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Resumo 

trabalho em grupo desempenha um papel determinante no processo educativo, visando o 

desenvolvimento de aptidões apenas adquiridas através da interacção social. Os avanços na área da 

descoberta de informação em dados educacionais já permitem prever o desempenho dos estudantes com 

sucesso, mas a precisão dos métodos é profundamente afetada quando é necessário estimar os resultados 

obtidos em trabalhos de grupo. A natureza social do trabalho em grupo no entanto abre uma nova janela de 

oportunidade sobre o problema, uma vez que os algoritmos de análise de redes sociais são 

consideravelmente eficazes. Neste trabalho, propomos modelar o trabalho em grupo como uma rede social, 

e fazer uso do algoritmo PageRank para melhorar a precisão dos classificadores na previsão dos 

resultados de trabalho de grupo. Em particular, apresentam-se dois modelos alternativos, baseados em 

grafos para representar um conjunto de grupos de trabalho e adoptam-se várias variantes do algoritmo 

PageRank para explorar aqueles modelos. Resultados experimentais em dados reais mostram que os 

modelos resultantes satisfazem as principais propriedades estatísticas das redes sociais, e que seja qual 

for o modelo e algoritmo usados, a precisão dos classificadores é significativamente melhorada. De modo a 

demonstrar a aplicabilidade da nossa proposta, são ainda definidas as principais componentes de um 

sistema de recomendação para formação de equipas de estudantes. 

 

Palavras Chave:  Descoberta de informação em dados educacionais, Análise de redes sociais, 

Trabalho em equipa, Previsão de resultados, Sistema de recomendação 
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Abstract 

eamwork plays an important role in education, aiming for developing a set of skills only achievable 

through social interaction. The advances of educational data mining already allow for predicting 

students performance, but the accuracy of those methods is deeply impaired when teamwork results have 

to be estimated. The social nature of teamwork opens a window over the problem, since existing algorithms 

for the analysis of social networks are indeed effective. In this work we propose to model teamwork through 

social networks, and make use of PageRank and its variants to improve the prediction of team results. In 

particular, we describe two different graph-based models to represent the interaction among students and 

explore different algorithms to analyze those models. Experimental results show that the resulting models 

follow the main properties of social networks, and that despite the model and algorithm used, prediction 

accuracy is significantly improved. In order to demonstrate the applicability of our proposal, we additionally 

define the main components of a recommender system for suggesting teams. 

 

Keywords:  Educational data mining, Social network analysis, Teamwork, Prediction, Recommender 

systems 
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Chapter 1 

Introduction 

he learning process encompasses a set of well-studied steps that combine both individual and 

teamwork, aiming for enlarging the diversity of learning tools and skills for students. Undeniably, the 

understanding of these mechanisms has been mostly addressed in the area of psychology, where teamwork 

has deserved a considerable attention. Among the different kinds of team working, collaboration and 

cooperation are of particular interest, due to their importance in business activity, but recent research has 

shown that truly identifying the benefits of this kind of work is no less relevant ( (Kirschner, Paas, & 

Kirschner, 2011), (Kirschner, Paas, & Kirschner, 2009)). Another issue related to this topic is the impact of 

team choice on academic performance (Seethamraju & Borman, 2009), with studies suggesting that the 

skills and knowledge of individual members, along with the potential social cohesion and task management 

ability, are the keys to improve results. 

Predicting students’ results and student modeling have been the fundamental goals of educational data 

mining (Baker, Barnes, & J., 2008), from its genesis. Actually, these two issues are deeply connected, and 

improving one of them almost directly implies improving the second one. 

The literature on both topics is vast, and the results are admirable ( (Romero C. , Ventura, Espejo, & C., 

2008), (Baker & Carvalho, 2008), (Antunes C. , 2008a), (Barracosa & Antunes, 2011), (Beck, 2007), 

(Dekker, 2009), (Merceron & Yacef, 2008), (Ogor, 2007)). Nevertheless, there are some evidences on the 

difficulty of predicting or modeling students when teamwork is present (Antunes C. , 2010). Actually, this 

issue was rarely addressed in the data mining literature, relying almost completely on studies in the area of 

psychology. However, the development of methods for social networks analysis brings a new insight into the 

exploration of the social relations, revealing to be a powerful tool to model those relations. 

The concept of social networks, typically seen as interactions between individuals, has become 

extremely popular in the last decade due to its huge application in the online domain. Although the structure 

of such social networks can be represented in terms of a graph, they often enclose large amounts of 

information in terms of the linkage between individuals and content shared among them (Aggarwal, 2011). 

Ranking algorithms have already been applied to other domains (Agirre, 2009), (Helou, Salzmann, & Gillet, 

T 
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2010), but were first applyed in predicting student’s performance by us (see (Crespo & Antunes, 2012) and 

(Obsivac, Popelinsky, Bayer, Geryk, & Bydzovska, 2012). 

In this work, we argue that teamwork may be represented as a social network, and that ranking 

algorithms can be used to discriminate among students, with respect to teamwork results, which in turn 

improves the accuracy of the classification methods used for predicting students’ results.  

In order to support our argument we propose to represent teamwork through two different graph-based 

models, and show that these models satisfy the most important properties of social networks when applied 

to a set of students in a real context. Additionally, we explore PageRank (Brin & Page, 1998) and two 

variants to assess how do these methods contribute to identify a score per each student, determining his 

value from the team point of view. The usefulness of this new score is assessed through the comparison of 

the accuracy of classification methods trained with and without these new scores. 

In addition, we define a simple recommendation system for suggesting team members when required 

by a student. The system makes use of the models described above and ranking algorithms to assign a 

score to each student, contributing for profiling students. Moreover, it makes use of those scores along with 

other available data to train classifiers for classifying the teams’ grades, in order to select the best one to 

recommend. In particular, it uses decision trees for modeling team results, but any other classifier may be 

used.  

The rest of this document is organized as follows: next, we overview the latest research developments 

on educational data mining with respect to the use of social network analysis and recommender systems, 

giving particular attention to the prediction of teamwork results. In chapter 3, we described the proposed 

methodology, proposing the graph-based models to represent teamwork and explaining how ranking 

algorithms may be used. In chapter 4, we propose the recommender system, describing its main 

components relating them with the previous proposals.  Chapter 5 demonstrates the applicability of our 

proposal. In particular, we present a case study, where we perform a deep analysis of both models, first 

through a statistical point of view, to demonstrate that teamwork usually satisfy the main properties of social 

networks; and second, by applying ranking algorithms to identify the score for each student that may 

improve the prediction step. The case study proceeds with the analysis of the different accuracies achieved 

with and without those scores. The document concludes with a summary of the results achieved, along with 

a critical analysis and some guidelines for future work. 
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Chapter 2 

Educational Data Mining and Social Networks 

ducational data mining process converts data coming from different educational systems, such as 

traditional classrooms, e-learning and intelligent tutoring systems into information that may be useful 

for researchers, professors, institutions and students on understanding and evaluating educational 

systems, aiming for improving the quality of the educational process. For that matter, the educational data 

mining process aims for developing and applying computational approaches such as data mining, web 

mining, psychometrics and statistical techniques, for allowing the automatic information extraction from huge 

amounts of data. 

Romero and Ventura (Romero & Ventura, 2010) have published an extensive review on the state of the 

art of the educational data mining work, referencing over three hundred research papers, classified in 

eleven categories according to the educational tasks and types of data used, as follows: 

1. Analysis and Visualization of Data – for highlighting useful information and support decision making 

for educators and course administrators using statistical and visualization techniques. 

2. Providing Feedback for Supporting Instructors – for providing feedback based on new hidden 

information aiding the decision making process. 

3. Recommendations for Students – for making recommendations respecting personalized activities, 

tasks or problems to be done. 

4. Predicting Student’s Performance – for estimating the unknown value of a variable describing a 

student. 

5. Student Modeling – for developing cognitive models of students including their skills and declarative 

knowledge. 

6. Detecting Undesirable Student Behaviors – for detecting students with some type of problem or 

unusual behavior such as cheating, low motivation, or academic failure. 

7. Grouping Students – for creating groups of students according to customized features or personal 

characteristics. 

8. Social Network Analysis – for studying relationships between individuals. 

E 
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9. Developing Concept Maps – for aiding educators in the automatic process of constructing maps of 

relationships between concepts. 

10. Constructing Courseware – for helping instructors in the automatic construction of a course. 

11. Planning and Scheduling – for enhancing the traditional educational process by planning future 

courses, resource allocation, curriculum and counseling processes. 

For the scope of this work we will focus on categories four and eight (prediction of student’s 

performance and social network analysis), highlighting some of the most recent work on each category. 

Meanwhile, we emphasize the connection between social network analysis and recommender systems in 

the area of education. Note that grouping category is not addressed in our review, since it englobes a set of 

approaches mostly for categorizing students, either through clustering and classification approaches. 

Indeed, none of the work described in this category aims for creating teams, and so has a limited 

contribution to our work. 

Before proceeding, we present a brief description of the main concepts in social network analysis and 

the main algorithms used in our work. 

2.1 Basic concepts on Social Networks 

A social network is defined as a network of interactions or relationships, where the nodes consist of actors 

and the edges consist of the relationships or interactions between these actors (Aggarwal, 2011). A social 

network can be represented in terms of a graph G = (V, E) defined as a set of vertices (or nodes) V and 

edges E (Gross & Yellen, 2004). For the rest of the paper we will use the term nodes and vertices 

interchangeably. 

Graphs can be unweighted if all the edges have the same value of importance or graphs can be 

weighted if there are multiple edges between two nodes (e.g. repeated phone calls), or a graph carries a 

value inherent to the transition (e.g. monetary amounts).  

Graphs can be undirected if the edges do not imply a sense of direction (e.g. a friendship is a mutual 

interaction) or graphs can be directed if a sense of direction is implied (e.g. one person makes a phone call 

to another). If the graph is undirected, the number of nodes adjacent to a node i is called the degree of node 

i and is represented by d(i). On the other hand, if the graph is directed, the in-degree of the node i 

represents the number of inbound connections and is denoted by din(i) while the number of outbound 

connections is denoted by dout(i), and is called the out-degree. 

Graphs may be unipartite if all the nodes belong to the same class, or multipartite if there are multiple 

classes of nodes. In multipartite graphs edges can only be drawn between nodes of different classes 

(McGlohon, 2011). 

Social networks are usually rich in data, providing large sources of information for knowledge discovery 

and data mining techniques. There are two kinds of primary data in the context of social networks 

(Aggarwal, 2011): 
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 Structural component: provides information about the linkage behavior of the network. Structural 

analysis techniques can be used to determine important nodes, communities, and evolving regions 

of the network. 

