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Abstract: With the rapid growth of massive online open courses (MOOCs) on the Web, it is 

essential to provide learners with appropriate assistance  in courses and learning materials. The 

extant approaches of personalized course search mainly consider historical learnt and enrolled 

courses of learners. That is, those courses which are contently similar to previous courses in 

learner profiles will be highlighted in the ranking results of the personalized course search. 

However, these approaches mainly neglect two distinguished characteristics in this domain, 

which are (i) context-dependent: course search which is  highly correlated with learner contexts, 

e.g., a learner may have the individual learning schedule of the courses to be retrieved 

depending on the temporal contexts; and (ii) knowledge-constrained:  learners are more willing 

to search and enroll in the courses that they have sufficient pre-knowledge about. To incorporate 

these two domain characteristics of the personalized course search, we therefore present a novel 

approach based on hybrid learner profile in this paper. Furthermore, we conduct the 

experiments which compare the performance of different methods on a dataset to verify the 

effectiveness of the proposed method for the personalized course search. 
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1. Introduction 
 

With the rapid growth of massive online open courses (MOOCs) such as Coursera, Edx and Udacity on 

the Web, users have more choices and opportunities to take online high-quality open courses to acquire  

new knowledge and skills. On the other hand, they also face  the problem of information overload when 

confronting such large volumes of learning resources. In other words, it is quite challenging for learners  

to find a suitable course which would match their interests. To address this issue, the personalized 

course search approaches which incorporate  the individual preferences and the learning logs of learners 

into the process of finding relevant courses are very important and indispensible. The extant approaches 

of personalized course search mainly consider historical learnt and enrolled courses of learners. That is, 

those courses which are contently similar to previous courses in learner profiles will be highlighted in 

the ranking results of the personalized course search. However, these approaches mainly neglect two 

distinguished characteristics in this domain as follows. 

 Context-dependent: course search are often highly correlated with learner contexts. For 

example, a learner may have an individual learning schedule so the retrieved  courses  often depend on 

the temporal contexts of this learner (i.e., whether today is weekdays or not). 

 Knowledge-constrained: Individual knowledge background seems to constraint the course 

search results. More specifically, students are more willing to search and enroll in the courses that they 

have sufficient pre-knowledge about.  

 To incorporate two domain characteristics of the personalized course search, contextual 

information and pre-knowledge of users should be captured and modeled in the search framework. 

Therefore, we employ a hybrid learner profile which integrates various sources such as learning and 

browsing logs, pre-knowledge levels, demographic data as well as contextual information to facilitate 

the personalized course search. Particularly, we also propose a novel approach for personalized course 

search based on the hybrid learner profile in this paper. To evaluate the effectiveness of the proposed 
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method, we further conduct the experiment which compares its performance to the search accuracy and 

efficiency of state-of-the-art baselines. 

 The rest of this paper is organized as follows. In Section 2, we review the related research on 

personalized approaches in MOOCs (or other e-learning systems) and learner profiling techniques as 

well as the corresponding application. Section 3 discusses our methodology including the hybrid learner 

profile and context-aware personalized search methods. Section 4 reports the processes, metrics and 

results of experiments. Finally, we briefly summarize this research and outline the potential directions 

for future research in Section 5. 

 

2. Related Work 
 

With the development of personalized techniques in information retrieval (IR) and data explosion in  

online e-learning systems such as MOOCs, it is quite natural and prominent to adopt personalized 

approaches to facilitating  e-learning users’ access and retrieving a large volume of learning resources. 

An intelligent agent, named e-Teacher, was presented to offer the personalized assistances to e-learning 

students by taking student behaviors such as learning style, learning performance into consideration 

(Schiaffino et al., 2008). Limongelli et al. (2012) proposed a comprehensive framework supporting the 

tasks of defining, retrieving, and importing learning objects for personalized courses in Moodle 

platform so that the teachers can retrieve and manage the learning materials according to their 

personalized contexts. More recently, web 3.0 approaches (Kurilovas et al., 2014), and generalized 

metrics (Essalmi et al., 2015) are exploited for personalization in e-learning systems. 

