictive performance 

over a single models(Witten, Frank and Hall, 2011). 

 

Random Forest is such an ensemble method and can be used to solve classification problem. The 

key idea of random forest is: Draw a number of bootstrap(the sample can be put back to original 

data and have the same probability to be selected next time) samples from the original data and 

grow an unpruned tree, then predict new data by aggregating the predictions of all the trees(Liaw 

and Wiener, 2002). 

 

Ensemble methods can generate highly accurate classifier and work with a great amount of 

variables, but it is sensitive to outliers(Harrington, 2012), which means the performance may drop 

when there exists a lot of noises in the data. 
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4.  Design and Implementation 

In this chapter the author focuses on how to find a solution of the evergreen classification. The 

details of the analysis and design will be given in following sections, which contain data review, 

feature selection, feature extraction, data transformation, model formulation, etc. A number of 

models are created under different conditions in this chapter, and the evaluation of models will be 

given in next chapter. 

4.1 Data Preview  

According to the framework to solve classification problem in last chapter. As mentioned in Chapter 2, 

the data used in this thesis come directly from the competition of in StumbleUpon Evergreen 

Classification Challenge in Kaggle. The first step is to check the data after downloading them from 

the web page. In the training set there are 7395 records and in the test set the number of records is 

3171, and both of them are stored in a tab-delimited text files(.tsv), which have 27 columns. The 

raw_content.zip contains the raw contents for all 10566 urls.   

 

According to “introduction to data mining”(Tan, Steinbach and Kumar), the fields in the table can be 

divided into two class: 

Categorical Attribute: url, boilerplate, alchemy_category, frameBased, hasDomainLink, is_news, 

news_front_page, label 

Numeric Attribute: urlid, alchemy_category_score, avglinksize, commonLinkRatio_1, 

commonLinkRatio_2, commonLinkRatio_3, commonLinkRatio_4, compression_ratio, embed_radio, 

frameTagRadio, html_ratio, image_ratio, linkwordscore, non_markup_alphanum_characters, 

numwords_in_url, parametrizedLinkRatio, spelling_errors_ratio. 

 

There is a table of field description for train.tsv and test.tsv . Since it is too long, the author will only 

give an brief introduction of several attributes in the table, and the full version can be found in the 

appendices. Obviously, there are too many features in the dataset, thus it is necessary to take a look 

at the dataset and figure out how to select features for the further research.  

 

“label” is the purpose attribute in this problem,  with 0 representing non-evergreen and 1 

representing evergreen. The values of this field are only available in training set.  Another specific 

attributed which can not be ignored is “boilerplate”. The type of  “boilerplate” attribute is JSON, or 

JavaScript Object Notation, which is a text format consisting of name/value pairs. There are three 

names in this case: “title”, “body” and “url”. In “body” only texts are available and all the tags have 
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been removed. Apparently this column has filtered other tags in the original web page, thus now it is 

easy to catch the essence of the news.  

 

Indeed, the author felt quite confused after scanning all the fields in the table. It seems that many 

fields are relevant to whether the web page is evergreen or not, For instance, the ratio of the image, 

the web page is news or not,  ratio of spelling errors, number of links, etc. But the relationship is not 

so clear, which cannot be validated only by observation. It is hard to imagine how number of words 

in url could affect the result whether a web page is evergreen or not.  

 

Figure 6. Correlation between label and html_ratio 

The picture above shows the relationships between label and html_ratio, red representing evergreen 

and blue representing not evergreen. It seems the numbers of evergreen and not evergreen are 

nearly equal for different intervals of html_ratio. The same situation exists for other attributes, and it 

is difficult to analyse the correlation between labels and other attributes, especially when there are 

more than 20 attributes. 

  

Although the values in “boilerplate” attribute contain the essence of original web page, in the reality 

other tags of web page may also contain important information which are helpful for the classification, 

thus only focusing on this attributes is likely to miss advantageous features. Then the author turned 

to the raw contents. The files of raw contents contains the original content of each url. Open the first 

one of the file, the author can see all the common markups in the web page, including document 

type declaration, elements, data types, character references, etc. There are many elements which 

are not helpful for the problem, like css, javascript codes, document declaration, etc. The text part 

will still be the key point, from which the author aims to extract the features from. In order to dig 
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information from raw text, the author will use some technologies from web mining to help doing the 

extraction. 

 

After scanning the data, the author decided to try different way to solve the problem. The first way is 

to use the records that are directly available in the training data, and the second is to extract features 

by parsing the raw web page contents and combine them with “boilerplate” attributes. The author will 

train different models on the data in both way.   