 Content-based component: contains other kinds of non-linkage data such as profile attributes, text, 

multimedia information or user-tags.  

Combining content-based analysis with structural analysis often allows achieving more effective results. 

Social networks can also be analyzed separately according to their evolution over time. A static analysis 

assumes that the social network changes very slowly over time allowing us to perform an analysis over 

particular snapshots. In opposition, a dynamic analysis takes into account the temporal aspect of a social 

network, considering that it is continuously evolving over time, making the analysis much more challenging 

(Aggarwal, 2011). 

In this work we will keep to static analysis techniques of social networks mostly based on the structural 

analysis such as statistical analysis and ranking techniques. We will later on use the content-based 

component in order to influence the results obtained through purely based structural analysis techniques. 

2.1.1 Statistical Analysis 

Statistical analysis focuses on examining important statistical properties on typical social networks, usually 

resulting in a set of structural properties. Recent work in statistical analysis (McGlohon, 2011) (Leskovec, 

Kleinberg, & Faloutsos, 2005) describes two main classes of properties: static properties describing the 

structure of the graph at a fixed point in time, and dynamic properties describing how the structure evolves 

over time. As mentioned above, we will keep to the static properties. 

The first main property concerns the diameter of the graph defined as the maximum shortest-path 

distance between any reachable pair of nodes (i.e. the minimum number of hops that takes to travel the 

graph from a given end to another one). In real-world graphs, where temporal or spatial proximity can be 

overlooked, the distance of a graph tends to follow a well-known pattern referred as small world 

phenomenon or six degrees of separation. According to this theory, first introduced by Milgram (Milgram, 

1967), each pair of actors in the planet is separated at most by six degrees of separation, and was later 

experimentally confirmed in the MSN instant messaging network (Leskovec J. , 2008). 

To prevent the high probability that particular cases of long chains will dispel the graph diameter from 

the actual pattern in the rest of the graph, the effective diameter containing a fraction of all connected node 

pairs (usually 90%) is the metric often used. 

The second main static property described, called the Heavy-tailed Degree Distribution, concerns the 

degree distribution of each node (i.e. the number of edges present on each node) and stipulates that the 

distribution obeys a power law of the form  ( )        with      and  ( ) representing the fraction of 

nodes with a degree of d. 
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2.1.2 Ranking Algorithms 

Ranking algorithms are one of the foundation stones for the social networks’ structural analysis. Link 

prediction, spam detection and collaborative filtering are examples of techniques that rely on ranking 

algorithms. Ranking a graph is actually establishing a measure of similarity between the nodes. Fall under 

this category, algorithms such as PageRank (Brin & Page, 1998), Personalized PageRank (Liben-Nowel & 

Kleinberg, 2003), HITS (Kleinberg, 1999) and SALSA (Lempel & Moran, 2001). 

The PageRank algorithm developed by Larry Page and Sergey Brin in 1998 is known worldwide as a 

tool for ranking web-pages in order of their importance. It is the same algorithm used by the Google internet 

search engine in order to prioritize their search results. PageRank is based on the principle of random walks 

on unipartite directed and unweighted graphs, meaning that information is diffused from one node to another 

(Moore, 2011).  

Given a graph G = (V, E) where N is the total number of nodes, if an edge exists from a node j to a 

node i then the node j is diffusing information to node i in terms of importance. 

The amount of importance transferred from node j to node i depends on the importance of node j and 

the number of nodes inheriting the transfer while following a random surfer model. Using a random surfer 

model means that the walks between nodes have an equal probability distribution and therefore the amount 

of importance inherited from a node to its neighbors is made in equal portions. The PageRank formula can 

be found in Equation 1 

  ( )    ∑
  ( )

     ( )
  (   )  

     

( ) 

Equation 1 – PageRank formula. 

where d is a scalar called the damping factor and can take values between 0 and 1, although it usually takes 

values between [0.85; 0.95]; it is said to play a very important role in the outcome of the final result. Dout(j) 

represents the out-degree of node j used to equally distribute the importance of node j through all its 

outbound edges. The last component v(i) is part of a personalization vector that can be used to influence the 

ranking of a given node to better or worse. 

In the traditional implementation of PageRank, that we will refer as traditional PageRank, the calculation 

of v(i) representing the initial value of importance of a node is the same for all nodes in a graph, according to 

Equation 2 

 ( )   
 

 
  

Equation 2 – Formula for determining v in PageRank. 

The division by the total number of nodes N ensures the stochastic property of the vector v resulting 

from all the nodes, as represented in Equation 3. 
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∑ ( )   
 

 

Equation 3 – Stochastic property of vector v. 

The result of applying the traditional PageRank algorithm to a given graph is however a pure structure-

based analysis. In order to improve the overall analysis of the graph, adaptations such as the Personalized 

PageRank have appeared, allowing the inclusion of some content-based analysis into the process of 

ranking. A deeper analysis of the PageRank algorithm can be found in (Langvile, 2003). 

The Personalized PageRank adaptation (Liben-Nowel & Kleinberg, 2003) is similar to the traditional 

PageRank, differing only in the calculation of v(i) forming a personalization vector, allowing differentiating 

the initial value of importance of each node of the graph and thus influencing the ranking calculation.  

When using the PageRank algorithm the total value of the network will be equal to the sum of each 

member in the personalization vector. Therefore, if we wish to interpret the ranking values as a probabilistic 

distribution, the personalization vector should sum to one, ensuring the stochastic property represented in 

Equation 3 and guaranteeing that the sum of all PageRanks will also be equal to one.  

Another adaptation of the PageRank algorithm, known as Focused PageRank (Krapivin & Marchese, 

2008) redefines the random surfer model used by the traditional PageRank. According to this model, the 

probability from which a websurfer can travel from a node to another is the same for every outbound edge, 

meaning that a node will transfer importance to his neighbours in an equal fashion. Focused PageRank 

takes advantage of weighted graphs to determine which path is more preferable for each node to follow, 

accounting for the cases where some edges on a node do not have the same value of importance as every 

other edge and therefore allowing for the diffusion of information to be made selectively according to 

personalized transition probabilities between nodes. If a node has neighbor preferences in terms of their 

linkage, then Focused PageRank allows for the information to be inherited in different portions, according to 

Equation 4. 

  ( )    ∑   ( )  ( | )   (   )  
     

( ) 

Equation 4 – Formula for Focused PageRank. 

where the only difference from the previous PageRank formula is S(j|i) that represents the probability of 

node j following the edge to node i and can be calculated through the weight of the edge connecting the 

node j to node i denoted by W(ji) and according to Equation 5. 

 ( | )  
 (  )

     ( )
 

Equation 5 – Formula for the S(j|i) probability. 

Despite the differences on the diffusion of information, Focused PageRank’s personalization vector v(i) 

can be calculated both as in the traditional PageRank algorithm Equation 2 or in as the Personalized 

PageRank adaptation. The factors that determine the network value remain the same and will equal to one if 

the personalization vector follows the stochastic property. 

Closely related to the PageRank algorithm and the described adaptations, a similar notion of ranking 
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nodes in a graph can be found in the Heat Kernel PageRank. The Heat Kernel PageRank algorithm is an 

evolution based on PageRank that also uses random walks in a graph although having the benefit of 

satisfying the heat equation that describes the diffusion of heat in a given region over time. In graph theory 

the matrix W usually denotes the transition probabilities between the nodes in a graph, where each entry 

contains the weights from each transition between nodes j to i, normalized by outbound degree of node j as 

in Equation 5. If we define matrix L as L = I – W, where I is the identity matrix, the solution to the heat 

equation can be given by Equation 6. 

     ∑
(  ) 

  

 

   

          

Equation 6 – Formula for Heat Kernel as PageRank of a graph. 

Similarly to PageRank, the Heat Kernel PageRank involves a parameter t called the thermal 

conductivity which acts the same way as the damping factor by controlling the rate of the information diffusal 

through the nodes, and a personalization vector v. Seeing that matrix exponentials may be hard to solve, 

Heat Kernel PageRank approximations have been proposed. For our work we have used the additive 

approximation of Yang and King (Yang & King, 2007) as presented in Equation 7, where N can be seen as a 

number of iterations and is usually chosen prior to running the algorithm and the result P is the vector of 

obtained ranks. Even with smaller values of N, it is possible to obtain satisfactory approximations to the 

Heat Kernel PageRank. The Heat Kernel PageRank can be used similarly to any PageRank adaptation 

presented above. It can be used without a personalization vector such as in the traditional PageRank or 

alternatively with differentiable initial node information such as in Personalized PageRank. It can also be 

used to contemplate different weights in the edges of a graph when constructing the transition probabilities 

matrix W. 

       (   
  

 
 )  

Equation 7 – Formula for Heat Kernel PageRank Approximation. 

2.2 Predicting Student’s Performance 

Predicting student’s performance focuses on predicting the unknown value for knowledge, scores or marks 

and is one of the Educational Data Mining’s oldest research categories dating back to 1993. This is also one 

of the most popular applications for data mining models and techniques in education such as neural 

networks, Bayesian networks, rule-based systems, regression, correlation analysis and more. 

Zaidah Ibrahim and Daliela Rusli (Ibrahim & Rusli, 2007) have developed predictive models for 

estimating the final cumulative grade point average (CGPA) of students upon graduation using decision 

trees, artificial neural networks and linear regression, providing a comparison between the obtained results. 

The authors used students’ demographic profile, namely the previous school, programming knowledge, 

family financial status, and the CGPA obtained on the first semester of undergraduate studies of 206 

students as the variables for the student data. The predictive models were evaluated based on the square 

root average squared error (RASE) for validating the data set, where the smallest RASE was obtained by 
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the artificial neural network model followed by the decision tree and lastly by the linear regression. 

C. Márquez-Vera et al. (Márquez-Vera, C., & S., 2011) proposed to classify final students’ performance 

in two possible values: PASS or FAIL. The paper used data from 670 middle-school students containing 

personal and family information, socioeconomics study carried out by a national evaluation center and the 

final scores obtained in different courses in the end of a semester. Experiments were then made using ten 

classification algorithms available in Weka (Hall, Frank, Holmes, Pfahringer, Reutemann, & Witten, 2009). 

The algorithms were evaluated using a 10 fold cross validation methodology on the overall accuracy, true 

positive rate, true negative rate and geometric mean. Ranking the attributes by the number of times they 

were used by the classification algorithms allowed a reduction from 77 attributes to the 15 best without 

accuracy losses. 