The learner profiling techniques are generally based on the user modeling techniques in the area 

of human computer interaction and several domain characteristics of e-learning. Chen et al. (2007) 

exploited the association rule methods to mine the learner profile for identifying common learning 

misconceptions during learning processes. Özpolat and Akar (2009) addressed the problem of how to 

automatically extract the learner profile based on Felder–Silverman learning style model. Feng et al. 

(2011) investigated how to make use of roles to define the learner profile for promoting collaborative 

learning. Recently, a learner profile based on information flow approach was proposed to support 

personalized learning (Yang, 2013). Zou et al. (2014) adopted the involvement load to estimate the 

learner efforts in word acquisition for recommending suitable word learning tasks. 

 

3. Methodology 
 

In this section, we introduce the overall framework of the proposed methodology, which mainly tackles 

two research questions: (i) how to build the learner profiles from multiple data sources and (ii) how to 

facilitate the personalized course search based on the built learner profiles. The hybrid learner profiling 

and the personalized course search are detailed in the following subsections to address the above two 

questions, respectively. 

 

3.1 Hybrid Learning Profiling 
 

In our research, we also employ the vector form in construction of learner profiles (Yang, 2013; Zou et 

al., 2014). As there are multiple data sources available for building learner profiles, we therefore mainly 

address the following two issues: (i) what information should be extracted from multiple sources; and 

(ii) how to convert the various data sources containing diverse information into the vector presentation. 

 To answer the first question, we mainly extract two kinds of information from multiple sources 

which are pre-knowledge levels and learner preferences. Pre-knowledge levels are denoted by a 

knowledge distribution on all knowledge units of courses in an e-learning system. The details of how to 

establish the relationship between knowledge units and courses are discussed by Leung and Li (2007). 

In the context of this study, we consider the knowledge units as the basic elements of a course, which 

seems to be sufficient in terms of understanding  the purpose of this research. Formally, we define a 

hybrid learner profile containing two following elements. 

Definition 1: Let Ui={ 1 1: iu  , 2 2: iu  ,… : i

n nu  } be knowledge units of all courses and the 

corresponding degree of pre-knowledge for each unit by learner li, and Ti={ 1 1: it  , 2 2: it  ,… : i

m mt  } 
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are topics (categories) for all courses and the corresponding degree of preference for each topic by 

learner, the learner profile of li is denoted by a vector 
il as: 

( , )ii iUl T  

Note that we do not employ the courses in either Ui (knowledge units) or Ti (topics) for construction of 

the learner profiles. Specifically, the degree of pre-knowledge mastered by the learner for each 

knowledge unit can be obtained from learning historical documents (e.g., the learnt courses or 

completed assignments). In the most MOOCs, the learnt courses and the grades are available 

information sources for each learner, so we use the learnt courses as the source to obtain pre-knowledge 

levels of each learner. The degree to which the knowledge unit has been mastered by the learner can be 

inferred by the average scores of all courses containing the unit: 

1
( )i

x c C
x

S c
N


 

   

where C is a set of all courses containing unit ux (i.e., { | }xC c u c  ), Nx is the total number of courses 

containing the knowledge unit ux (i.e., Nx=|C|), and S(c) is a converting function which scales the score 

in different rating systems into a value between interval [0,1]. For example, it converses the score of 90 

in 100 scoring system into the value of 0.9. 

 For the topics of courses, we mainly adopt those from the existing categorization for courses in 

Coursera (2015). In addition, users are required to specify their preferences on the categories in a 

5-scale rating system (at least 5 categories in the experiment). The degree of preferences for course 

categories is therefore converted from 5-scale ratings. 

 As we mentioned, learning contexts seem to have a direct impact on the  choice of courses to be 

accessed. To incorporate the context effects, the learning contexts are explicitly defined by a set of 

pre-defined contextual attributes and values as follows. 

 Definition 2: Let ay is a pre-defined contextual attribute and 
b

yv  is the value of this contextual 

attribute under the learning context Lb, which is defined as a vector of attribute-value pairs as follows. 

1 1 2 2( : , : ,... : )b b b

b m mL a v a v a v  

Note that values for a contextual attribute are also pre-defined, e.g., ay is "the week days" and 
b

yv  can be 

a specific element in the set of {"Monday", "Tuesday", ..., "Friday"}. 

