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ABSTRACT: E-learning has become very famous in recent years. This is the modern era of internet and 
technology and a lot of information is available on the internet. E-learning helps the learner in accessing 
the best information available for learning purpose. In this bundle of endless information, not every 
material is useful for every learner. So, in order to filter the available contents, a process called 
recommendation is defined which help users in recommending the most appropriate material for learning. 
One of the main issues with recommender systems is called the new-user cold-start problem. When a new 
user enters in a system, there is very little information present about the user and this causes inaccuracy in 
recommendation for the user. In this paper, we have proposed an approach which increases the 
recommendation accuracy for new-user cold-start problem. The evaluation of the proposed approach 
shows the improvement by 6% from the existing approach. 
 

 

1. INTRODUCTION 
In recent years, e-Learning has become very famous because 
this type of learning system uses up-to-date and latest 
educational technologies to implement such a learning 
environment where information technology is integrated in 
curriculum which helps in creating much more effective 
learning environment than traditional learning system [1]. In 
comparison with traditional ‘face-to-face’ learning, e-
Learning has got much attention and is quite famous. 
However, e-Learning has a lot of difference when compared 
with other e-Activities because e-Learning has its own way 
of information retrieval, knowledge management and 
pedagogical process [2]. 
Personal Learning Environment (PLE) is becoming very 
popular in the line of Technology Enhanced Learning (TEL). 
“PLEs refer to a set of learning tools, services, and artifacts 
gathered from various contexts to be used by the learners” 
[3]. Furthermore, according to Van Harmelen [4] PLE’s help 
learners to enjoy ICT-based environments for learning 
activities so that a learner can connect to different networks 
in order to collaborate on shared outcomes and acquire 
necessary (professional and rich professional) competences 
through using the PLE. 
Because there is so much information available on the 
Internet, it can be quite difficult for a learner to find the most 
appropriate contents for learning. This problem arises 
specially when a user is new to the learning and he has very 
little personal experience. In learning activities of a learner, 
recommendations are considered a good technique because it 
helps the user to choose the materials for learning. 
Recommendations can be very useful in different aspects of 
Personal Learning Environment for example, for finding 
relevant tools, get recommendations for learner to 
interaction in specific situations [5]. 
Recommendation or recommender systems are very popular 
since the past few years. It is defined as “systems that 
produce individualized recommendations as output or have 
the effect of guiding the user in a personalized way to 
interesting or useful objects in a large space of possible 
options” [6-7]. Recommendation systems are used in e-
commerce and social networking sites commonly and now 

this system has gained a lot of attention in the e-Learning 
community as well. There are different types of 
recommendation techniques but the most popular techniques 
are ‘Collaborative Filtering’, ‘Content-based Filtering’ and 
‘Hybrid Filtering’ [6, 8-9]. 
In this paper, we are going to propose an approach which is 
based on collaborative filtering. This approach has increase 
the recommendation accuracy for the new-user cold start 
problem specifically in the personal learning environment. 
The approach is discussed in detail in section 3. In the next 
section, we have presented some extensive literature review 
related to PLE, recommender systems and the current 
problems regarding recommendation. 
 