A different study from Romero et al. (Romero C. , Ventura, Espejo, & C., 2008) presents a comparison 

between different data mining techniques for classifying students based on usage data in a web-based 

course and the final marks obtained. The classification methods compared ranged from statistical 

classification, decision trees, rule induction, fuzzy rule induction and neural networks. The authors used 

three sets of 10-fold data files: numerical data, categorical data and rebalanced numerical data by 

oversampling instances belonging to minority classes. The best results were obtained using decision trees 

as the predictive model. This work additionally presents an easy to use Moodle integrated data mining tool 

oriented for use by online instructors facilitating the execution of data mining techniques. 

Another similar study from Emmanuel N. Ogor (Ogor, 2007) compares artificial neural networks and 

decision trees prediction models on predicting student’s grade point average while providing a graphical 

monitoring and reporting tool. The author further used data containing student profiling attributes and grades 

obtained during two consecutive academic years reflecting five different courses to understand how groups 

and non-performance attributes affect performance. For that matter the author divided the data sample into 

six selective clusters according to demographics attributes and derived several induction rules. Clusters 

containing foreign students showed significantly better results than clusters containing local students. 

Minaei-Bidgoli et al. (Minaei-Bidgoli, Kashy, Kortemeyer, & Punch, 2003) proposed to improve the 

classification performance on predicting a student’s final grade through the combination of multiple 

classifiers and then further improve the classification performance by learning an appropriate weighting of 

the data features via a Genetic Algorithm (GA). The author presents two methods for the combination of 

multiple classifiers (CMC): offline CMC being the simplest and less effective method consists in finding the 

overall error rate of several individual classifiers and choosing the one with the lowest overall error; and 

online CMC which interprets every individual classifier’s prediction as a vote on a specific class. The class 

getting the highest number of votes will then be the one used as the final predicted result. For achieving 

better performance the authors established that the winning class should have a minimum of 75% of the 

votes. 

In each iteration of cross validation, the error rate measured using the CMC is then used as a fitness 

function in the simple genetic algorithm to maximize the performance while minimizing the error rate. 

Results showed a minimum of 10% performance increase. 
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The work from Ron Stevens et al. (Stevens, Soller, Giordani, Gerosa, Cooper, & Cox, 2005) differs from 

the ones presented above by focusing on modeling team effectiveness and estimating the team problem 

solving ability of chemistry students. The authors developed a synchronous and symmetrical collaborative 

extension to the online IMMEX problem-solving environment, simulating a face-to-face collaboration episode 

that recorded input actions while students solved a series of problem simulations. The information recorded 

about each selected student/team was then fed to an artificial neural network (ANN) in order to predict 

which one of five possible strategies was being used to solve the proposed problems. On their own, the 

ANN models present point-in-time snapshots of students’ problem solving ability. In order to analyze the 

strategic learning trajectories, each strategy was then mapped into a Hidden Markov Model (HMM) state 

containing an associated probability of correctly solving the problem, while taking several ANN snapshots 

provided transitions between HMM states associated with a probability of making each transition, 

representing changes in the strategies used. Results showed that once students transitioned to the most 

effective strategies, they would most likely not change back. The authors then combined the probabilistic 

information contained in the HMM together with information about the prior performance of the team and 

statistics on the amount of communication between team members in a Bayesian network in order to 

determine the team quality and deciding if it should remain unchanged or not. 

2.3 Social Networks and Recommender Systems on Education 

Social network analysis is one of the newest research categories on educational data mining that perhaps 

emerged by the influence of recent trends on online social networks, leading to educational paradigm shifts 

towards more engaging and collaborative online learning communities (Ghosh, Rude-Parkins, & Kerrick, 

2012) creating Personalized Learning Networks (PLNs) (Shepard, 2012). Social network analysis aims to 

study patterns of relationships between social individuals who in the educational context are students, 

teachers, researchers or organizations typically through a structural analysis, reflecting the network 

disproved of individual attributes or properties.  

There are times when the fields of social networks analysis and recommender systems are tied 

together such as the case when social network techniques end up being used in the purposes of a 

recommending system.  

The most paradigmatic use of recommender system in education is in the area of technology enhanced 

learning (TEL). In this context, the goal is to provide the set of most relevant learning resources to a 

particular learner, from a usually huge amount of existing resources. Recent overviews (Manouselis, 

Drachsler, Vuorikari, Hummel, & Koper, 2011) about the maturity of this field have shown that there are 

several recommender systems proposed, most of them based on information retrieval techniques. 

An interesting situation, where the two fields are tied together, is in the usage of Personalized Learning 

Networks (PLN). These networks are derived from a social network by containing a collection of both social 

network actors and learning activities or resources (Drachsler, Hummel, & Koper, 2008). Drachsler et al. 

argue that there was a need for recommender systems (RSs) in PLNs, in order to assure the efficient use of 
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the resources available for lifelong learners in e-learning environments. 

According to the authors, recommendation systems techniques can be classified as model-based and 

memory-based. Model-based techniques periodically analyze data using traditional data-mining prediction 

modeling techniques such as Bayesian models or neural networks and rely on a large corpus of learning 

activity data. Memory-based techniques continuously analyze user or item data and can be further divided 

into collaboration filtering techniques, content-based techniques and hybrid techniques.  

Collaboration filtering techniques (or social based approaches) can then be user-based, by ranking and 

correlating similar users and recommending new items based on their preferences; or they can be item-

based, by ranking and correlating similar items and recommending new items similar to the ones preferred 

by users. One of the main issues of collaboration filtering techniques is the dependence on sufficient past 

user behavior in order to get accurate recommendations known as the ‘cold start problem’. Combining these 

techniques with user demographic information can help to prevent this problem by allowing correlating users 

based on the provided demographic attributes. 

Content-based techniques use information about individual users or items disregarding the presence of 

other users. These techniques can also be divided into case-based reasoning and attribute-based 

techniques. Case-based reasoning takes item attributes into account and correlates the items a user has 

liked with other items based on their individual attributes; it then recommends to the user new similar items. 

Attribute-based techniques take both user and item attributes into account. If an item’s attributes are 

correlated with the user’s attributes, then this item is recommended to the user. Content-based techniques 

do not suffer from the ‘cold start problem’ but might instead suffer from overspecialization. 

Among existing recommender systems for education, the work presented by Chen et al. (Chen, Hong, 

& Chang, 2008) is of particular interest to our work. It proposed a purely social RS where instead of 

recommending a learning activity or resource typical of PLNs they recommended appropriate learning 

partners as in a classical social network. In the chosen social network representation, any student s could 

have three kinds of social interactions: ‘out-degree interactions’ if these were initiated from by student s, ‘in-

degree interactions’ if some other student initiated the interaction with student s, or ‘linked interactions’ if the 

interactions were bidirectional. The resulting social network was then modeled as a unipartite unweighted 

directed graph where students were represented by nodes and interactions by directed vertices between the 

nodes. Interactive records stored in a learning record database were then used to populate the social 

network representation. For mining the social network, the authors proposed five social measures for each 

node: 

 In-degree/Out-degree – These two measures denoting the number of inbound and outbound 

connections could be used to classify the nodes as Hubs (with high in-degree and high out-degree), 

as Sources (with low in-degree and high out-degree), as Sinks (with high in-degree and low out-

degree), or as Islands (with low in-degree and low out-degree). 

 Linked interaction value – denoting the number of linked interactions on a given node. 

 Interactive Score – a weight score of the linked interactive value according to predefined intervals. 

The Interactive Score would be equal to one for the quarter of nodes that obtained the lowest Linked 
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interaction values (lowest 25%); equal to two for nodes between the lowest 25% and 50%; equal to 

three for nodes between the lowest 50% and 75%; and finally equal to four for nodes in the top 25%. 

 Social Score – represents a social ranking metric with the position of a learner in the cooperative 

environment calculated by the sum of each linked interaction weighted by the neighbor’s Interactive 

Score, according to Equation 8, 

   ∑(              )

 

   

 

Equation 8 – Neighbor’s interactive score. 

where    is the social score of the nth node,            is equal to one if there is a bidirectional 

interaction between the nth learner and the mth learner and zero otherwise; and    is the Interactive Score 

of node m, with t being the total number of nodes excluding node m. 

After calculating the Social score for each one of the learners, the Recommendation score for grouping 

each pair of learners can be determined according to Equation 9, 
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Equation 9 – Recommendation score. 

where      represents the recommendation score between learners m and n,    is the social score of 

learner m,      is the maximal social score amongst all learners,    (   ) is the linked interaction value 

between learners n and m,    (   ) is the maximal linked interaction score between the learners who 

interacted with learner n, and w is an adjustable damping factor. 

Experimental results showed that the recommendation score is more likely to favor both learners with 

high social score, and learners who have already worked together, seeing that they are familiar to each 

other. 

2.4 Open Issues 

Although social network analysis represents one of the newest research categories on educational data 

mining, the problems it proposes to solve are not exactly new. As a title of example, the RSs described 

above propose to solve the same problems as the categories “Recommendations for Students” and 

“Grouping Students”. However, the techniques used to solve these problems are quite different, bringing the 

dimension of the structural analysis into the picture. Bringing the social network analysis into some of the 

older areas such as “Analysis and Visualization of Data” or “Predicting Student’s Performance” would most 

likely allow for improvements in the state of the art. 

To our knowledge there is no proposal for recommending members to join a team. A different problem 

as been addressed with some success: to make recommendations for groups of people (Masthoff, 2011). 

Despite, it has a completely different goal, it may be interesting to use some of their approaches to improve 

the prediction of team results, since they try to model groups through the combination of individual models. 
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Chapter 3 

Teamwork as Social Networks 

n this work we argue that it is possible to represent students’ teamwork as a social network and that the 

usage of this network can improve the prediction of students’ team grades and help for achieving a better 

understanding of the impact each student has on the obtained grade. 

A social interaction is typically seen as a relationship between two or more individuals. When two or 

more individuals are engaged in mutual interaction, sharing common interests, goals and have accepted a 

division of labor, then they form a social group. In those terms, teamwork can be defined as social group 

where students are involved in social interactions with each other, share interests resulting from the terms of 

classes, and have the common goal of completing a project or assignment where labor can ideally be 

equally divided among all participants. 

For obtaining an academic degree, students will often perform several team works, involving different 

members due to either the dispersal of common interests motivating students into taking different subjects, 

temporal distance when enrolling in the same subject, unpleasant experiences in former previous groups 

(such as failure) or simply by choice. The result is a set of entangled social relationships among several 

students that complies with the definition of a social network presented above. Students can be seen as 

actors in a social network and be represented by nodes in terms of a graph. The social interactions between 

the students can then be represented by edges establishing a connection between the students’ nodes. 