 To mine contextual association rules, we adopt the threshold-based approach by setting a 

support value for mining. A contextual association rule is a mapping between a learning context and a 

course topic (i.e., b aL t ). If support value of a rule is greater than the pre-set threshold, we consider 

the rule to be  a frequent contextual association rule. The threshold is set as 0.2 in this article. Finally, 

we estimate the factor of context effect. Specifically, we quantify the probability of a specific 

contextual association rule to a course topic in the set of frequent contextual association rules.  

 

3.2 Personalized Course Search 
 

The personalized course search is essential in calculating ranking scores for all courses by giving an 

issued query and a learner profile under a specific learning context. The learner profiles and contexts are 

presented in Definitions 1 and 2. For the representation of queries and courses, we also adopt a typical 

vector space model (VSM) to model both courses and queries, which are in the form of a bag-of-words. 

More specifically, queries are denoted as a vector of query terms assumed to have equal weight (Cai et 

al., 2010) as 1 2( :1, :1,... :1)sq w w w , where w1, w2 ,…ws are the query terms. Different from the 

query, the term features in courses have different weights. The definition of courses is given as follows. 

 Definition 3: Let 
' ' '

1 2( , ,... )rw w w be the terms relevant to course contents (e.g., in course titles 

and descriptions) and 1 2( : ,... )j j j

r    be the degree of relevance of each term to this course j, which is 

defined as a vector jc  of term-value pairs as follows. 

' ' '

1 1 2 2( : , : ,... : )j j j

j r rc w w w    
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where 
j

r is the term frequency and inverse course frequency (TF-ICF) of the course, which is adapted 

from the term frequency and inverse document frequency (TF-IDF) (Baeza-Yates and Ribeiro-Neto, 

1999). To achieve the goal of the personalized course search, we have taken both the learner preferences 

(learner profiles) and the learning contexts into consideration during the ranking processes. There are 

mainly three steps for the personalized course search.  

 (1) Learner Profile Contextualization. According to previous research in context-aware 

information retrieval based on user profiles (Xie et al., 2012), the effects of a learning context can be 

interpreted as the rearrangement of the learning preferences in the learner profile. In other words, a 

learner may shift his preferences to courses in various contexts. Given a learning context 
i

bL for learner 

i, the topic preferences Ti in the learner profile will be re-calculated in the two cases: (a) if the rule 

(
b xL t ) is a frequent contextual rule, weights of categories in the learner profile which are 

re-calculated based on the probability of the rule ( ( )= ( )i i

x b x xr p L t   ); (b) 
i

x will be zero if there 

is no rule to be frequent to the course category. We notate the component of course topic preferences in 

the contextualized learner profile as 
*

iT . 

 (2) Course Relevance Measurement. The relevance of each course is measured by two 

components, which are the course-to-query relevance and the course-to-profile relevance. The first 

component indicates how relevant a course content is to the issued query, and the second component 

refers to how relevant a course topic interest is to the learner. We employ the cosine similarity to 

measure the components course-to-query relevance as follows. 

1( , ) cos( , )
|| |||| ||

j

j j

j

q c
s q c q c

q c


   

where q and jc are the issued query and course j, which are in the form of vectors, the function 1s ( ) 

denoting the ranking score of the first component. The second component (i.e., the course-to-profile 

relevance), indicating the degree of course topic interested by the learner, can be calculated by the mean 

of degrees of interest for those categories of the course. 

*

2 ,

( )
( , )

k j k

i

k
j i t c t

r
s c T

K


 

  

where 
*

iT is the contextualized learner profile obtained in step (1), ( )i

kr  is the re-calculated course 

topic preference by the learner, and K is the total number of course topics as a course may incorporate  

multiple topics, e.g., the course "Introduction to Bioinformatics" can belong to both categories of 

"biology" and "computer science". Furthermore, we aggregated the ranking scores of two components 

and obtained the ranking scores as follows. 
*

1 2( , ) ( , )j j is q c s c T
s e e   

where e is the natural logarithm to smoothen and aggregate ranking scores of 1( , )js q c  and 
*

2 ( , )j is c T . 

Courses are ranked in the search result lists based on the ranking scores. 

