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Abstract- Web-based learning environments have increased the need for researchers to find alternative ways to access 
learning materials. In web-based learning the resources are constantly available to all the users, who have different 
personalized profiles. This paper proposes a dynamic hybrid system to access learning materials or notes in E-learning 
environment based on the user’s profile. Thus the tutors and students can share, view, study, rate and update material 
depending on their interests and field of study through this system. The main module is a hybrid algorithm. Hybrid 
algorithms proposed so far focus on filtering the required data based on specified constraints. They don’t tell whether the 
recommended data is useful for the user or whether the e-learner learned anything from the recommended learning 
material or not. Hence this paper focuses on identifying the appropriate learning material and recommends the learning 
content iteratively based on ranking priority of the learning material and also improving the learning skills of the user. 
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I. INTRODUCTION 

 
Technology enhanced learning (TEL) aims at 
designing and developing more innovative socio-
technical environment for the users. In these 
environments accessing the right learning content 
from the World Wide Web is a huge task for the 
users. This has increased the number of researches in 
the deployment of Recommender Systems (RSs) for 
accessing educational materials. Recommender 
Systems (RSs) are software tools or agents which 
provide suggestions for items to a user. But they are 
bound to certain domains such as e-commerce, news, 
videos etc.  
 
There are a number of RS developed or being 
developed in TEL. But neither these RS get the 
feedback about the learning content which was 
recommended nor does the learning environment 
consider the performance  
 
growth of the user. This paper focuses on classifying 
the e-material based on a few recommendation 
strategies and recommends them to learner in the e-
learning environment.  
 
In this paper, we review the major technology and 
opportunities for the application of recommender 
systems, especially in areas of accessing online 
educational content or e-learning material.  
 
II. PROBLEM STATEMENT 

 
We overview major techniques that have been 
proposed in the recent years in our survey and also 

we illustrate specific computational models that have 
been proposed for recommender systems. The 
proposed approach is takes into account both the 
explicit ratings of learners for learning material, the 
content of the learning material and also the 
learner’s performance. If the learner’s performance 
is not up to par, then the tutor assigns the related 
learning materials which are recommended in the 
next level. Hence the proposed system, improves the 
learner’s learning by continuously recommending 
related learning material and thus improving their 
performance. 
 
III. LITERATURE REVIEW 
 
There are several RSs in the fields such as e-
commerce, movie, news, music, tourism, medicine 
and yet there are only a few in the field of education. 
Recommender systems in TEL are currently 
implemented in real time as course recommender, 
book recommender for digital library and location-
based recommender for accessing information within 
University (hostel, library, canteen etc.). 
  
With the advent of technology enhanced learning 
(TEL) methods, many Universities are trying to 
bridge the gap in learning environments. All the 
topics inside curriculum cannot be taken in classes 
and taking notes is a tedious process. As such many 
students opt for e-material (Learning material). Thus 
the result of our review suggests that the learning 
environments need modern methods or technology in 
the e-learning scenario to address personalized issues 
and content delivery issues.Hence we have come up 
with an idea of modeling an online recommender 
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system for sharing learning material to group users 
(tutors) and students with the following goals 
1. Find accurate educational resources  
2. Find peers  
3. Find alternative learning ways 
4. Bridge the gap in learning environments 

 
IV. EXISTING SYSTEM 

 
Recommendation techniques follow specific 
algorithms. This section provides insight into some 
of the recommender engine implementation 
techniques in four categories. They are: 
 Collaborative filtering (CF): The user will be 
recommended with items of similar taste and 
preference of other users alike. To suggest items to a 
user, we find similar users and recommend their 
preferred items (user-based CF), or we find items 
similar to an item of interest (item-based CF). 
 
 Content-based recommendation (CB): The user 
will be recommended items based on their past 
preference. 
 
 Hybrid recommendation: This methods includes 
collaborative and content-based filtering concept and 
also it exclude the destructive  point of CF and CB. 
Hybrid systems are able to provide more accurate 
recommendations. The recommendations are done 
based only on the profile made, taking into 
consideration the item’s content analysis that the 
user  has evaluated in the past and the explicit 
ratings given. 
 
Data mining: The data mining techniques use the 
gathered information about the learner behavior and 
performance. Based on this, the system can able to 
produce recommendations. Data mining techniques 
allow us to recommend the level by level  of learning 
materials based on the ranking of the learning 
content. Many Data mining techniques were applied 
by Zaiane to recommend learning material to learner 
based on their demand. Sunita and Lobo used a 
classification algorithm for the data selected from a 
Moodle database and the Association Rule algorithm 
for Recommendation. 
 
V. PROPOSED SYSTEM 
 
In the proposed system we make use of user-ratings 
for learning material as the main input for hybrid 
algorithm and use enhanced RBAC scheme for 
providing privacy to the users of the system. 
 
