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ABSTRACT 
A visual representation of the educational resources available on the Web has the potential to help many 
users, including teachers constrained by time and young learners unable to take full advantage of 
keyword-based query interfaces. The first step in attaining such a visual representation is classifying 
online educational resources into classes or categories represented in their underlying content. In this 
paper we explore different ways of generating similarity matrices for the textual content of a set of web 
resources and using these matrices to classify the resources according to the domain of knowledge using 
various machine learning algorithms. We built a corpus data using a list of 459 online English 
educational resource links provided by K12 educators from US and like-minded users. Additionally, we 
preprocessed the corpus by removing commonly used stop words, which refers to the most common 
words in a language. The stops words (i.e. articles, prepositions) very likely are of little value in helping 
select documents matching a user query or need in order to speed up the process. Those stops words 
are dropped from the vocabulary that describes the documents.   After removing those words, we 
utilized the Porter stemming algorithm to remove common English morphological and inflexional word 
endings. The goal of the stemming process is to normalize the words or terms present in the documents. 
The algorithms used for clustering were multidimensional scaling, affinity propagation, and deep believe 
networks all of them with different distance measure on text documents. The results show that affinity 
propagation algorithm based on cosine similarity measurements and with preference set as the median 
of the similarity matrix performs well on grouping the documents in our corpus.  

 
KEYWORDS: online educational resources, affinity propagation,  document clustering. 

 

INTRODUCTION 

 

Internet offers high-quality and useful resources and materials. These online resources have gained 

importance in educational discipline, particularly, in teaching and learning.  For teachers, this idea has become 

indispensable in order to offer proper activities for their classes and to provide better learning scenarios.  For 

students with individual learning styles, they can use particular and adequate resources and they can achieve 

learning goals wherever and whenever they want [15].  

In the U.S., recent studies show that 74% of children of 8-18 years of age have access to the Internet and 

they increasingly represent one of the largest groups of users of computer technology and the web [1]. While 

many children use the Internet for socializing, entertainment and gaming, a growing number of them are turning 

to the web for educational purposes. Most netizens (children and adults) today use popular search engine such as 
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Google or Yahoo to search for content on the Web. The design of these keyword-based search interfaces 

assumes that the user knows what keywords to input into a search engine. Unfortunately, according to a recent 

study by the University of Maryland, this assumption is usually incorrect for young learners [2]. The study finds 

that for American youths, typical early childhood developmental traits such as spelling errors, difficulty with 

query formulation and deciphering of results surface as barriers in their quest to find the information they need 

through keyboard-based search engines. 

One possible solution to this problem is information visualization. Many researchers argue that the 

representation of educational web content in 2D space will facilitate the navigation and browsing of resources 

by young and/or unexperienced learners. However, in order to understand how to best represent the plethora of 

educational content available on the web in 2D space, we must first determine how to classify web based textual 

content accurately and efficiently. 

 

 
 

Fig. 1: A new map of knowledge based on electronic data searches in which users moved from one journal to 

another, thus establishing associations between them. (Source: 

http://www.nytimes.com/2009/03/16/science/16visuals.html) 

 

Data mining has been used in several domains such as in retail, medicine and health care as well as in the 

educational topic etc. An approaching application of data mining is initiated by higher educational institutions 

due to the huge amount of data along the years. Data mining in this area  is used to explain or to find  patterns 

related to student behavior, such as the trends which would indicate student transfer as well as the skill sets of 

various clusters of students and their redundant characteristics [21] [22]. Educational Data Mining refers to 

techniques used for automatically extract knowledge from repositories of data generated by or related 

to learning activities of students in educational on line environments [23]. For the particular case of educational 

resources, the data are unstructured raw data [24]. Thus, with the purpose of sharing educational resources in a 

proper way between educational institutions or learners and teachers, it is necessary to develop a method to 

automatically classify those resources. Therefore, it is necessary to pre-process the data to make it suitable to be 

processed by the method in this paper.   It is very common that educational resources contain not only text but 

also hypertext and hypermedia, however, the emphasis proposed is in process plain text. Consequently, this 

work presents a methodology that allows to classify online text-based educational resources using some data 

mining techniques [27] such as affinity propagation [28],[16],[17], deep belief networks [25],[19] and 

Multidimensional scaling [18]. 

http://www.nytimes.com/2009/03/16/science/16visuals.html
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Corpus Creation: 

In order to determine the best way to classify online text-based educational resources, we built our corpus 

using a list of 459 online English educational resource links provided by K12 educators from US and like-

minded users. In order to extract only the textual content from these resources, we used the command-line based 

Lynx web browser. Each resource document was then preprocessed to remove all punctuation, miscellaneous 

characters and web links. Thus, each web resource was stripped to its bare, textual content as shown in Figure 1.   