 (3) Knowledge-based Filtering. The objective of third stage is to eliminate those courses which 

can hardly be learnt by the learner due to his/her insufficient pre-knowledge. In this step, the component 

iU  in the learner profile can assist us to identify these courses. By comparing the knowledge level a 

threshold 
*

x  for the degree of required knowledge unit x to learn a course, we can remove those courses 

which are hardly learnt by the learner from the search result list.  

 

4. Experiment 
 

4.1 Experimental Setting 
 

To evaluate the performance of the proposed approach for the personalized course search, a prototype 

system is developed for the experiment. We have adopted the similar user interface as Coursera (2015) 

and crawled 135 courses in 8 categories (including computer science, biology and life science,  

education, etc) from Coursera (2015). We have extracted course titles, introductions and brief 
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descriptions to build the course feature vectors. Generally, the number of courses in each category is 

from 14 to 27.For the participants, 19 undergraduates from diverse programmes in a university were 

involved in the experiment. There are 12, 6 and 1 subjects are aged from 17-19, 19-21 and 21-23, 

respectively. Most subjects (15) are come from Hong Kong, and 11 of them are female. 

 

4.2 Metric & Baseline 
 

Precision@N (P@N) is used in our experiments for evaluation. P@N mainly reflects the  accuracy of 

the proposed personalized search results. Formally, it can be calculated as follows. 

( )
@

| | | |

q

q Q q Q

np q
P N

Q N Q 
 


   

where q is a query from the set of all queries (Q), and p(q) is the accurate rate for each query, which is 

based on the portion of relevant courses (nq) in top-N results. The larger value of P@N indicates more 

accurate of the personalized search approach.  

To validate the soundness and effectiveness of the proposed methods, we compare it with several 

state-of-the-art baseline methods as follows. 

 BASIC. The basic method is a non-personalized approach, which only uses the basic vector space 

between query vectors and course vectors (Gudivada et al., 1997).  

 COS. The cosine method (notated as COS) employs the vector space model and cosine similarity 

among the user (learner) profiles, queries and items (courses) as proposed by Nolland Meinel 

(2007). Although the method is a personalized search method by exploiting user profiles, the 

search contexts and user knowledge are not taken into account. 

 BM25. The best match 25 (BM 25) in personalized search is proposed by Vallet et al. (2010). The 

idea is similar to COS, which measures the relevance among the user profiles, query and items. The 

difference is that the best match 25 paradigm is adopted for profile construction.  

 

4.3 Experimental Results 
 

 
Figure 1. The metric P@N by all five approaches. 

 

In the experiments, we explicitly extract data from historical transcripts from students. As participants  

are in their first or second year of study, there are only limited historical courses which can be easily 

converted to knowledge unit levels manually. For the query and relevance judgment, we ask each 

participant to generate more than 10 queries and marked the relevant courses on the result list merged 

from top-10 results by all four approaches (ours and three baselines).  The performances of P@N of all 

five approaches are shown in Figure 1. We can observe that P@N of all approaches decreases with the 

increase of N. This is mainly because the relevant courses judged by participants are quite limited for 

each query. When N becomes larger, P@N normally will be dropped down. Furthermore, we can find 

that our method achieves the best performance in P@N (P@1=0.435 and P@10=0.348), BM25, COS 

and BASIC has the second, third and fourth P@N, respectively. The result is consistent with the finding 

66



in the previous research (Cai et al. 2010). We have also performed student t-test between each pair of 

methods and verify that all improvements are significantly (p<0.05). In addition, the experimental result 

reveals that integration of learner profiles (including pre-knowledge levels and learning preferences) 

and learning contexts is a reasonable and effective framework than those frameworks (baselines) 

without them. More specifically, both BM25 and COS neglect either knowledge levels or learning 

contexts, while BASIC not only ignores knowledge and contexts but also the learner profiles. 

 

5. Conclusion 
 

In this paper, we focus on the issue of how to assist learner to search their interested courses efficiently 

and accurately. We explicitly propose the models of learning preferences, pre-knowledge levels and 

learning contexts, so that a context-aware personalized course search method based on learner profile is 

facilitated. By conducted experiments on real 19 learners who compare the search result of the proposed 

method to those of four baselines, the accuracy and efficiency are verified. In the future, we plan to 

investigate the problem of how to automatically identify the required knowledge for a course. 
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