An important point that is directly related with 
privacy, which at the moment is the highest 
challenge in an e - learning environment, is Role-
Based Access Control (RBAC). Our proposed system 

mainly focuses on enhanced Role-Based Access 
Control Model. This new model should be able to 
maximize the level of privacy of a recommender 
system. We need to give privacy to the people 
involved in the system. Some of the people involved 
in real time, in this model include the head of 
departments, professors or course authors, tutors, 
administrators and students. These people form 
group users in our model and students are individual 
users. 
 
The tutors who are interested in sharing their 
learning material from the group users so that they 
find other tutors or their peers to communicate and 
to provide accurate learning materials. Also having 
group users system may bring down the black sheep 
problem. Black sheep are users whose ratings are so 
ridiculous that recommendations are unachievable. 
Along with this we can solve the gray sheep user 
problem. The gray sheep users are those users whose 
ratings don't match any group consistently and hence 
have no use for collaborative filtering. Thus the gray 
sheep and black sheep problem can be avoided. 
 
To avoid duplication of the learning materials or 
notes we go for a type of security scheme i.e., 
Attribute based access control (ABAC). It uses user 
attributes instead of permissions to provide access 
control in a flexible manner. Dynamically adapting 
the attributes, help us to accommodate in access 
control decisions. This is made use in our system by 
making the tutors and students to upload their 
learning content only at a particular time of the day. 
Say only for some few hours so that the administrator 
can avoid duplication of learning material. 
 
The existing standard for both of these schemes 
implementation together is ANSI/INCITS 494-2012 
which is also practical, and it can combine the best 
features of RBAC and ABAC for the enterprise 
application [3]. Thus we put the three fundamentals 
attributes viz., Identity (Users), Context (time of the 
day), Content (Notes) together in our system 
implementation under a novel method called as 
enhanced RBAC.  
 

 
Fig1. E-Learning Recommender Architecture 
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A. Proposed Hybrid Algorithm 
The proposed approach relates similarity between 
learning material ratings and also user feedback in 
the form of tags. Hence, the predicted result will 
combine two aspects of functions: learning material 
similarities and tagging activities of the users. 
 
1) Item –Based CF 
The user is made to give ratings for the learing 
content, he has viewed and then is asked to annotate 
it with a like or dislike option. Once the dataset is 
created as the User-notes matrix then we first need to 
calculate learning material similarity. This similarity 
is computed by the adjusted cosine similarity which 
is mathematically given as 
 

    (1) 

 
We use Adjusted Cosine similarity as it has more 
accuracy. Adjusted Cosine algorithm discards the 
user variance hence gets better prediction accuracy. 
It is the measure that will focus on the ratings of 
learning material that the users have in common.  
2) Rating Prediction 
The predicted rating of the item j that the user u has 
taken is mathematically given by the formula (3) 
            (2) 

In the item based CF algorithm, the nearest item 
similarity is chosen for the active user by a weighted 
aggregate of their ratings. This predicted rating is 
used to generate recommendations for the active 
user. The prediction rating must generally be 
between 1 and 5. Once the ratings of the learning 
material are predicted for an active user, the top k 
learning material are selected based on the highest 
ratings. Ei,j is the user- learning material ratings 
matrix. And k is the rating predicted for similar 
learning material. From this predicted rating, the 
top-N learning material are recommended.  
 
B. Hybridization Technique 
The hybridization technique involves three phases.  
Pahse I – User Profile, Phase II-Dataset and Phase III 
– Hybrid Technique. 
Phase I-User Profile 
 
The tab consists of a normal search operation for the 
viewers. Then the users are asked to take a survey for 
their profile creation. This survey consists of the  
 User name 
 University 
 Registration No. 
 E-mail 
 Password 

 Interests 
 Contact 
 Address  
 Questionnaire  
If the user is a student he/she is made to use an 
individual user ID, if he/she is a tutor then they are 
made to take a group user ID and in turn are asked to 
identify their peers or other course authors so that 
they can share learning material and rate them which 
would avoid inaccuracy and gray sheep problems. 
Cold start users who have not seen or rated enough 
learning material are given recommendations based 
on their profile content where the user’s interests are 
provided. Thus roles are assigned to the users. Along 
with this the users are given attributes such as time 
of the day for uploading the learning material which 
avoids duplication. 
 
Then the learning material are recommended, now 
the system simultaneously checks the performance of 
the learner by assigning test to the learner which is 
related to the subject. If the performance was poor, 
then the system dynamically assigns the new 
learning material to the learner, which was rated in 
the next level. By cautiously repeating this assigning 
the learning material and evaluating the performance 
of the learner, we can improve their knowledge skills 
and can create the interest towards learning.  
 