 

 
 

Fig. 1: Preprocessing of Web Resource (Source: own) 

 

For this dataset we preprocessed the corpus by removing commonly used stop words, that refers to  refer to 

the most common words in a language. The stops words (i.e. articles, prepositions) very likely are of few value 

in helping select documents matching a user query or need in order to speed up the process. Those stops words 

are dropped from the vocabulary that describes the documents.   After removing those words, we  utilized the 

Porter stemming algorithm [3] to remove common English morphological and inflexional word endings. The 

goal of the stemming process is to normalize the words or terms present in the documents. 

 

Class Glossaries: 

We further categorized our corpus into nine classes, where each class was represented by a set of fifteen 

glossary terms as outlined in table 1. We then manually classified each document in the corpus under one of the 

nine classes based on the resource title.  

 
Table 1:  Class glossaries. Each of the nine classes has fifteen glossary terms. 

Class Name Glossary Terms 

Algebra 'algebra', 'equation', 'variable', 'coefficient', 'inequality', 'function', 'linear', 'quadratic', 'exponential', 

'logarithmic', 'root', 'radical', 'matrix', 'polynomial', 'absolute value' 

Arithmetic 'arithmetic', 'integer', 'rational', 'irrational', 'addition', 'subtraction', 'multiplication', 'division', 'set', 'sequence', 

'series', 'fraction', 'ratio', 'decimal', 'number' 

Astronomy 'astronomy', 'star', 'sun', 'solar system', 'planet', 'comet', 'asteroid', 'moon', 'big bang', 'Saturn', 'Jupiter', 

'Neptune', 'Venus', 'orbit', 'galaxy' 

Biology 'biology', 'cell', 'reproduction', 'organelle', 'plant', 'animal', 'dna', 'protein', 'osmosis', 'diffusion', 'respiration', 

'metabolism', 'mitosis', 'meiosis', 'photosynthesis' 

Calculus 'calculus', 'integral', 'derivative', 'limit', 'chain rule', 'product rule', 'taylor series', 'converge', 'diverge', 

'continuous', 'riemann sum', 'power series', 'mean value theorem', 'conic section', 'asymptote' 

Chemistry 'chemistry', 'element', 'periodic table', 'chemical reaction', 'entropy', 'molecule', 'acidity', 'chemical bonding', 

'liquid', 'solid', 'gas', 'polymer', 'atom', 'proton', 'neutron' 

Geometry 'geometry', 'area', 'volume', 'circumference', 'perimeter', 'angle', 'vector', 'polygon', 'parallel', 'perpendicular', 

'rotation', 'reflection', 'coordinate', 'tangent', 'secant' 

Physics 'physics', 'force', 'energy', 'motion', 'wave', 'thermodynamics', 'electricity', 'velocity', 'sound', 'gravity', 'light', 

'electron', 'electromagnetism', 'optics', 'photon' 

Statistics 'statistics', 'probability', 'random variable', 'binomial', 'regression', 'least squares', 'mean', 'median', 'mode', 

'stochastic', 'sample', 'distribution', 'variance', 'correlation', 'relative frequency' 
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Measuring Document Similarity: 

In order to determine the content similarity between any pair of text documents [29], we utilized two 

different similarity measurements: normalized compression distance and cosine coefficient similarity. 

 

Normalized Compression Distance (NCD): 

This algorithm is based on the simple idea that when you compress two documents, the resulting 

compressed file will reflect how much similarity the two original documents shared (the more compression that 

is achieved, the more similarity in content the original documents shared. The formulation of this idea in 

mathematical terms is as follows: 

 

 

𝑁𝐶𝐷 =
compressedLen(X + Y) − min(compressedLen(X), compressedLen(Y))

max(compressedLen(X), compressedLen(Y))
 

 

 

Where 𝑋 and 𝑌  are the two documents being compared, 𝑋 + 𝑌 is the result of the two documents being 

appended together and compressedLen(D) is the size of compressed document 𝐷. 