 

Here is the classifiers used in this thesis, which are available in Scikit-Learn. In the following 

sections the author will use the same parameters in the function no matter when and where it is 

used. 

Classifier Parameters 

Naive Bayes  sklearn.sklearn.naive_bayes.GaussianNB() 

Decision Tree sklearn.tree.DecisionTreesClassifier(criterion='gini', splitter='best', 

max_depth=None, min_samples_split=2,min_samples_leaf=1, 

max_features=None, random_state=None.) 

K Nearest Neighbors sklearn.neighbors.KNeighborsClassifer(weights=’uniform’, 

algorithm=”auto”, leaf_size=30, p=2, metric= ’minkowski’) 

Support Vector 

Machine 

sklearn.svm.LinearSVC(penalty='l2', loss='l2', dual=True, tol=0.0001, 

C=1.0, multi_class='ovr', fit_intercept=True,intercept_scaling=1, 

class_weight=None, verbose=0, random_state=None) 

Logistic Regression sklearn.linear_model.LogisticRegression(penalty='l2', dual=True, 

tol=0.0001, C=1, fit_intercept=True, intercept_scaling=1.0, 

class_weight=None, random_state=None) 

Random Forest sklearn.ensemble.RandomForestClassifier(n_estimators=100, 

criterion='gini', max_depth=None,min_samples_split=2, 

min_samples_leaf=1, bootstrap=True, oob_score=False, 

n_jobs=1,random_state=None, verbose=0, min_density=None, 

compute_importances=None) 

Table 1 Classifiers and parameters setting 

4.2 Solution with Available Attributes 

When using data available in the training set to build a classifier,  the author will still deal with the 

problem in two distinct ways. The first one is to apply different training models to all the available 

features, and the second is to extract features from “boilerplate” attributes using techniques from text 

mining. 
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In order to develop the classifier, the first steps is to load the training data into memory. The author 

uses read_table method from pandas. The method can read tsv file into the memory can convert it to 

dataframe which is a data type defined in pandas. However the models defined in scikit-learn can 

not be applied on dataframe directly. Thus when applying models on the data,  it is necessary to 

transform the data to other type, like array defined in numpy. 

 

4.2.1 Classifiers on Available Attributes 

The author creates six classifiers on the available attributes using the method in python scikit-learn 

library, which forms six models shown as below: 

Model 1. Naive Bayes classifier with available attributes  

Model 2. K Nearest Neighbors classifier with available attributes 

Model 3. Support Machine Vector classifier with available attributes 

Model 4. Logistic Regression classifier with available attributes  

Model 5. Decision Tree classifier with available attributes 

Model 6. Random Forest classifier with available attributes  

The prediction results for each classifier will be presented in next chapter.  

 

4.2.2 TF-IDF on “boilerplate” 

In this part the author will only focus on how to build classifier based on the “boilerplate” attributes. 

Firstly the author will introduce some important concepts used in this section. In order to extract 

features from the text, it is necessary to use some techniques in text mining. TF-IDF (term frequency 

- inverse document frequency) is a well known method to evaluate how important is a word in a 

document, which convert the textual representation of information into a Vector Space Model(VSM) 

or into sparse features(Perone, 2011). VSM is an algebra model representing textual information as 

a vector, the components of which could represent the importance of a term(tf-idf) or even the 

absence or presence of it in a document(Perone, 2011).  

 

Considering that the appearances of certain words imply that the web page is likely to be evergreen, 

using the scores calculated by tf-idf is profitable for the classification. Thue the author decides to 

apply tf-idf to the training data and calculate the score for the words in the attributes through fitting a 

method in scikit-learn library, sklearn.feature_extraction.text.TfidfVectorizer, on “boilerplate” attribute 

to create a vector of tf-idf scores. With the transform method provided by TfidVectorizer the text in 

boildwill be converted to the set of sparse matrix containing the tf-idf weights for every word in each 
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document.  The words extracted by tf-idf will be the features used in the classification, and the 

classifiers will work on this matrix.  

 

Based on the properties of the sparse matrix and the diverse characteristics of classifiers, the author 

chooses Logistic Regression and Random Forest to create the classifiers.  

Model 7 Logistic Regression Classifier on “boilerplate”(tf-idf) 

Model 8 Random Forest Classifier on “boilerplate” (tf-idf) 

 

4.3 Solution with Raw Contents  

In this part the author turns to the raw contents of the web pages. As mentioned before, the 

“boilerplate” attribute includes the primary contents in the web page. However, there may be some 

hidden information in the raw contents, since there are many tags invisible from the browser. 