Stating who are the actors represented by nodes and establishing the way these nodes interconnect 

with each other, through the means of social interactions, inherent to social groups, only addresses the 

structural component of a social network. However, it can also encompass a considerable amount of other 

data, as some quantification for each node or relation (Aggarwal, 2011). 

During the execution of an academic program, and upon completion, students’ performance is 

individually quantified by the average of their final grades, summarizing the overall path taken by the 

students through several subjects. The final grade is then usually present in the students’ diploma and 

curriculum vitae. However there are often other popular metrics commonly used before graduation that can 

effectively quantify different aspects of a student. In fact, when a student enrolls in a given course and 

I 
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agrees to participate in a social group for the completion of a given assignment, three types of grades are 

usually achieved from having attended the classes: the final grade, the group grade and the individual grade 

(i.e. resulting from the classification in the exams). Taking these metrics into account allows for the 

achievement of a finer-grained description of the students’ path through the course. In order to provide an 

easier interpretation for a set of courses, these metrics can also be summarized through the computation of 

their average and standard deviation.  

The combination of the structural component with the student grades’ data results in a social network 

with richer content, where each student is described not only by the social interactions resulting from 

participations in social groups, but also by the grades obtained in each course, quantifying their 

performance in each aspect, through the standard evaluation mechanisms.  

In this work we argue that teamwork may be represented as a social network, and that ranking 

algorithms can be used to discriminate among students, with respect to teamwork results, which in turn 

improves the accuracy of the classification methods used for predicting students’ results. 

In order to demonstrate our claim, we propose to model student interactions on teamwork as a social 

network containing both structural and content-based components, which may be analyzed through social 

network ranking techniques, in order to find a score to discriminate team members. Both student data and 

derived social scores will then serve as sources to the classification process for predicting teamwork results. 

Figure 1 overviews this methodology, and each step is detailed in the next sections. 

3.1 Social Network Representations 

As previously described, a social network is defined as a network of interactions or relationships between 

actors, and can be represented in terms of a graph G = (V, E) defined as a set of vertices or nodes V and 

edges E (Gross & Yellen, 2004). 

Teamwork is a particular case of a social interaction, since in this context students establish a mutual 

relationship, sharing common goals and tasks. Teamwork plays an important role in the personal 

development, and is almost present in every educational program. In particular, students enroll in a variety 

of teams along their studies, either because the team does not perform well or just due to different academic 

pairs followed by team members, resulting in a set of entangled social relationships among several 

students, as said before. From this reality, it is natural to accept that teamwork in general can be modelled 

as a social network, where students are the main actors, represented as nodes in the graph, and relations 

 

Figure 1 – Methodology overview. 
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among them are represented through its edges. 

Despite the structure inherent to the graph that represents the network, it is usual to associate 

additional data to it, in particular to each node. This data, usually known as content-based component, 

contains other kinds of non-linkage data such as profile attributes, text, multimedia information or user-tags. 

From the prediction point of view, all data that is available and may help to improve accuracy should be 

used. In this manner, data such as students’ average grade and corresponding standard deviation, or the 

number of failures can be used for that purpose. More informed data, such as the grades obtained by each 

team or individually, should also be of great importance but are not usually available, neither for training nor 

for prediction. Indeed, it is not expected that the students remember all of their team results, individual 

grades per subject, and other detailed data. 

Moreover, in data mining is usual to accept that the more informed the data is, the better the prediction 

accuracy. In this manner, it is expected that a richer content-based component in the social network should 

improve the prediction of team results. 

Having established the connection between teamwork and the concept of social networks, we propose 

two different models for representing it. These models combine both structural and content-based 

components, and result from the exploration of some properties of graphs, allowing for representing different 

aspects of students behavior. 

3.1.1 Unipartite graph of students 

Our first model mostly follows the interpretation of the general social network definition as described above 

where students are represented by nodes and the social interactions by edges in a graph G = (V, E). Since 

the model will be based on a single type of nodes, the graph will be unipartite. However, some additional 

remarks are needed. Seeing that social interactions within teams are mutual between all members, our 

model will be based on an undirected graph. We also propose two variations for unipartite graph based 

models: the first one using an unweighted graph, and the second one based on weighted graphs. While the 

first one can be directly mined through the best-known link analysis algorithms, PageRank (Brin & Page, 

1998), the second one allows for representing several works performed by the same team. 
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Figure 2 illustrates the first model, combining both structural and content-based components (Table 1). 

Six students interacting among them compose the example: students 1, 2 and 3 form a team connected by 

social interactions represented by a dashed line; students 3, 4 and 5 form a second team identified by full 

line social interactions; students 4, 5 and 6 form a third team denoted by dotted social interactions. Note that 

there are two edges connecting students 4 and 5 (a line and a dotted line) representing two distinct social 

interactions. Following our description above, we may consider two models: the weighted (considering both 

interactions) and the unweighted (compacting the different interactions between a pair of nodes through a 

single edge). 

Table 1 illustrates the content-based component including the attributes discussed before: the students’ 

average grade (obtained in the multiple subjects attended), the average grade obtained on teamwork, and 

the average grade obtained individually in a scale from 0 to 20 and it’s conversion in F to A. Although each 

course might have its own evaluation methodology, for the purposes of this example the final grade consists 

in a weighted sum of individual and team grades, with 60% for the individual component and 40% for the 

team. 

Although the structure proposed is simple, it introduces a problem of loss of information. Firstly, by 

representing teamwork as an unweighted graph, we lose the information on how much work has been done 

between the students, such as the case of students 4 and 5. Secondly, by representing the student grades 

through the mean on their average, we lose the context of where they were obtained such as the team and 

the subject. 

In order to prevent the loss of information on how many times students as interacted, the network 

structure may be represented as a weighted graph, as described above. However, this approach does not 

solve the problem completely, remaining two unsolved issues. First, weighted graphs cannot be explored 

through PageRank, only by some of its variants, Focused PageRank (Krapivin & Marchese, 2008) for 

example. 

Secondly, weighted graphs continue to represent the different interactions through a single connection, 

loosing the context of the different teams involved. It is interesting to note that this model is not able to 

explicit represent teams with more than two members; despite it is able to denote all interactions performed 

 

Figure 2 – Unipartite graph based model: graph of 
students. 

Table 1 – Content-based component: student grades. 

Student 
Final Avg 

Grade 

Team Avg 

Grade 

Individual 

Avg Grade 

1 12 (C) 15 (B) 10 (C) 

2 13 (C) 15 (B) 12 (C) 

3 17 (A) 17 (A) 17 (A) 

4 19 (A) 18 (A) 19 (A) 

5 17 (A) 18 (A) 17 (A) 

6 16 (B) 18 (A) 15 (B) 
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between any pair of students. Any other available data, such as the grade obtained by the team is 

discarded. 

3.1.2 Bipartite graph with students and groups 

Another interesting feature is the overall structure of the graph. As been said, if all the nodes belong to the 

same class the graph is said to be unipartite; if there are multiple classes of nodes the graph is said to be 

multipartite. In multipartite graphs edges can only be drawn between nodes of different types. Bipartite 

graphs are a particular case with two classes of nodes, satisfying a set of particular properties (Gross & 

Yellen, 2004).  

Our second model explores bipartite graphs, where nodes can both represent students and teams. The 

team nodes will serve as interaction mediators between student nodes participating in the same social 

group. Introducing team nodes allows for solving the problem of having multiple interactions between the 

same students (e.g. students 4 and 5 in Figure 2) while keeping the resulting graph as an unweighted 

graph. In this new structure we have two kinds of nodes, being in the presence of a bipartite graph (a 

multipartite graph with two classes of nodes). In this type of graph edges can only be drawn between 

different classes, meaning that students will now only have edges connecting to team nodes. The resulting 

graph will remain unweighted and undirected.  

Figure 3 shows the example before, of a social network composed by six students and their interactions 

of teamwork, but this time modelled by the bipartite graph. In this kind of representation students are directly 

connected to the team nodes and indirectly connected to each other.  

 

 

Figure 3 – Bipartite graph with students and 
teams.  

Table 1 – Content-based component: student 
grades. 

 

Student 

Final Avg 

Grade 

Team 

Avg Grade 

Individual 

Avg Grade 

1 12 (C) 15 (B) 10 (C) 

2 13 (C) 15 (B) 12 (C) 

3 17 (A) 17 (A) 17 (A) 

4 19 (A) 18 (A) 19 (A) 

5 17 (A) 18 (A) 17 (A) 

6 16 (B) 18 (A) 15 (B) 
 

 
Table 2 – Content-based component: team grades. 

Team 

Team 

Grade 

1 15 (B) 

2 18 (A) 

3 18 (A) 
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Introducing the mediator class, team nodes, allows not only for a change in the structure of the social 

network, but also allows the network to contain finer-grained data regarding the students’ classification from 

each interaction. 

Table 2 contains teamwork grades that combined with the data from Table 1 establishes the social 

network content-based component in our second model. This new model is then able to express any context 

information derived from the interactions, such as the team results, or any other interesting data like if there 

were particular difficulties in the interactions. 

3.2 Social Network Analysis 

Most social network ranking techniques are focused solely on the social network’s structural component. 

However not taking the content-based component into account could hinder the performance on the 

obtained results. In this case we explored two different ranking approaches being the first a purely structural 

analysis and the second a somewhat mixed approach between structural and content-based analysis. Both 

the approaches are based on the PageRank algorithm and adaptations described earlier. 

3.2.1 Purely Structural Analysis 

The traditional PageRank algorithm, through the means of diffusing information between nodes, represents 

a purely structural analysis of a graph seeing that it only differentiates nodes from each other through the 

knowledge of what edges are associated with what nodes. The ranking obtained through the PageRank 

algorithm represents the relative importance of each node presenting the main motivations that led us to use 

PageRank as the first method for analyzing the social network. Establishing a quantifiable relation that 

allows identifying the most important students working in group would represent new useful information in 

predicting group and students’ performance. 

In order to comply with PageRank’s requirements some modifications have to be made to the network 

representation structures presented above. The graph to be mined has to be directed. Therefore, each edge 

between any pair of nodes can be transformed into two opposing directed edges (i.e. if node A is connected 

to node B, we can transform the undirected original edge into an edge pointing from node A to node B, and 

another edge pointing from node B to node A). If the edges are already unweighted we can leave them this 

way, otherwise we can ignore the weight. Finally, to prevent the loss of value in the network, nodes that do 

not connect with any other node will have to be connected to every other node with a single directed edge, 

allowing them to diffuse their ranking to the rest of the network, but preventing them from receiving any. 