For the calculation of all NCD measurements, the GNU zip application – gzip – was used for file 

compressions. 

 

Cosine Similarity: 

A widely used similarity measurement in the information retrieval community is that of cosine coefficient 

[4]. In a vector space model, for two documents X = (x_1, . . . , x_n) and Y = (y_1, . . . , y_n), the component form 

of their similarity measurement can be expressed as:  

 

S(X, Y) =  
∑ x_i𝑛

i=1 y_i

√∑ x_i2𝑛
i=1 ∑ y_i2𝑛

i=1

 

 

In order to assign a component vector for each document in the corpus so that document X could be 

expressed as X = (x_1, . . . , x_n), we constructed a final glossary consisting of all the terms outlined in table 1. 

The component vector of each document was then represented as the set of glossary terms that appeared in its 

corpus. 

 

Surveyed Algorithms: 

 

In this section, we briefly review some of the algorithms we experimented with in order to find the best and 

most efficient method of classifying online educational resources. 

  

Multidimensional Scaling (MDS): 

Multidimensional scaling, a popular algorithm in information visualization, can provide a visual 

representation of the pattern of similarities (or dissimilarities) among a set of objects. Essentially, a MDS 

algorithm tries to find a linear approximation to the full data space such that the data can be projected into a 

lower dimensionality [18]. When embedding the data into a lower dimensional set of axes, MDS tries to 

maintain the distances (or similarity/dissimilarity measurements) between all pairs of data points. If the data 

space is Euclidean, then MDS is identical to principal components analysis (PCA). 

The input to MDS is a square, symmetrical 1-mode matrix consisting of the similarity measurements 

between all pairs of data points. In our experimentation, we performed classical MDS on both the complete 

NCD and cosine similarity data sets to find a representation of the data in 2-dimensional space. 

 

Affinity Propagation: 

Affinity propagation [5], [6], [7],  [28], [16], [17]  is an unsupervised learning method, similar to other 

unsupervised methods such as K-means and expectation maximization. Affinity propagation takes a similarity 

matrix and a preference 𝑃 as input, where the similarity 𝑠(𝑖, 𝑘) represents the likelihood of data 𝑘  to be the 

center for data 𝑖. The preference 𝑃 is associated with each data point and the data points with largest preference 

values are ultimately chosen as cluster centers by the algorithm. The result of affinity propagation consists of a 

set of clusters and their respective centers. The algorithm itself decides on the number of centers to generate for 

its output.  
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The affinity propagation algorithm is based on random linkages between data points to create a kind of 

random network. Affinity propagation considers all data points as potential cluster centers. Messages between 

all the data points in the network are continuously exchanged until a set of good cluster centers are found. A 

good cluster emerges when the distance between the centers is minimized. The stopping condition for affinity 

propagation is when the cluster center decisions remain unchanged for consecutive iterations, usually 

converging at 10 iterations.  At every iteration, each data point exchanges responsibility and availability 

messages with other data points in the network.  A responsibility message is sent when a data point gives 

responsibility to other data points to become centers. An availability message is sent back from one data point to 

other data points in the network to indicate the degree to which the sender is available to become a new data 

center.  

The sum-product or max-sum algorithm used in belief propagation can be used to approximately maximize 

the k-centers objective function. Computationally, for a network to converge, it requires the exchange of 𝑂(𝑁2) 

messages. Although in affinity propagation, convergence is not always guaranteed, in most cases the algorithm 

will converge and usually the convergence is very fast. 

In our experimentation, the input to the affinity propagation algorithm was the similarity matrix calculated 

based on the cosine similarity measurements between all the documents in the corpus. 

 

Deep Belief Networks: 

A Deep Belief Network (DBN) is a generative model consisting of multiple, stacked levels of neural 

networks that each can efficiently represent non-linearities in training data [25],[19],[20].  In our 

implementation, the building block networks for the DBN were Restricted Boltzmann Machines (RBMs). 

A Boltzmann Machine is a network that consists of a layer of visual neurons and a layer of hidden neurons.  