Consequently the author attempts to extract potential messages from the file and associates them 

together with “boilerplate” attribute in order to create more precise models. 

 

4.3.1 Html Parsing 

Here is a typical structure of html file shown as below: 

<!DOCTYPE html PUBLIC…> 

<html xmlns="http://www.w3.org/1999/xhtml"> 

<style id="ctl00_HeadStyle" type="text/css"> 

#main {float: left; width: 675px;}  

.right {float: right;} 

……  

</style> 

<head><meta http-equiv=...></head> 

<title>...</title> 

<body> 

<script type=”text/javascript“>...</script> 

<!--....--> 

<div id=”right> 

<h1 class=”modal-header”...>...</h1></div> 

<a href="#" class="exempt left-arrow" id="lnkPreviousPhoto">left</a> 

…. 

</body>....</html> 
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Obviously, the contents in certain tags, such as title, head, hyperlink, is more likely to place an 

influence on whether the webpage is evergreen or not. Some contents like the javascript code, 

cascading style sheet, etc, are not likely to be relevant to the problem, since it seems the 

appearance of the web page doesn’t make a page is evergreen or not. Thus, before going to further 

steps, a filter is needed to parse the web contents and extract contents the author needs, and the 

author has to express his interests for the filter. Then the author defined a group of tags that may be 

interesting to the problem. It is noticed that no only tags but also the properties of tags are included 

in the list, such as description and keywords of meta tag. 

['title', 'h1', 'h2', 'h3', ‘h4’, 'meta_description', 'meta_keywords', ‘'img', ’video’, 'a',  ‘strong’] 

 

Since the interesting tags have been defined, the next steps is to extract the text in the tags.  

BeautifulSoup is a Python library used in html parsing, which provides some simple methods to 

search the contents of html file. The author implements a Python program using the methods in 

BeautifulSoup to draw the tags and the text segments and transform them into a key-value formats 

as a dictionary, each of which corresponds to one web page. The contents in the The structure of  a 

dictionary is given as following: 

{ “a”:[ “my birthday countdown”, “home”,….] 

  "h3": ["what to drink?",...] 

  …} 

 

4.3.2 Feature Extraction 

Through the above work dictionaries that contain all the important tags and the content 

corresponding to the tags for each web page has been built. Afterwards, the author creates a new 

Python program to count the words in each tag and store the results still in name-value format. In 

order to use scikit-learn classifier, for each tag one sparse matrix is created to store the counts of the 

words,  which means the dimensions of the matrix are the document and the words and the unit 

contains the number of appearance for the word in a certain document. Thus if the author wants to 

get a sparse matrix containing counts for all the tags, the only thing needed to do is to add all the 

sparse matrices together, and this matrix is called “sum count matrix”. This setting is useful for the 

linear combination in future. It looks like the matrix showing as below: 

 Word1 Word2 Word3 ....... wordN 

Document1 Count11 Count12 Count13 ....... Count1N 

Document2 Count21 Count23 Count23 ....... Count2N 

..... ...... ...... ....... ....... ....... 

DocumentM CountM1 CounM2 CountM3 ....... CountMN 
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Now the feature preparation has been finished. The features used in following steps are the words 

extracted from raw contents. For the sake of finding an optimal solution, the author will apply various  

strategies to the existing data, while the values for each feature may change separately.  

 

4.3.3 TF-IDF  

The first strategy the author use is same with what are used on the “boilerplate” attributes. TF-IDF is 

used to calculate the importance of the word to each document and the weights are recorded in the 

new matrix. But in this case, another method in the library (sklearn.feature_extraction.text 

.TfidfTransformer())is used to transform the sum count matrix to a tf-idf representation.  Then 

Logistic Regression are applied on the new matrix to do the prediction.  

Model 9 Logistic Regression on tf-idf matrix with raw contents 

 

There may be thousands of  words included in the text, which makes the dimension of the feature 

set is quite high. Then it is worth figuring out if there is any way to reduce complexity of the problem. 

In the following two sections the author will aim at how to reduce dimensions by removing or 

merging some features. 

 

4.3.4 Principal Component Analysis 

Principal component analysis(PCA) is a statistical technique that is common for finding patterns in 

data of high dimension(Smith, 2002). This method will use Singular Value Decomposition of the data 

and keep the most significant singular vectors to project the data to a lower dimensional space.The 

author uses sklearn.decomposition.PCA (n_components=None, copy=True, whiten=False) to fit and 

transform the sum count matrix. After that he author applies Logistic regression on the dataset.  