2. LITERATURE REVIEW 
2.1 e-Learning 
e-Learning has become an integral part of learning 
environment these days. This is the era of information 
technology and social media and there is lots of information 
available on the internet. e-Learning environment simply 
just makes these information available to the learner through 
the use of web technologies like internet, social networks, 
blog, wiki’s, etc. E-Learning is different from other learning 
systems because of its difference in involvement of 
information retrieval, knowledge management and 
pedagogical process [10-11]. 
As the technology advances, there arises the need for 
personalization in the e-Learning environment. Because 
there is so much information freely available on the internet, 
not every learner can read these vast amounts of information 
or learning content. So, in order to keep the learners interest 
on the acquired goals, personalization needs to be done. In 
order to fulfill this requirement of personalization, an 
environment came to existence known as Personal Learning 
Environment (PLE). 
2.2 Personal Learning Environment (PLE) 
PLE can be described as the set of tools, services and 
communities that establish an individual educational 
platform for learners to use for their own direct learning and 
accomplish their educational goals and targets [12]. 
Learning Management Systems (LMS) are frequently 
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compared with PLE but they are different due to the fact that 
LMS are course-centric whereas PLE’s are learner-centric. It 
is not necessary for a PLE to intersect with an institutional 
LMS but an individual learner may integrate different 
components of LMS in the environments they created for 
themselves. For example, in a typical PLE, different blogs 
may be integrated where comments upon their learning style 
or post information related to their learning and this might 
reflect the information drawn from internet, sites like 
YouTube. As it been argued above, the PLE is not a specific 
software or application but it is more like an ideology about 
how learners achieve their task of learning. Although online 
environments are a major focus of PLE, this is not the 
limitation here [13]. 
As discussed above, there is lot of information available on 
website, social networks, blog, wiki’s, etc. Now, the learner 
is only interested in information which is most relevant to 
him. If a leaner get lots of information, in which there is 
little information of use for the learner, the learner will lose 
interest. Looking at another scenario, we have come to learn 
that sometimes the learner’s have very little or no personal 
experience regarding learning. So, in this case, 
recommendation comes to aid the learner by filtering the 
available information, customize and recommend only the 
relevant information according to the features and needs of 
the learner. ‘Good’ recommendations are a vital and 
important task in a successful PLE. ‘Bad’ leads to the failure 
of a PLE and learner’s trust whereas ‘Good’ 
recommendation ensure the user’s trust in the PLE [14]. 
2.3 Recommender Systems 
Recommender systems are a type of information filtering 
system that gives advice on products, information, or 
services that a user may be interested in. They assist users 
with the decision making process when choosing items with 
multiple alternatives [15]. All recommender systems, 
whether they are in the e-commerce world or any other 
application, all have three things in common: they all take in 
inputs; they all have a goal; and they all produce and output 
[16]. The basic function of recommender systems is to 
provide recommendations to the users, based on items or 
information related to their interests and in some cases, to 
provide guesses or ratings to each item which the user may 
prefer [15]. 
2.3.1 Issues in Recommender Systems 
After going through the literature, a few major challenges in 
the recommender systems were found. These problems pose 
serious challenge on the use and performance of 
recommendation systems. Few major problems are discussed 
below: 
a)- Cold Start: This is very common problem for new user 
or new item. When a new user or new item is registered in a 
system, usually there is insufficient information and ratings 
for them and this affects the recommendation algorithm to 
predict them or recommend them. Every recommendation 
technique uses ratings or past history, in order to recommend 
effectively and efficiently. Now, if the item or user has not 
enough ratings or history, it is very hard for the algorithm to 
process them and this one of the major challenges of 
recommender systems. There are two types of cold-start 
problem; new-user cold-start problem and new-item cold-
start problem [17-19]. 