Usually the neurons are binary stochastic neurons, meaning that they can only be in one of two states, “on” or 

“off”.  The probability of a neuron turning on is a sigmoid function of its bias, weights on connections it has 

with all other neurons in the network, and the states of all other neurons in the network.  A Boltzmann machine 

is defined in terms of energies of configurations of the visible and hidden neurons, where a configuration simply 

defines the state of each neuron.  To simplify for training time complexity, DBNs use the Restricted Boltzmann 

Machine, which only allows connections between a hidden neuron and a visible neuron, and no connections are 

between two visible neurons or between two hidden neurons.  

 In an RBM, the energy is defined as:  

 

Energy(v, h) =  h′Wv +  b′v +  c′h 
 

where (v, h) is the configuration, W is the weight matrix, and b and c are the bias vectors on the visible and 

hidden neurons, respectively.  Training inputs are fed to the network through the visible neurons, and the goal is 

to update the weights and biases so as to minimize the energy of the configuration of the network when the 

training data is used as input.  

To train a stack of RBMs, we iteratively train each layer by first training the lowest layer from the training 

data, then training each next higher layer by treating the activities of the hidden units of the previous layer as the 

input data/visible units for the next higher layer. 

 

 
 

A DBN is usually trained using an unsupervised clustering algorithm, applying the resulting model on test 

data and then labeling each cluster using a supervised algorithm. In our experimentation, we used simple logistic 

regression as the supervised algorithm to classify the clustered data.   
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Evaluation of Surveyed Algorithms: 

Evaluation of Clustering Results: 

In order to compare and evaluate the quality of the clustering results outputed by multidimensional scaling, 

affinity propagation, K-means and K-means++, we used accuracy measurement. Given cluster  𝑗 and class 𝑖 , the 

accuracy is represented by the following equation: 

 

Accuracy  (𝑖, 𝑗) =
𝑛𝑖,𝑗

𝑛𝑗

 

 

Where 𝑛𝑖,𝑗 represents the total number of documents in class 𝑖 that also were clustered in cluster 𝑗 and 𝑛𝑗 is 

the number of documents in cluster 𝑗. Accuracy measure can be seen as a measure of exactness or quality. In 

other words, a high accuracy value means that an algorithm returned substantially more relevant results than 

irrelevant. For example, for a text search on a set of documents  the accuracy measure refers to  the number of 

correct results divided by the number of all returned results. 

For obtaining the complete result, total accuracy is obtained by calculating the weighted sum of the 

maximum accuracy in each class. 

 

𝑇𝑜𝑡𝑎𝑙 Accuracy  = ∑
𝑛𝑖

𝑛
𝑚𝑎𝑥{Accuracy (𝑖, 𝑗)}

𝑖
 

 

Affinity Propagation Clustering On Text Documents: 

In affinity propagation, the number of clusters is influenced by the values of the input preferences. Frey et 

al. [5] proposed preference be set as the median of the similarity matrix. In this work we tested with median 

value, minimum value and maximum value from the input similarities. For our corpus of 459 documents, we 

obtained 50 clusters when preference was set to median, 48 clusters when preference was minimum value and 

456 clusters when preference parameter was set to maximum value of the similarity matrix values. 

The total accuracy obtained for this data set is 0:9794 (or 98%). Table 2 shows the fine granularity of some 

of the clusters proposed by affinity propagation in areas of algebra and biology. Observe that the document Cell 

Structure: Choroplasts in cluster 28 was classified with other topics related to plants instead of being classified 

with other cell structure topics in cluster 21. 

 
Table 2: Sample Cluster Contents from Affinity Propagation Results 

Document Header Cluster ID 

Exponential Functions: Introduction  
Graphing Exponential Functions  

Graphing Logarithmic Functions  

Logarithm Functions 
… 

16 

Logarithmic and Exponential Functions 

Factoring Numbers 
Factoring Quadratics 

Factors and Multiples - First Glance 

Simple Polynomial Factoring 
… 

17 

Cell Structure: Cell Membrane 

Cell Structure: Cell Nucleus 

Cell Structure: Cell Walls 
Cell Structure: Chromosomes 

… 

21 

Cell Structure: Chloroplasts 
Angiosperms: First Plants With Flowers 

Environmental Biology Ecosystems 

Gymnosperms: First Plants With Seeds 
... 

28 

 

Experimental Results: 

Multi-Layer Perceptron (MLP): 

As a validation of our experimental setup, we tested our datasets with Multi-Layer Perceptron and found 

performance results as expected. We used a two layer neural network. 
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Fig. 3: Classification Results Using Multi-Layer Perceptron. (Source: own) 

 

Affinity Propagation and MDS: 

We performed affinity propagation and multidimensional scaling on both the NCD and cosine similarity 

datasets (of input matrix size 459x459). The results are shown below in figure 4, along with a comparison with 

traditional K-means and K-means++ algorithms. 