Model 10 Logistic Regression on tf-idf matrix with raw contents (PCA) 

 

4.3.5 Stemming 

Another way to reduce the dimensions is to stem the words. In English, many words derive from the 

same stem. for instance , the words “use”, “uses” “used”, “useful”, “using” have the same stem “use”. 

Replacing the words with stem will reduce the size of the words in the feature set, and such a 

process to reduce the words to their stem is called “Stemming”. There is a library called Natural 

Language Toolkit (nltk) providing interfaces to solve this problem.  The author uses api from 

nltk.stem to finish the stemming process and reforms the sum count matrix, then build logistic 

regression on the new data set.  It should be noted that PCA and Stemming can be used at the 

same time, so there are two models created in this section. 

Model 11 Logistic Regression on tf-idf matrix with raw contents (Stemming) 
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Model 12 Logistic Regression on tf-idf matrix with raw contents (Stemming+PCA) 

 

4.3.6 Linear Combination of Features 

In this section the author tries another way to create the features. This is based on the assumption 

that the words in different tags may have different impacts on the prediction result. The words 

appear in different Instead of using the words count for all the tags directly,  the linear combinations 

of tags are considered to be the approach for constructing score matrix. The essence of the design 

on linear combination is to multiply a weight to each tag and add them together, which augment the 

impact of certain tags. The example of linear combination is shown as below: 

Sum = title * 10 + h1 * 5 + h2 * 2 + h3 + h4 + meta_description *5 + meta_keywords * 5 +img + video 

+ a + strong * 2 

 

The author tries a series of linear combinations with different weights and generates a group of new 

count matrices correspondingly, then assemble three techniques described above (TF-IDF, PCA, 

Stemming) on the matrices to get the data with features and apply logistic regression on the data. 

The combination that has the maximum accuracy of the prediction is selected as the model in this 

case. 

Model 13 Logistic Regression on linear combinations of tags(TF-IDF) 

Model 14 Logistic Regression on linear combinations of tags(PCA) 

Model 15 Logistic Regression on linear combinations of tags(Stemming) 

Model 16 Logistic Regression on linear combinations of tags(Stemming+PCA)  

 

Now there are 16 models constructed in this chapter, and next step is to evaluate the model, which 

will be done in next chapter. 
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5. Result and Evaluation 

This chapter will focus on the evaluation of the prediction results for all the models built in last 

chapter, and it will be divided into two sections. In the first section the method of evaluation will be 

introduced and the background of this method will be presented. The second section will show all the 

test results for the classifiers created in last chapters, and analysis based on the result will be given.  

5.1 Cross Validation  

Firstly the author wants to give a brief introduction of the score mechanism in Kaggle platform. There 

are two leaderboards, public and private, both of which depends on the accuracy of prediction 

results in the test set. The competitors can only get a score from the leaderboards but no concrete 

results are given, so they cannot check which result is wrong. Thus the author decides to find 

another criterion to validate the prediction results, and the scores from kaggle will be presented as a 

reference  in the end of this chapter. 

 

The main evaluation used in this problem is cross validation, and the test data provided by kaggle is 

not used.  When using cross validation, users decide on a fixed number of folds or partitions of the 

data, and the data is split into the certain number of equal partitions, then each in turn is used for 

testing and others are used for training(Witten, Frank and Hall, 2011). This technique is helpful to 

reduce the risk of overfitting, which means the model may fit the training data perfectly but fail to 

predict anything on other data. Scikit-learn provides some interfaces in sklearn.cross_validation such 

as KFold to carry cross validation on the data. For every model defined in last chapter, cross 

validation will be applied and the score will be calculated.  

 

5.2 Test Results and Analysis 

In this part the cross validation results will be divided into three parts. The first part contains the 

models on available attributes, while the second and third parts focus on models with “boilerplate” 

attribute and raw contents respectively. After showing the test results, a short analysis will be given 

to explain the performance of model and the reasons for that.  