Phase II-Dataset 
The database consists of a collection of learning 
material from the tutors and the student community 
and also the performance of the learner.. Then 
through a survey user- learning material ratings and 
the tagging activity such as a “like” or “dislike” 
option is included. If the learning material are 
trusted and accurate then the user gives high ratings 
and a like option. 
     
Phase III-Hybrid Technique 
Hyprid Technique steps are:  
 The learning material name is given by the active 
user u in the search option available to the user. Now 
the system looks for the keyword in the database and 
retrieves learning material. 
 Meanwhile the recommendation engine gives the 
top k- recommendations using the item-based CF 
approach. 
 If a new user arrives then the system recommends 
top-N recommendations derived from his area of 
interest and user tagging such that it displays 
material with a maximum number of likes to the new 
user. 
There are some prototype systems that have 
implemented this “like” or “dislike” option [2]. One 
among them is the work described by Shani et al. [5]. 
Their system’s basic idea is to generate the 
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information needed for CF systems through web 
mining. They developed two different methods, Web 
Count and Web Crawl. Web Count is based on the 
cosine score,  cosine(i1, i2) for binary ratings (i.e., 
the user expresses only that he or she likes or does 
not like an item) where i1 and i2 are items, and 
count(i1, i2) is the number of users who liked both 
item i1 and i2. count(i) is the number of users who 
just liked i.  

       (3) 

In their system the number of pages that list an item 
i as an approximation of the count of i. Similarly, 
count (i1, i2) is estimated by the number of pages 
that mention both items. The simplest way to acquire 
these numbers is to input the names of items into a 
web search engine and to approximate the count by 
the number of hits returned. This equation (3) is used 
in our system so that the cosine value returned gives 
the count of likes. Thus the “like” option can add 
advantage in the ubiquitous environment where the 
users get valuable and trusted learning material from 
the recommendation engine. 
 
Mean Absolute Error (MAE) metrics: 
This metric measures the average absolute deviation 
between each result X and the original preference Y. 
The MAE and Accuracy together add up to 1. 
MAE= 1 - Accuracy 
MAE= 1 - 0.75 = 0.25 

 
VI. EXPERIMENTAL RESULTS 

 
In this section, we tend to assess the performance of 
the designed framework. The experiment aims at 
judging 
 
A. Evaluation Metrics 
 
The two factors, precision and recall should decide 
the proficiency of the Information retrieval system. 
Precision can be calculated by the ratio between the 
relevant document retrieved and the total number of 
document retrieved. 
 

 
This table represents the fallacy status of the 
recommended learning material. Here, the total 

number of recommendations = 4 and the number of 
successful recommendations = 3. 
Precision=3/4=0.75 
Precision (in terms of percentage) =75% 
 
Recall can be calculated by the ratio between number 
of relevant documents retrieved and the total number 
of relevant documents in the collection: 

 
Recall=2/6=0.33 
Recall (in terms of percentage) =33% 
 

 
Fig 2. Implementation Report 

 
B. Result Analysis 
 Here, we have taken 10 Students to use this 
recommendation System. In the initial stage, based 
on the learner’s requirement the system recommend 
the optimum learning content and also 
simultaneously evaluating the learner’s performance. 
If the performance is poor means, the system 
recommends the next level of learning material to 
the same learner. By iterating this step, we can 
achieve and expect the best performance from the 
learner. Fig 3. Depicts that result of the learner’s 
performance evaluation, here in the 1st time the 
performance was observed, then we assigned the next 
priority learning material. Now the performance of 
the learner was improved. Repeat this step till the 
performance was satisfied. 

 
Fig 3. Result Analysis 

 
Figure 3 Depicts the performance of the students. We 
observed few student performance, while adopting 
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the e-learning lesson. In the initial stage the system 
recommends the learning material to the learner and 
simultaneously we noted the performance of the 
learner.  
 
Next we are recommending the next level material, 
which has the highest priority and also note the 
performance of the learner. Iterate this step, till the 
performance was statified. 
 
CONCLUSION & FUTURE ENHANCEMENT 
 
 This paper, we focused the E-learner’s Learning 
skill and also his/her subject wise knowledge by 
frequently monitoring the performance of the 
learner. Based on the performance, we recommend 
the learning resources to the learner using Hybrid 
Recommendation System.  
 This system has created adaptive E-learning 
environment for the E-Learner. Also, in the future 
we should improve the scalability of  this system for 
E-learner to access  
 
o Conference papers access 
o General knowledge related blogs 
o Online videos of lectures (multimedia 
recommendations). 
 
We are extending this system in near future, based 
on knowledge and social tagging activity of the 
users. We are also trying to use multimedia 
recommendations in the ubiquitous environment. 
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