Affinity propagation performed quite well on the cosine similarity dataset with an accuracy of 98%. The 

algorithm was able to find 50 clusters with the given dataset. As can be seen, NCD dataset performs quite poorly 

with most of the algorithms, though it performs decently with MDS. K-means with random centers and K-

means++ perform a bit poorly even with cosine similarity measurements. To improve the performance of these 

two algorithms, we set k = 50 clusters and used the cluster centers from the results of affinity propagation and 

observed an equal performance. 

 

 
Fig. 4: Clustering Accuracy measure results. (Source: own) 

 

DBNs: 

 

 
Fig. 5: DBN Performance (Source: own) 
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All experiments were performed using binary training vectors, where features are simply a bag of words, 

and a 1 indicates that a word occurred at least once in a document, and a 0 indicates otherwise. The dimension 

of bag is k-top words occurring in the entire corpus. We used k = 2000 for our experiments. We conducted two 

types of experiments with DBNs. First we tested the sensitivity of the dataset with shape of the network linear 

and straight. A straight network is of type 2000-500-500-500 units in the layers and a linear network is of type 

2000-1750-1500-1250. 

We noticed that the results solely depend on the number of units in the topmost layer as shown in figure 5. 

We also tested the DBN with different number of layers. As seen in figure 6, the accuracy starts reducing 

after a certain threshold number of layers. 

 

 
Fig. 6: DBN Performance with varying layers. (Source: own) 

 

CONCLUSIONS: 

At the onset of this project, our objective was to find an efficient method of classifying web based textual 

content that provides high accuracy measure. The methodology used took into account the particularity of online 

educational resources; for instance the specialty domain terms and K12 level. Through our experimentation, we 

have found that affinity propagation (based on cosine similarity measurements and with preference set as the 

median of the similarity matrix) does an excellent job of classifying the documents in our corpus. Moreover, we 

discovered that a limited glossary (as was used to generate our cosine similarity dataset) can be quite sufficient 

in providing a reasonable similarity matrix, whose properties can then exploited by algorithms such as affinity 

propagation to attain good classification.  

While the results of the deep belief network was also very promising, the main downside of DBN is the 

amount of time necessary to train the network before it can produce good results. Whereas affinity propagation 

took 5 minutes to run on our corpus (a relatively small corpus), 1-Layer DBN took 14 minutes, 2-Layer DBN 

took 22 minutes and 3-Layer DBN took 41 minutes, all of them tested on the same computer.  

We learned that NCD alone is not a good indicator of similarity, at least not for our corpus. This may be 

due to the fact that our corpus - as is characteristic of corpuses consisting of frequently visited web resources - is 

composed of documents that are small in size. Due to the nature of NCD, it may perform better on corpuses of 

large documents. Furthermore, similarity measurement based on NCD may be helpful in classifying documents 

if used in conjunction with other similarity measurements. 

 

Future Work: 

Due to time constraints, we were able to test the machine learning algorithms discussed in this paper on 

mainly two types of similarity matrices (based on NCD and cosine coefficient similarity measurement). We 

would like to explore additional ways of measuring the similarity and/or dissimilarity between two text-based 

documents. 

Furthermore, we would like to experiment on bigger corpora to see not only how well affinity propagation 

performs on different corpus sizes but also how amenable it is to new data added to the corpus. We understand 

that in order to truly apply this algorithm to create an online visualization of resources, we must not only 

classify an initial set of documents that essentially lay out the boundaries of an information map but moreover, 

we need to train a supervised learning algorithm on the affinity propagation results so that a new document (or 

data point) can be instantaneously classified without the need to recalculate the complete similarity matrix 

between it and the rest of the corpus. 
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Educational Resource is appropriate to some kind of students, for those who have similar grade and domain 

of knowledge. For this reason, it is important to classify the Educational Resources into groups according to not 

only domain of knowledge as developed in this paper but also by educational grades or levels.  Additionally, 

educational resources contain hypertext and hypermedia content; in consequence, it is strategic to propose a 

methodology that allows classifying another kind of content different from the textual based. 
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