 

5.2.1 Results of Models on Available Attributes 

Model Name Cross Validation Score 

Model 1. Naive Bayes classifier with available attributes 0.62191 

Model 2. K Nearest Neighbors classifier with available attributes 0.62529 

Model 3. Support Machine Vector classifier with available attributes 0.64747 
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Model 4. Logistic Regression classifier with available attributes 0.65855 

Model 5. Decision Tree classifier with available attributes   0.66437 

Model 6. Random Forest classifier with available attributes 0.68803 

Table 2. Cross Validation Score for Models on Available Attributes 

It is clear that random forest classifier has the best outcome(68.8032%) and naive bayes classifier 

gets the worst result(62.1907%).   Decision tree and logistic regression rank the second and the third, 

and KNN is just a little better than naive bayes. However, there is no model correct rates above 70%, 

and it is possible that the correct rate could still be increased by a wide margin. Therefore only the 

numerical attributes may not be the suitable features for the learning.  

 

5.2.2 Results of Models on “boilerplate” 

Model Name Cross Validation Score 

Model 7. Logistic Regression Classifier on “boilerplate” (tf-idf) 0.87734 

Model 8. Random Forest Classifier on “boilerplate” (tf-idf)  Fail 

Table 3. Cross Validation Score for Models on “boilerplate” 

Obviously,  using tf-idf on “boilerplate” attribute highly improve the accuracy of the prediction. The 

correct rate of prediction with logistic regression classifier arrives at 87%, which is much higher than 

any models only on numerical attributes. On the other hand, the random forest model fails because 

of the weighted matrix generated by tf-idf is a sparse matrix and the RandomForestClassifier in 

scikit-learn can only accept dense matrix. Actually the same situation happens for other classifier like 

DecisionTreeClassifier, GaussianNB. With these failures, logistic regression is likely to be the best 

classifier for this situation. That is the reason that only logistic regression is considered to create the 

models for the remaining cases. 

 

5.2.3 Results of Models on Raw Contents 

Model Name Cross Validation Score 

Model 9. Logistic Regression on tf-idf matrix with raw contents 0.8805 

Model 10. Logistic Regression on tf-idf matrix with raw contents(PCA) 0.88086 

Model 11. Logistic Regression on tf-idf matrix with raw contents(Stemming) 0.88067 

Model 12. Logistic Regression on tf-idf matrix with raw contents 

(Stemming+PCA) 

0.88176 

Model 13. Logistic Regression on linear combinations of tags(TF-IDF) 0.88297 

Model 14. Logistic Regression on linear combinations of tags(PCA) 0.88504 

Model 15. Logistic Regression on linear combinations of tags(Stemming) 0.88426 
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Model 16. Logistic Regression on linear combinations of tags 

(Stemming+PCA) 

0.8853 

Table 4. Cross Validation Score for Models on Raw Contents 

From the test results it can be seen that the accuracy of prediction is slightly promoted in each 

model compared to that on “boilerplate” attributes. Most of models achieve the correct probability 

higher than 88%. Model 16 achieves the best result in the whole section. The difference of accuracy 

is quite small between each model, but it is clear that the accuracy of linear combination models are 

higher than others in general. It is a reasonable phenomenon because they are ensemble models 

which are supposed to perform better than simple models. Besides, the models with PCA and 

stemming behave a little better than those without any treatment beyond tf-idf. In that sense, PCA 

and stemming is helpful to optimize the models. 

 

In addition, the author upload the test data generated through Model 12 and Model 16 in kaggle 

platform and get scores both in public and private leading boards. Model 12 gets public score of 

0.88171 and private score of 0.87983, while Model 16 gets public score of 0.88512 and private score 

of 0.88273. t seems the noises in the private test data of Kaggle cut down the performance of the 

model, but correct rate of model 16 is still higher than 88%.  
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6.Conclusion 

6.1 Overview 

In this research the main objective is to find a solution to automatically estimate whether a web page 

is evergreen or not, while “evergreen” means the interest of the page for the users doesn’t reduce 

along with time flying. This solution is supposed to be able to extract features and discover the 

correlation between features and labels prediction, and the process should be totally automated 

without collecting feedback from users. 

 

In order to solve this problem, some background information about classification and relevant 

algorithms are given in this thesis. Most of the classification problems has the same frame T author 

explores and makes use of knowledge and techniques in machine learning and web text mining, 

then uses Python to create a software application to implement the process of prediction. This 

application gathers the data from the training set and raw web files provided by kaggle, and 

preprocess the data to find relevant features before applying classifiers on them. A series of 

classifier are tried based on different type of features and logistic regression is selected as the main 

algorithm in the solution. Finally through the evaluation carried on the application, the accuracy of 

the prediction can be up to 88%, which is a pretty nice result. 