With all the requirements met, the traditional PageRank algorithm, or alternatively the corresponding Heat 

Kernel PageRank can be directly applied. 

In the context of this work we do not see PageRank as a probabilistic distribution, but as the relative 

value of importance of each node in the graph, and so we do not need to guarantee that the total value of 

the network will be equal to one. 
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Assuming that the social network presented in the previous example is just a small part of a real world 

social network, and therefore may not present the statistical properties often associated with real world 

social networks, we will also use it to exemplify the Social Analysis steps of the methodology.  

Using a purely structural analysis, the personalization vector v containing the initial values of 

importance of each node in the network is populated with the same value for every node as v(i) = 1. This 

value will later be weighted by the damping value chosen when running the PageRank algorithm or the 

thermal conductivity when using the Heat Kernel PageRank. In the following examples we will use the 

commonly used value for the damping factor of 0.85.  Note that we did not guarantee the stochastic property 

of this vector seeing that we do not wish to interpret the ranking obtained as a probability, but instead, as a 

measure of relative importance between nodes. While not following the stochastic property, and by using 

v(i) = 1, the total value of the network would be equal to the number of nodes. In the case of this example 

the total value of the network would be equal to six, and so would the sum of the rankings obtained. Table 3 

shows the results of applying the traditional PageRank algorithm to the unipartite model presented above. 

Table 3 – Structural analysis ranking example. 

 Student 1 Student 2 Student 3 Student 4 Student 5 Student 6 

PR(0.85) 0.7956 0.7956 1.4470 1.0954 1.0954 0.7707 

The results show that student 3 obtained the highest ranking score, followed by a tie between students 

4 and 5, another tie between students 1 and 2, and lastly student 6 who achieved the lowest score. In a 

purely structural analysis the scores of each node mostly depend on the number of neighbours, as being the 

persons a student has worked with, and the ranking importance of each one of these neighbours. This type 

of analysis presents some flaws, seeing that students that are more connected than others in the number of 

neighbours will tend to achieve better results, as is the case of student 3. 

3.2.2 Influenced Structural Analysis 

Through the use of the Personalized PageRank algorithm adaptation it is possible to combine the purely 

structural analysis of the traditional PageRank with content-based data that is usually present in tremendous 

quantity in most online social networks. In Personalized PageRank content-based data is used to setup the 

initial known importance of each node before starting diffusing information through the whole network 

according to the PageRank formula (Equation 1). The resulting structural analysis of a graph is thus 

influenced by the usage of the chosen content-based data. The same unweighted and directed graph 

constraints apply and the same modifications have to be made to the representation structure of the graph 

in order to comply with them. 

In practice the new part consists in no longer using the same value for v(i) when calculating each of the 

students’ rank, but rather by using Personalized PageRank vectors with different content regarding each 

one of the students. This way we are able to use the content-based attributes present in Table 1 as the 

values for the Personalized PageRank vector. 

When using an influenced structural analysis the personalization vector v containing the initial values of 

importance of each node in the network is populated differently for each one of the nodes depending on the 
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chosen content-data attribute. If the chosen content-data attribute is the ‘Final Avg. Grade’ present in Table 

1, the personalization vector would be populated accordingly. Table 4 shows the contents of the 

personalization vector and the results of applying the Personalized PageRank algorithm using usual 

damping factor of 0.85 to the unipartite model presented above. 

Table 4 – Influenced structural analysis ranking example. 

 Student 1 Student 2 Student 3 Student 4 Student 5 Student 6 

v(i) 12 13 17 19 17 16 

PPR(v; 0.85) 11.5352 11.6404 22.5317 17.9971 17.7633 12.5321 

Comparing the results obtained with an influenced structural analysis with the ones obtained from a 

purely structural analysis we can notice that there are no longer ties between students 4 and 5 or students 1 

and 2. Students that were in the same structural circumstances have now been differentiated according to 

their obtained grades. Using content-data as a personalization vector not only allows for solving the problem 

of ties between similar nodes, but it also influences the network in such a way that the ranking scores can 

completely change. Student 6 raised two ranking positions and is now above students 1 and 2 simply due to 

the fact that he achieved better scores, even though he was in a less favorable structural position in the 

network. However, student 3 still obtained the highest-ranking score even though he performed as well as 

student 5, and worse than student 4. This particular problem is due to the problem of loss of information for 

work done between students in the unipartite representation model when imposing PageRank’s unweighted 

graph restriction and will be addressed next. 

3.2.3 Weighted Analysis 

With a weighted analysis our goal is to overcome the unweighted graph restriction imposed on the 

representation structure by both traditional and personalized PageRank algorithms. Our major problem 

regarding this issue was that we were not able to account for the amount of work that has been done 

between each one of the individuals in the previous algorithms when mining the unipartite representation 

model. Students that have worked multiple times together were being treated the same way as those who 

had only worked together once and therefore were being penalized on their ranks. When exploring the 

bipartite model, the amount of work done between students is already captured in the network structure 

when using either the traditional PageRank or the Personalized PageRank algorithms and therefore this 

problem does not apply. 

On the unipartite representation model, this problem can be solved by using weighted edges, where the 

Focused PageRank algorithm adaptation or the corresponding Heat Kernel PageRank may apply. These 

algorithms no longer require the unweighted graph restriction, and instead use the weight values for the 

edges on the calculation of the node’s rankings. The Focused PageRank adaptation can be used without 

differentiated content-data attributes as in a purely structural analysis (with v(i) = 1 for every node) that we 

will refer to as Focused PageRank. Alternatively, it can also be used with differentiated content-data 

attributes for each student as in an influenced structural analysis (using a personalized vector v) that we will 

refer to as Focused Personalized PageRank. The Heat Rank Kernel can also be used the same ways as the 
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Focused PageRank. 

Table 5 shows the results of applying the Focused PageRank (FPR) without personalized content-data 

and the results of applying the Focused Personalized PageRank (FPPR) algorithm on a personalization 

vector using usual damping factor of 0.85 to the alternative unipartite model presented before with weight 

values on the graph’s edges. 

Table 5 – Weighted analysis ranking example. 

 Student 1 Student 2 Student 3 Student 4 Student 5 Student 6 

FPR(0.85) 0.7479 0.7479 1.3178 1.2520 1.2520 0.6821 

v(i) 12 13 17 19 17 16 

FPPR(v; 0.85) 10.7558 10.8611 20.4229 20.5423 20.3318 11.0857 

The results obtained from Focused PageRank without personalized content-data showed that when 

compared to the traditional PageRank’s analysis, students 4 and 5 are now closer to the ranking value 

obtained by student 3. However, even though the algorithm now recognizes the additional importance of a 

weighted interaction when students work together multiple times, the ranking is still slightly favored in the 

cases where simple interactions are present. When using Focused Personalized PageRank with content-

data this limitation can be overcome when a student obtained better marks than the other as is the case of 

student 4, who now surpasses student 3 in the ranking score. Student 3 is still slightly favored when 

compared with student 5. 

3.3 Classification 

Being a ranking technique, PageRank along with all its adaptations only represents a measure of similarity 

between nodes in a graph that in this case represent students. This way PageRank is just another student 

metric comparable with previously described metrics such as the final grade average, the team grade 

average and the individual grade average, each one describing different features of a student. Although 

none these metrics is enough to draw conclusions regarding the prediction of students’ performance through 

a naked eye analysis, they could all prove to be valuable sources of information for data mining predictive 

models. 

Supervised classification techniques rely on a training set of observations, containing a set of features 

and a known classification attribute usually known as the class, in order to build a predictive model used to 

determine the classification attribute to which a new observation belongs to. Another set of observations 

with known classification attributes called the testing set is often used to evaluate the prediction model by 

comparing the known classification for each observation with the predicted classification derived from the 

predictive model. In cases where the number of known observations is moderated, ranging from a few 

hundreds to a couple of thousands, a cross-validation technique is used to evaluate the predictive model by 

dividing the set of known observations in k sub-sets, using each (k-1) sub-sets to construct the predictive 



Chapter 3 – Teamwork as Social Networks 

22 

model and the remaining sub-set for evaluation. At all times the training set should contain balanced data for 

allowing the possibility of also learning the residual classification attributes. 

In order to address the problem of predicting students’ performance through social network exploration 

we will first focus on predicting team grades seeing that these result directly from the process of team 

working. The first step for building a predictive model through supervised classification is to have a set of 

known observations to form the training and the testing sets. For each one of the observations we also need 

to define the set of features and the class attribute that in this case will be the team grade seeing that this is 

the value we are trying to predict. As for the set of features we can choose from the ones available from the 

content-based component of the social network, the ranking scores obtained through the ranking algorithms, 

and some other popular metrics that might contain other kinds of useful domain information. Taking into 

consideration that some of the metrics we are going to propose might be harder to obtain, we have divided 

them in four categories: 

Public Data. Information usually publically available and easier to get. This data contains metrics such 

as the final grade average, the final grade standard deviation and the number of failed courses. Seeing that 

the final grade average usually only contains information about the approved courses, we derived another 

metric containing the approved and the failed courses final average and standard deviation, that should 

better reflect the possibility of dropping out. 

Private Data. Information possibly unavailable due to privacy policies. This data contains metrics such 

as the individual grade average, the individual grade standard deviation, the team grade average and the 

team grade standard deviation. 

Ranking Data. Information derived from the social network analysis. This data contains the scores 

derived from PageRank and its adaptations described. 

Domain Data. Information that might be derived from simple observation of repeated occurrences that 

could contain relevant content. As a title of an example we noticed that in most cases the first teams to be 

formed usually achieved higher grades than the last ones. Taking this observation into account, we used a 

feature for describing the number of the team.  
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For determining the best possible results we have combined the data categories described (public, 

private, ranking and domain data), for generating the predictive model, while varying several attribute 

parameterizations such as data ordering, grading system and attribute types for each one of the involved 

students. In Table 6 we can see a list of possible attribute parametrizations for the public data regarding 

both numeric and nominal types, as well as two types of grading systems, the first ranging from 0 to 20 and 

the second from F to A.  

Table 7 shows the same possible parametrizations used for the private data type. The ranking data 

type, containing the ranking score attribute, and the domain data, containing the team number attribute, did 

not use any parameterization and all attributes are numeric. 

 The resulting data set from combining the different possible data types follows the structure presented 

in Table 8 where there public, private and rank data concerns each student participating in a working team 

and is repeated as many times as the number of students forming the team. 