b)- Data Sparsity: Since users may not rate some items, the 
user-item matrix may have many missing ratings and be very 
sparse. Therefore, finding correlations between users and 
items becomes quite difficult and can lead to weak 
recommendations. Many users don’t rate every item they 
like, so it is not necessary that if a user has not rate an item 
means that the user did not like the item. This is big issue in 
recommender systems [18, 20-21]. 
c)- When there are result sets which are too similar to one 
another, this can lead the users to lose interest due to the 
reduced diversity of results. The user needs diverse results 
which are relevant to them but are also dissimilar [22]. 
2.4 Types of Recommender Systems 
There are different types of recommender systems like 
collaborative filtering recommender systems, content-based 
filtering recommender systems, hybrid filtering 
recommender systems, knowledge-based filtering 
recommender systems, demographic-based filtering 
recommender systems and utility-based filtering 
recommender systems [6, 8-9, 23]. Here we are going to 
discuss collaborative filtering recommender system 
according to the scope of this paper. 
2.4.1 Collaborative Filtering Recommender System 
Collaborative filtering recommender system [9, 17, 20, 24-
27] uses collaborative filtering approach to provide the user 
with recommendations based on what other users with 
comparable interests or preferences might have liked in the 
past. It leverages the similarity between users to make 
recommendation because their preferences are sometimes 
correlated. 
Collaborative Filtering systems are often classified as 
“memory-based collaborative filtering” and “model based 
collaborative filtering”. In the early research phase, 
researchers’ used a memory-based approach to predict items. 
In memory-based approach the items are predicted based on 
the past ratings by users on an entire collection of item. Due 
to the limitations with the memory-based approach, model-
based approach came into existence. In model-based 
approach, a model of created which is then trained by giving 
a collection of ratings and this model is then used for 
prediction. Although this approach overcomes some of the 
limitations of memory-based approach, it also has its own 
limitations. 
So in conclusion, we can say that in this modern PLE can 
play a very crucial role in the field of e-learning. As 
discussed above PLE use different technologies and 
integrate them to provide a complete platform for the 
learner. So recommendation comes in handy for the 
selection of most relevant information for a particular user. 
But recommender systems come with their own limitations 
and advantages, as discussed above. So in this research, we 
have presented an approach to improve the accuracy of 
recommendation for new-user cold-start problem. In the next 
section we are going to present our approach and an in depth 
discussion about the approach. 
 
3. PROPOSED APPROACH 
In this section, we have discussed our proposed approach. 
Fig. 1 explains the working of our proposed approach. 
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Fig. 1. Interaction-based Collaborative Filtering Approach 

 
The main objective of this research work is to improve the 
accuracy of recommendation for new-user cold-start 
problem. So, this approach focuses on new-user when the 
new user enters in the system. As the initial step, when the 
user creates a profile, the system shows some tags to the user 
and user choose few tags that matches best to the user 
criteria. The profile of that user is then saved in the 
repository and with the help of these tags the 
recommendation is generated for the user. 
As shown in Figure 1, when the user profile is completed, 
this profile is then sent to the recommendation engine. In 
this recommendation engine, the tags are weighted and after 
few calculations, a list of the recommended users is then 
given to the new-user and this new information is then 
updated in the user profile. There is a repository where all 
the files and preferences are stored. There is one important 
component whose work is to continuously update the user 
profile and interaction details. With the help of this 
component, the accuracy of recommendations can increase 
drastically. The more history, ratings and interaction details 
are there, the more system can generate accurate results. 
The recommendation engine has further two main processes 
involves in it. The first process is called implicit or informal 
interaction and second is called explicit or formal 
interaction. In the implicit interaction, a list of recommended 
users is generated by calculating the tags similarity between 
the new user and the existing users. This can be done by the 
using the method called ‘Levenshtein Distance’ [28]. This 
list is then passed to the explicit interaction process. In this 
process, the list which is passed to this process is then 

filtered further to get a more accurate list. This filtration is 
done by identifying the frequency of tags that are common 
among the new user and the users in the generated list. So, 
the more frequency there is, the more this user is appropriate 
for the new user. 
 
4. EXPERIMENTAL EVALUATION 
In this section, we have discussed in detail about the dataset 
used in the experiment and the experimental setup. We also 
have discussed the results. 
4.1  Introduction to the Dataset 
The dataset used in the evaluation of the proposed approach 
is Movielens dataset which contains the cold start users 
(users with less than 20 votes). This dataset contains 
10000054 ratings and 95580 tags applied to 10681 movies 
by 71567 users. The minimum rating is 0.5 and maximum 
rating is 5 with the step size of 0.5. The mean, median and 
standard deviation of ratings is 3.61, 3.72 and 1.06 
respectively. 
For our experiments, we need users and tags information. 
Since cold-start users (users with less than 20 votes) are not 
accounted in Movielens dataset, so in order to perform 
experiments related to cold-start users, we have removed 
votes from the dataset. Indeed, we have removed randomly 
between 5 and 20 votes of those users who have rated 
between 20 and 30 items. Similarly, the tags for these users 
have been removed as well. So now those users who have 
rated between 2 and 20 items and have few tags selected are 
referred to as cold-start users. A screenshot of the data tables 
which are used in this experiment can be seen in Figure 2. 
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Table 1. Main parameters of the Movielens dataset 