 

6.2 Implication  

The test results from cross validation and kaggle leading board shows that the solution proposed in 

this thesis is be able to predict whether a web page is evergreen or not correctly in a majority of 

cases. These implies that even there is no feedback from users, it is possible to identify whether a 

web page can maintain its quality in most cases.  The author believes it is easier to recommend 

potentially interesting web pages to users by using this solution. Moreover, the author posts a mode 

of assembling the weights of each tags in linear combinations , which could be considered  in many 

other problems about web mining. 

 

6.3 Limitations and Further Improvement 

There are many other competitors ahead of the author in leaderboard of the competition, so there is 

no doubt that the solution the author built still has large room to be improved. Due to time and 

hardware limitations, there should be a lot of things which could be tried in the research, and that 

can be the future improvement for this problem. 
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It is noted that all web pages provided in the competition are in English, which raises an obvious 

doubt about the validity of the prediction. There exists huge differences . If the web page are given in 

Chinese,  the solution may not work on it as well as that in English. Thus  when using this solution 

the language detection should be taken into consideration. Meanwhile how to classify web pages in 

different languages is a problem that can be considered in future. 

 

It can be seen that ensemble is not only a method but also an idea to improve the prediction. In this 

study the author tries random forest on numerical attributes in the training data, and also draw 

thoughts from ensemble learning for synthesizing prediction results of all the linear combinations of 

tags. The author only tries a limited number of linear combinations of the tags in this study, and more 

models could be created and put into ensemble in further study. There are many variations of linear 

combination,  such as using maximum words count of some certain tags, and they may help to 

improve the accuracy of predictions, which could be further investigated.  

 

In this thesis the author mainly concentrates on solving classification problem using machine 

learning technology, and the measure for the problem is how precise the prediction could be. From 

the definition in the first chapter it can be seen that data mining concerns not only the issue of 

information extraction but also useful potential patterns in the data repository. Although the prediction 

result is reasonably high, the relationship among features is still unknown. The sparse matrix 

produced by tf-idf is a black box, and it is hard to probe the patterns inside the box since there are 

thousands of features and documents. Is there any solution to find which feature is likely to make a 

web page evergreen? This question should be considered in future work. 
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Appendices 

Appendix 1 Field Descriptions for Training and Test Data in StumbleUpon 

FieldName Type Description 

url string Url of the webpage to be classified 

urlid integer StumbleUpon's unique identifier for each url 

boilerplate json Boilerplate text 

alchemy_category string 
Alchemy category (per the publicly available Alchemy API found at 

www.alchemyapi.com) 

alchemy_category_score double 
Alchemy category score (per the publicly available Alchemy API 

found at www.alchemyapi.com) 

avglinksize double Average number of words in each link 

commonLinkRatio_1 double # of links sharing at least 1 word with 1 other links / # of links 

commonLinkRatio_2 double # of links sharing at least 1 word with 2 other links / # of links 

commonLinkRatio_3 double # of links sharing at least 1 word with 3 other links / # of links 

commonLinkRatio_4 double # of links sharing at least 1 word with 4 other links / # of links 

compression_ratio double 
Compression achieved on this page via gzip (measure of 

redundancy) 

embed_ratio double Count of number of <embed>  usage 

frameBased 
integer (0 

or 1) 

A page is frame-based (1) if it has no body markup but have a 

frameset markup 

frameTagRatio double Ratio of iframe markups over total number of markups 

hasDomainLink 
integer (0 

or 1) 
True (1) if it contains an <a>  with an url with domain 

html_ratio double Ratio of tags vs text in the page 

image_ratio double Ratio of <img> tags vs text in the page 

is_news integer (0 True (1) if StumbleUpon's news classifier determines that this 
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or 1) webpage is news 

lengthyLinkDomain 
integer (0 

or 1) 

True (1) if at least 3 <a> 's text contains more than 30 

alphanumeric characters 

linkwordscore double Percentage of words on the page that are in hyperlink's text 

news_front_page 
integer (0 

or 1) 

True (1) if StumbleUpon's news classifier determines that this 

webpage is front-page news 

non_markup_alphanum_characters integer Page's text's number of alphanumeric characters 

numberOfLinks integer Number of <a>  markups 

numwords_in_url double Number of words in url 

parametrizedLinkRatio double 
A link is parametrized if it's url contains parameters  or has an 

attached onClick event 

spelling_errors_ratio double 
Ratio of words not found in wiki (considered to be a spelling 

mistake) 

label 
integer (0 

or 1) 

User-determined label. Either evergreen (1) or non-evergreen (0); 

available for train.tsv only 

 