Each one of the students involved in the team was then ordered according to both natural and reverse 

natural ordering on the following attributes, where applicable: final average, all finals average, individual 

average, team average and ranking score. 

 More importantly, trying different values for the damping value in the PageRank formula (Equation 1) 

allowed for determining the best value and understanding its impact on the prediction model. The results will 

be presented in the case study chapter (Chapter 5). 

Table 6 – Public Data Attribute Parametrizations. 

 Numeric 
Nominal 
0 to 20 

Nominal 
F to A 

Final Average x x x 

Final 
Standard Deviation 

x   

All Finals Average x x x 

All Finals 
Standard Deviation 

x   

Failed Subjects x   
 

Table 7 – Private Data Attribute Parametrizations. 

 Numeric 
Nominal 
0 to 20 

Nominal 
F to A 

Individual Average x x x 

Individual 
Standard Deviation 

x   

Team Average x x x 

Group 
Standard Deviation 

x   

 

Table 8 – Combined data set structure. 

Domain Data 
Student n 

Class Public 
Data 

Private 
Data 

Rank 
Data 
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3.4 Evaluation 

The evaluation methodology for this work is heavily based on the interpretation and comparison of several 

experimental results obtained from applying the techniques described to a case study reflecting real student 

data. 

At the end of each main step in the methodology, as seen in Figure 1 there is typically an evaluation 

stage, with the exception of the data sample being evaluated together with the social network 

representation. The data sample and the social network representation are evaluated through a statistical 

analysis based on social network properties such as the ‘small world phenomenon’ and the heavy-tailed 

degree distribution, as described in Chapter 2. Besides the statistical analysis, both representation 

structures can also be compared through the completeness of information retained and the ease of 

exploration.  

The social network analysis is initially made by the interpretation of possible correlations between the 

obtained rankings and the various categories of grades. A more interesting evaluation may later on be made 

through the predictive model’s accuracy. 

The classification step is mostly evaluated based on the percentage of correctly classified observations 

and the kind of available input information. At this stage it is also possible to evaluate the impact of the 

social network representation and ranking analysis steps on the overall performance of the predictive model. 
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Chapter 4 

Team Recommender System 

redicting the success of students in some specific curricular unit has deserved a considerable 

attention, and the development of tools for guiding their study are constants in the fields of educational 

data mining and intelligent tutoring systems. 

However, as been shown in (Antunes C. , 2010), predicting students’ results, when teamwork is 

present, is significantly harder, achieving much lower accuracy levels. Indeed, in order to predict the result 

of teamwork, it is necessary to understand and quantify the contribution of each member on the work, which 

is not usually considered by predictors. 

Together with the need of predicting team results, helping students on choosing their teammates would 

contribute to improve their performance. In this context, and for addressing the second problem, we propose 

a new recommender system – the educare team adviser. 

4.1 Use cases 

The proposed recommender system aims for suggesting members for teamwork in the context of a given 

curricular unit, which means that the system always receives the list of students enrolled in the curricular 

unit as input.  

Students are the favored users of the system, and may ask for a recommendation for the best team to 

join. In order to have a recommendation, the user has to provide the system with a list of students enrolled 

in the curricular unit, describing each student by a set of attributes (as discussed below).  

Two distinct situations may occur: students are already known by the system or they are not known at 

all. In the first case, the list is just a list of identifiers and the system will look for each student and 

recuperate his previous recorded data. 

In the second case, the user has to provide a description of each possible teammate, specifying the 

P 
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values for a set of pre-defined attributes. In order to simplify this task, it is possible that the student just 

provides a subset of the students enrolled in the curricular unit, which should be considered as the complete 

set of possible teammates. 

Figure 4 illustrates the described use cases. 

 

Additionally it is possible to make two distinct types of recommendations: full and constrained ones. 

We call a full recommendation to the list of team suggestions that consider all enrolled students in the 

given curricular unit. In this case, the best team corresponds to the team that is estimated to have the best 

result.  

A constrained recommendation, on the other side, only considers a subset of the entire set of given 

students that satisfy some constraint. Examples of such constraints are “students that have an average 

grade above some threshold” or just “the set of students that have already worked with the student asking 

for a team”. In this case, the best team is the team that is expected to reach the highest result, but only 

considering the teams that satisfy the given constraint. 

Other natural users for the system would be teachers. In this scenario, teachers would ask for partitions 

of the set of students enrolled in a given curricular unit that would maximize some aspect of the curricular 

unit as a whole, such as maximizing the number of approvals. Despite this could be an interesting scenario, 

the optimization problem involved in looking for the best team for each student reveals to be a complex 

problem, being out of the scope of our system at this moment.  

4.2 Architecture 

Like most content-based recommender systems (Lops, Gemmis, & Semeraro, 2011), the educare team 

adviser is based on a tri-partite architecture: the profile learner, the teamwork classifier and the team 

recommendation module. Figure 5 illustrates the architecture proposed for our system. 

However, the nature of the recommendations brings a set of new challenges and solutions. Actually, the 

items to suggest are mostly always new to the recommender system, since each student will attend each 

curricular unit preferably only once. In this manner, each team will work just once. In order to address this 

 
Figure 4 – Uses cases for educare team adviser. 
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issue, we propose to create a classification model able to predict the result achieved by a team, and based 

on that recommend the team that maximizes some criteria. Moreover, and since teamwork is inherently a 

social task, we propose to enhance the classification model with the use of ranking algorithms to create 

additional features for describing students. 

We will now describe the components that compose the educare team adviser architecture detailing 

their role in the system. Each module is closely related and can typically be mapped to one or more steps of 

the teamwork prediction methodology described in the previous Chapter 3. 

4.2.1 Proflle Learner 

The profile learner plays one of the most important roles in the system: it is the one responsible for 

describing each student. It faces two situations: profiling each user (some student looking for suggestions) 

and profiling each student in the list of students enrolled in the curricular unit and available to compose 

teams. 

In order to accomplish profiling, the learner performs two different tasks: modeling and matching. 

While modeling, the learner will make use of historical data about other students, that at least include 

the set of teams and the corresponding results obtained, but may also include individual data like average 

grades obtained by each team member individually. This is nothing more than the data represented by the 

student data sample in the methodology described previously. The profile learner represents this data as a 

social network, performing the social network representation methodology step, and from that it computes a 

score for each student (lets call it the student social score or s
2
 score for short), resulting from the social 

network methodology step. A detailed description of the methodology steps that compose the profile learner 

component was presented in section 3.1 of Chapter 3. 

In the counterpart (while matching), the profiler needs to find the closest profiles to the students that are 

waiting for creating new teams. If students are already recorded in historical data, the matching task is 

straightforward: it just looks for the student and collects his s
2
 score; otherwise, the learner has to identify 

the most adequate profile for each student just based on the data available for each one. The simplest way 

 
Figure 5 – educare team adviser architecture. 
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to perform this task should be just to look for the k most similar students available in the historical data, for 

example using the k-nearest neighborhood algorithm (Fix & Hodges, 1951). Since this algorithm looks for 

local models, adopting a very small value for k (for example k=1) will find students that are very similar to 

the target, a solution that has already proven to achieve high levels of accuracy.  

After the modeling and matching are concluded, each student is then represented by its profile: either 

his own-recorded profile or the most adequate from the recorded ones. The profile is composed at least by 

the s
2
 score computed, but can be complemented by other personalized data like students average grades.  

4.2.2 Teamwork Classifier 

The second component, the teamwork classifier, builds upon a training dataset, student profiles and some 

classification algorithm to predict how a given team will perform. Each record in this training set corresponds 

to a team and its result. On the other hand, each team is described by the set of profiles of its members. A 

detailed description and discussion about this dataset and classifier was presented in the classification step 

of the proposed methodology, in section 3.3 of Chapter 3. 

From the explanation above, and mostly from the experimental results presented on the next chapter 

(Chapter 5), it is expected for the recommender system to achieve a considerable level of accuracy, with 

respect to the predicting a team’s grade. 

4.2.3 Team Recommendation Module 

The third component, the team recommendation module, is responsible for answering the query and 

suggesting a list of potential teams for the student that must meet the imposed user restrictions. In this case, 

the team recommendation module uses the teamwork results estimated by the teamwork classifier in order 

to make the recommendation. 

This component is then responsible for generating the possible teams, and may be implemented 

through a brute force approach, by generating all possible combinations of students, to a more informed 

strategy that explores the classification model developed by the teamwork classifier. 

On the other hand, this module is also responsible for processing the maximization criteria, which 

means that by using the estimatives made by teamwork classifer, this component has to be able to solve an 

optimization problem.  

4.2.4 Other components 

Besides the three main components the system should contain two additional ones. The first of these – data 

pre-processing module, aims for extracting the relevant features to create the profiles, and should be 

dependent of the data source to use. Finally, the update module will be used for incorporating new data in 

the training dataset and feedback from users, justifying their choices upon (un)acceptance of 

recommendations. 
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4.3 Closing Remarks 

From the description above it is clear that both the profile learner and teamwork classifier components 

are entirely specified, almost completely corresponding to the techniques defined in Chapter 3. However, 

the other components, in particular the team recommendation and update modules, present a set of 

challenges difficult to anticipate, and requiring a considerable amount of work. 

Our goal by presenting the proposal of this recommending system, however, is just to demonstrate the 

applicability and usefulness of the methodology defined, which is demonstrated in the experimental results 

presented next. 

Naturally, the requirements of the development of a recommending system are more than just a good 

profile learner and teamwork classifer, but without them the recommender system is almost condemned. 
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Chapter 5 

Case Study 

n this chapter we apply and evaluate both models to represent teamwork. The evaluation is performed by 

combining social network analysis and classification techniques, in order to assess how these models 

contribute to improve the prediction of team results. For this purpose we collected and analyse real student 

data serving as a case study to validate our approach. 

The dataset is drawn from a set of students enrolled in the academic program of Information Systems 

and Computer Engineering at Instituto Superior Técnico, Technical University of Lisbon in Portugal. In this 

program, teamwork is part of the evaluation methodology in almost every single course, making it an 

excellent source for collecting team data and predicting their performance.  

From this academic environment we collected a sample containing approximately 1700 evaluations of 

over 550 unique students. This corresponds to the enrollments on 8 subjects over 2 years. Each student 

record contains individual grades, team grades and final grades for each enrollment at a given course, as 

described is the previous chapter, to be the content-based component of the models.  

The data from the case study was then modelled following the models proposed earlier. Figure 6 

illustrates an overview of the social network resulting from both models (unipartite on left and bipartite on 

right), using the network analysis and visualization tool Pajek (Batagelj, 1998). 

I 

  

Figure 6 – Social Network Overview: following the unipartite (left) and bipartite model (right). 
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5.1 Statistical Analysis 

One of the simplest strategies to analyse a social network is through statistical analysis, which focuses on 

examining some statistical properties, in particular static properties for describing the structure of the graph 

at a fixed point in time ( (McGlohon, 2011), (Leskovec, Kleinberg, & Faloutsos, 2005)). 

The first static property, as described in Chapter 2, concerns the diameter and effective diameter of a 

real-world social network. According to the small world phenomenom, or six degrees of separation, in a real-

world social network, where temporal or spatial proximity can be overlooked, any pair of nodes should be 

separated by a distance of at most six hops, meaning that the social network’s diameter should be six, at 

most. In order to prevent singular cases from influencing the statistical analysis, the effective diameter is the 

measure most often used. 

After modelling the sample according to the unipartite model (graph of students), we obtained a social 

network with a maximum diameter of 13 hops, an effective diameter of 7 hops and an average diameter of 

5.5 hops as shown in Figure 7 left. The fact that the effective diameter exceeds the six degrees of 

separation may be due to restrictions in the number of elements per teamwork imposed by each academic 

course that does not exist naturally in real-world social networks. However, taking into consideration that the 

average diameter is lower than six hops, we consider the resulting graph to follow an approximation of the 

‘small-world phenomenon’. 

 

When modelling the sample according to the bipartite representation (graph of students and teams) the 

metrics mentioned above roughly doubled their values, obtaining a maximum diameter of 26 hops, an 

effective diameter of 14 hops and an average diameter of 10 hops as shown in Figure 7 right.  

This is however closely related with the edge decomposition that was made when using the bipartite 

structure. Each one of the edges from the first model has been decomposed into two separate edges and 

an intermediary team node, in the bipartite model, causing the distance between the student nodes to also 

double when weighting every edge with the unit value of one. However, if the edges were to be weighted 

with the value of 0.5, the distance distribution should remain equivalent to the one presented for the first 

model. 

The second static property, also described in Chapter 2, concerns with real-world social network’s node 

 

      
Figure 7 – Relative and cumulative distribution for unipartite model (left) and bipartite model 

(right). 
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degree distribution, which is known to follow a power law of the form f (d)    , called the Heavy-tailed 

degree distribution. 

 

Analysing the Heavy-tailed Degree Distribution obtained from the case study, as shown in Figure 8 left, 

we can see that the degree distribution of the graph modelled as a unipartite graph, containing only student 

nodes, obeys the power law  ( )     . The high number of nodes with a low degree could be explained by 

the arrival of new students to the academic program, dropouts or even failure to find other students to 

complete a full team.  

In the bipartite model, given the fact that we consider team nodes to be mediators of the social 

interactions between students, the degree distribution between this class of nodes remains unaffected. 

Regarding the newly introduced class of team nodes, the distribution of the number of teams per student 

node also follows a power law of the form  ( )     , with    , and  ( ) representing the fraction of 

nodes with the number of teams g, as shown in Figure 8 right.  

5.2 Ranking analysis 

Our evaluation of the models, through ranking algorithms is divided in two distinct parts: first, by evaluating 

how the score obtained for each node in the graph is in accordance with already known features by 

analyzing the existence of correlations between them; and second, by evaluating if the usage of the 

discovered scores improves the accuracy of team results predictors, against predictors trained with other 

features like the ones composing the content-based components of the networks. 

The PageRank results shown in this section were calculated separately with damping factors of 0.85 

(default) and alternatively of 0.15 despite not finding any significant differences between them. During the 

calculation of the PageRank results we did not guarantee that the sum of personalization vectors for a single 

node totalizes one, because we do not wish to interpret the result as a probabilistic distribution, but rather as 

a relative value of importance among students.  

When exploring the unipartite model through the traditional PageRank algorithm the results have shown 

that there is a clear correlation between the node’s average degree and the score obtained, meaning that 

the higher the degree of a node, the higher the expected score. Seeing that working with a higher number of 

different students should not reflect in achieving higher teamwork results, the fact that this correlation is 

           

Figure 8 – Heavy-tailed distributions for unipartite (left) and bipartite (right) models. 
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present raises the suspicion that this is not the best solution. Figure 9 compares the traditional PageRank 

results with the average degree of the nodes (left), showing a clear correlation, and the average of the group 

grades (right), showing that there is no correlation. 

The analysis of PageRank’s results leads us to conclude that a purely structural analysis based on the 

typical representation of a social network might not be suitable for capturing the value of each student in 

team working.  

 

The next step is to try to influence the node scores through the use of personalized vectors containing 

additional data regarding the students’ grades, according to the Personalized PageRank adaptation. In this 

method we used the final average grade of each student, in Table 1 as the values for the PageRank vector 

but we could have used any other attribute from the same table. Although we calculated the Personalized 

PageRanks for damping factors of 0.85 and 0.15, in this particular case we found the scores returned by 

using a damping factor of 0.15 better aligned with the reality. The damping factor regulates the amount of 

information inherited from other nodes but a formula to determine the best value for this parameter does not 

exist. We have however determined the impact of using different damping values when using the rankings 

obtained to create a predictive model.  

When applying the Personalized PageRank algorithm to the unipartite model using the final average 

grades to populate the personalization vector, the correlation between the degree of a node has faded and 

almost seems to no longer apply, as seen in Figure 12 left. We can still notice that there is a slight slope 

towards the highest-ranking values, together with a higher dispersion rate. The relationship between the 

Personalized PageRank and the average of team grades represented in Figure 12 right, is now clearly 

correlated, proving that the use of Personalized PageRank vectors with content-based data has greatly 

influenced the process of structural analysis, proving to be better suited for capturing the value of each 

student in team working. 

With a weighted analysis our goal is to overcome the unweighted graph restriction imposed on the 

representation structure by both traditional and personalized PageRank. Our major problem regarding this 

issue was that we were not able to account for the amount of work that has been done between each one of 

the individuals in the previous PageRank algorithms. Students that have worked multiple times together 

were being treated the same way as those who had only worked together once and therefore were being 

        

Figure 9 – Correlation between PageRank score and nodes degree (left) and team grades (right) on 
unipartite model. 
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penalized on their ranks. 

When exploring the bipartite model, the amount of work done between students is already captured in 

the network structure when using either the traditional PageRank or the Personalized PageRank algorithms. 

Once again, the correlations between the ranks and both node degree and average team grades produced 

similar results, proving to be characteristic of the algorithms themselves and not so much of the network 

structure. Figure 10 and Figure 11 show the traditional PageRank and the Personalized PageRank’s 

correlations to the average degree of the nodes (on the left) and the average of the team grades (on the 

right). When exploring the unipartite model, the amount of work can also be captured using weights in the 

graph’s edges forming a unipartite model variation. This variation cannot be explored neither by the 

traditional PageRank nor Personalized PageRank algorithms, but we can instead use the similar Focused 

PageRank adaptation. This algorithm’s correlates similarly with the node degree and the team grade, as in 

the previous PageRank versions. 

         

Figure 12 – Correlation between Personalized PageRank score and nodes degree (left) and team 

grades (right) on unipartite model. 

        

Figure 10 – Correlation between PageRank score and nodes degree (left) and team grades (right) on 

bipartite model 

       

Figure 11 – Correlation between Personalized PageRank score and nodes degree (left) and team grades 

(right) on bipartite model 
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5.3 Prediction 

Regarding the second ranking evaluation point described in the previous section, we tested how much the 

accuracy of a classifier improves, when it is trained with social scores obtained through the described 

algorithms. In particular, we compare the accuracy of classifiers trained exclusively over scores, without 

scores and combining scores and other data, as the available one in the network content-based component. 

In order to perform such comparison we trained decision trees, with the C4.5 algorithm (Quinlan, 1993), 

through the implementation available in Weka (Hall, Frank, Holmes, Pfahringer, Reutemann, & Witten, 

2009). The choice of this algorithm derives from its ability to handle both nominal and numerical attributes in 

the observations. Its main drawback is not being able to handle numeric values for the class attribute, and 

as such, we were forced to roundup the numerical team results and use it do denote the set of 

representative nominal classes ranging from 0 to 20 or alternatively from F to A, according to the most 

popular grading systems. 

In order to do the comparison, we selected the best results achieved through cross-validation, and the 

average of several possible parameterizations on the attributes used, such as ordering the students among 

teams according to its scores, either ascending or descending.  

Moreover, we studied the impact of the damping factor on the accuracy obtained by classifiers trained 

exclusively on the social scores learned. Comparing the best results for the ranking scores meant having to 

determine the best value for the damping factor. Calculating and evaluating a predictive model for each 

possible damping value allowed us to determine its impact in the accuracy, as shown in Figure 13 for the 

unipartite model (left ) and for the bipartite model (right). 

 

Varying the damping factor presented similar results in both network models. Although PageRank has 

shown slightly better accuracy results towards higher damping values, the Personalized PageRank almost 

remained unaffected by varying it. Due to possible variations on the best damping factor when changing 

attribute type parameterizations in the predictive model, the best value for the damping factor still remains 

inconclusive. 

From the best parametrizations identified, is then possible to compare the accuracy of the classifiers 

  

Figure 13 – Impact of damping factor on accuracy over unipartite (left) and bipartite models (right). 
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trained exclusively from the isolated attributes. Figure 14 presents this comparison, putting ranking scores 

obtained from the unipartite (left) and bipartite models (right) against the content-based popular attributes 

shown on Table 1. From their analysis, it is clear that when ranking scores ared used isolated, the results 

obtained on predicting team results are quite satisfatory. The PageRank score, which reflects a purely 

structural analysis, has shown to be able to achieve similar results as any of the content-based attributes 

when applied to the unipartite model, and has even shown an inprovement when applied to the bipartite 

model.  

Influencing the structural analysis with content-based attributes through the Personalized PageRank 

algorithm has also achieved improvements in all scenarios, overcoming PageRank results. The same thing 

happens when using Focused PageRank but just slightly. 

 

Figure 14 – Accuracy of classifiers trained exclusively with isolated attributes, over unipartite (left) and bipartite 
models (right). 

Figure 15 resumes the comparison of the accuracy obtained when using the different network models. 

We note that the accuracy over bipartite model has revealed to be slightly, but constantly, better than over 

the unipartite network model, either in capturing the amount of work done between students or in achieving 

the best accuracy levels. 

 

Figure 15 – Comparison of classifiers accuracy when trained over unipartite and bipartite models. 

As an alternative to PageRank, the same prediction evaluation steps have been carried out to the Heat 
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Kernel PageRank algorithm. First, we wanted to assess what would be the best number of iterations N to 

use for the chosen approximation method. Varying the value of N while using a fixed value for the thermal 

conductivity would give us a picture of what to expect from the approximation algorithm.  

Figure 16 shows the results obtained on the unipartite representation (left) and to the bipartite 

representation (right) of each Heat Kernel PageRank variation when using a thermal conductivity value of 

0.2. We can see that there is a generalized drop of 10 to 20 percentual points in accuracy at around 15 

iterations, showing that higher number of iterations did not capture the teamwork value of students. In the 

unipartite representation while the personalized variations best performed at around 7 iterations, the 

variations that did make use of personalization vectors peaked at around 10 iterations. The unipartite 

representation also peaked at close to 10 iterations and therefore we concluded that this was the best value 

between both network representations and the various types of Heat Kernel PageRank. 

 

Having chosen the number of iterations as N = 10, we can proceed to evaluate the importance of the 

thermal conductivity. Figure 17 shows the results of varying the value for the thermal conductivity while 

using 10 iterations. When analysing the unipartite representation, the Heat Kernel PageRank variations that 

used personalization vectors performed slightly better at lower values of thermal conductivity, meaning that 

the information contained in the personalization vectors was already good enough, while the Heat Kernel 

PageRank variations that didn’t use personalization vectors performed slightly better at higher values of 

thermal conductivity.  On the other hand, the bipartite representation performed slightly better at higher 

  

Figure 16 – Accuracy on unipartite (left) and bipartite (right) models with Heat Kernel PageRank using a 
thermal conductivity value of 0.2, with variations on the number of iterations. 

 

Figure 17 – Accuracy on unipartite (left) and bipartite (right) models with Heat Kernel PageRank using 10 
iterations, with variations on the thermal conductivity 
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values of thermal conductivity. Having an extra class of team mediator nodes could explain the need to 

diffuse more information through the graph’s edges. 

After identifying the best possible parametrizations for each one of the Heat Kernel PageRank’s 

variations on both unipartite and bipartite representations, we can now compare the best ranking results to 

the content-based component attributes to evaluate the ranking’s performance, as presented in Figure 18. 

Even though the results have improved when influencing the structural analysis with content-based data 

like what happened earlier with PageRank, the results obtained from every Heat Kernel PageRank were 

either similar or worse than using the content-based data attributes in isolation. In the variations where a 

personalization vector was used, it is possible to build a safeguard and ensure the results will never be 

worse than the content present in the personalization vector. Allowing the thermal conductivity to take the 

value of zero and to be tested against other possible values, ensures that at the worst case scenario, no 

information will be diffused through the network and therefore the result will not be penalized. However, the 

obtained results lead us to conclude that in our work the Heat Kernel PageRank is not suitable to capture 

the value of students when working in group.  

 

Figure 18 – Accuracy of classifiers trained exclusively with isolated attributes, over unipartite (left) and bipartite 
models (right) and Heat Kernel. 

Despite the results achieved, using only isolated attributes as the only source of information would 

hardly achieved the best possible results in predicting team grades, especially when there are other sources 

available that could contain complementary information. Although using more information when building the 

predictive model typically results in a higher percentage of correctly classified observations, it also increases 

the probability of adding redundant information. The decision trees’ ability for dealing with the presence of 

redundant information was one of the most influent factors for choosing them as the supervised 

classification prediction model.  

For determining the best possible results, we have combined the data types described as the content-

based component for usage as sources of information for generating the decision tree while varying several 

attribute parameterizations such as data ordering, grading system and attribute types. In those cases where 

ranking scores were used, we also determined the ideal value for the damping factor.  
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Figure 19 – Comparison of classifiers accuracy when trained over different datasets. 

Although the accuracy obtained over bipartite network model presented better results when using 

ranking scores in isolation, both models presented similar results when combined with other sources of 

data. Figure 19 highlights the results comparison between the most relevant source data combinations 

using a 5 fold cross validation evaluation. Having the domain information present on every data combination 

allowed us to focus on the impact of ranking scores combination while achieving the best possible results. 

Analyzing the obtained comparative results we can reach two conclusions regarding the overall accuracy on 

the predictive model.  

 The higher the number of attributes used for training, the higher the obtained accuracy.  

 Combining ranking scores with any other attribute allows for a significant increase in the classifiers’ 

accuracy. 

It is important to distinguish, as before, among public and private data: the first is public and generaly 

available, as the final grade of a student after finishing some course, while private data refers to data such 

as team or individual grades. Indeed, it is dificult for a student remember this kind of data, and it is difficult to 

accept the requirement of such values in order to perform any prediction. Our results show that by using a 

combination of all available attributes (public, private and ranking scores) as the training dataset reaches the 

best results, that can be used as a target. Moreover, our results demonstrates that replacing private data by 

ranking scores when combined with public data achieve over 85% of accuracy, which compares with the 

target of 87%. 
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Chapter 6 

Conclusions and Future Work 

n this dissertation, we argue that social network analysis may improve the prediction of teamwork results, 

when compared with traditional classifiers trained without social data. 

In particular, we showed that teamwork can be represented by social networks, and proposed two 

different models to represent them: the unipartite and the bipartite graph based models. Additionally, we 

have shown how those models can be assessed, in order to understand the best ones to use in each 

different situation. In order to do so, we analysed both models through a careful and deep comparison of 

their properties in a particular case study containing student teamwork data from an engineering school in 

Portugal. The statistical analysis, that is usually performed, assesses the viability of our representations 

through the use of static properties commonly occurring in real-world social networks at a fixed point in time. 

The statistical analysis is then followed by an analysis through ranking algorithms in order to try to better 

capture the teamwork value of students. We have performed several types of structural ranking analysis 

based on the popular PageRank algorithm. The first analysis was purely structural, just allowing for 

analyzing the connections between nodes. The second analysis combined structure with content-based 

data in order to improve the results. The third analysis explored weighted graphs to try to make up for 

limitations in the previously described ranking analyses. Finally, an analysis based on the use of heat kernel 

tested the impact of controlling the diffusion of information along the network following a specific model. 

The ranking scores obtained from ranking analyses were then used to develop a prediction model for 

classifying students’ team grades based on several data types. Finally, we have proposed the architecture 

and insights for a possible team recommendation system that directly applies the work previously done in 

capturing, exploring and classifying teamwork value through social network exploration. 

6.1 – Conclusions 

Teamwork plays a fundamental role in education, aiming for the development of particular skills on students, 

I 
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like collaboration, leadership and confidence. Though its importance has been recognized in the area of 

psychology, it did not yet deserve the corresponding attention in educational data mining.  

The ultimate goal of modelling teamwork is undoubtedly to be able to understand and predict if a 

specific team will succeed. Modeling teamwork as a social network may not be as straightforward as simply 

connecting students who worked together, due to having to deal with the problem of the loss of information. 

Designing richer team models can lead to improvements in predicting team value, however the prediction 

accuracy is closely related with the ability of extracting the extra information present in the team models 

through the available ranking algorithms. In order to choose among team models, we have combined 

available data and ranking scores, derived from the different models and several ranking algorithms for 

training a classifier for predicting team results.  

Experiments in real data have demonstrated our claims. First, the number and nature of data attributes 

used to train the prediction model directly influences the classifier accuracy. Second, ranking scores can be 

used alone for training such classifiers, achieving better results than any other data attribute alone (from the 

attributes presented). Third, ranking scores may replace private data (data usually unavailable) without 

loosing accuracy. Fourth, among the ranking algorithms used, Focused Personalized PageRank achieved 

the best results when exploring unipartite graphs. Finally, bipartite graph based models seem to slightly 

overcome unipartite models, either in terms of the information explicitly represented or in the prediction 

accuracy achieved. Although proving successful in other domains, ranking alternatives such as the Heat 

Kernel PageRank seems to not be suited to capture teamwork results. 

Although the prediction of the unknown value for teamwork results presents by itself an interesting 

research category on educational data mining, the results obtained can also prove to be useful in other 

research categories such as recommender systems, especially when the techniques involved are based on 

social network exploration. As a result, the team recommender system we proposed is an example of a 

potential application of teamwork prediction. 

6.2 – Future Work 

Despite our contributions in modeling and exploring teamwork through the means of a social network, we 

feel that we have only yet scratched the surface of what can be achieved if teamwork is given the attention it 

deserves from the educational data-mining domain. In this section we will advance some ideas for future 

work and discuss some open-issues. 

 Firstly, it might be interesting to explore different network representations that could capture more 

information to be mined through social network techniques. This can be done by either adding an extra 

dimension to the bipartite network representation, where instead of having the students’ grades summarized 

through an average, the students’ grades would be expressed on a curricular unit level. A different 

alternative would be to have multiple kinds of connections between nodes associated not only with weights, 

but also with tags. For instance, we could tag a group identifier to the edges in a graph, along with a weight 

containing the grade obtained in that specific group. 
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Secondly, the PageRank algorithm may not be the best ranking algorithm to capture the students’ value 

in teamworking. Exploring different ranking algorithms could also be an interesting research line by 

validating if they are able to overcome the results achieved. PageRank has shown strong correlation with 

degree of each node and consequently nodes with higher degrees will present higher ranking. While this 

may be true in webpage ranking, it does not mean that this correlation also applies in the educational 

environment. In fact common sense does not lead to believe that a student working with a higher number of 

different colleagues will prove to be more important when working in group. Despite weighting the amount of 

work through the edges in the graph, using personalized vectors with content-based data and selecting an 

appropriate value for the damping factor may help to soften this problem, it still needs further work in order 

to improve the rankings obtained. 

Another interesting research line, is to understand if other classifiers would perform significantly better 

than decision trees while under the same conditions, in particular methods like K-nearest neighbours or 

emsembling, since they use local instead of global models to determine objects classification, which has 

already shown to achieve better results on predicting students results. 

As to the team recommender system, it would clearly be interesting to extend the system to support 

teachers to maximize a different set of criteria such as maximizing the number of teams with positive results 

in a class. The difficulty in this scenario would just be the optimization problem, which could be done 

through genetic algorithms. A different kind of problem would be to assess how much student information 

the network needs to contain in order for the system to provide accurate recommendations, known as the 

cold-start problem. Related to this issue there is the need to implement effective ways of matching students 

that are not present in the network with others that are similar to them, as well as assess how much much 

information would have to be profiled in order to do so. 
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