Number of Users 71567 
Number of Movies 10681 

Number of Tags 95580 
Number of Ratings 10000054 
Minimum Ratings 0.5 
Maximum Ratings 5 

 

 
Fig. 2. Data Tables Structure 

 
4.2  Experimental Setup 
The experiment has two parts. In the first part, when a new 
user enters in the system, a list of different keywords to 
select 5 tags. These tags are saved in the user profile and this 
profile is then used to generate first list of recommendation 
for the user. 
In the second part, we assume that the user has updated the 
profile by visiting other links, other users’ profile and some 
other articles. All these information is saved in the form of 
tags and keyword. This profile is then used to generate the 
most suitable list of 5 users. Step by step description is given 
below: 
Step 1 – A new-user is entered in the system. A list of few 
tags is shown to user and the user selects few tags from that 
list. These selected tags are then saved in the user profile. 
This profile is constantly updating. Whenever user interacts 
with the system for example, when user clicks on some 
article or visit some other users’ profile. 
The input is a new user, the user selects few tags from a list 
of tags which is data and the output is the profile which is 
saved for every user. 
Step 2 – Now the first phase of recommendation is done 
through informal or explicit interaction. This can be 
achieved with the help of tags that user has selected, when 
the user is entered in the system. By matching the tags with 
other users’ tags using Levenshtein Distance [28] algorithm. 
This algorithm calculates the difference between two strings. 
By using this algorithm, we search 50 users which are best 
related to current user. A detailed explanation of 
Levenshtein Distance algorithm is given in table 2. 

The input for this step is the user profile. From the profile, 
the system retrieves all the tags and start comparing the tags 
with other users’ selected tags, so the profile is the data for 
this step. The output is the list of 50 users recommended for 
the new user. 
Step 3 – For the second phase of recommendation, namely 
explicit or formal interaction, we assume that user has 
selected some tags or selected some users and this 
information is saved in the profile. Now, the profile of user 
contains more than 5 tags and keywords which are most 
relevant to user. We retrieve all the tags and keywords from 
the users’ profile and once again we run these tags through 
Levenshtein Distance algorithm to match all the tags to other 
users’ tags.  
The input for this step is the user profile. From this profile, 
again all tags information is retrieved and once again 
computed with other users profile in order to find the closest 
match for the new user. This is the data for this step. A list 
of 5 users is then recommended to the new user, which are 
the most appropriate candidate for the interaction. This 
information is updated in the profile as output. 
Step 4 – Finally, the system recommends a list of five users 
to the current user, based on the tags similarity among them. 
This information is again saved in the profile. As the user 
profile stores more tags and keywords related to the user, the 
more accurate the recommendation gets. 
The input is the profile and the list of 5 users is retrieved 
from the profile which is the data. The output is the list of 
users, which is then recommended to the user, which is the 
output of this step. 
 
A pictorial description of experiment is given in Fig. 2. 
 
Table 2. Levenshtein Distance Algorithm 

• Set n to be the length of x, and m to be the length 
of y 

• Create a matrix with m rows and n columns and 
initialize the first row and column to 0…m and 
0…n respectively. 

• Examine each of the characters of x and y to 1 to n 
and 1 to m. 

• If x[i] = y[i], the characters are equal and the 
transformation cost is 0. If x[i] != y[i], the 
characters are not equal and the transformation 
cost is 1. 

• The value of cell d[i, j] is set to the minimum of 
{d[i-1, j] + 1 (the cell above + 1)}, {d[i, j-1] + 1 
(the cell to the left  + 1)}, or {d[i-1, j] + cost (the 
cell diagonally above and to the left)}. 

• Step 3-5 is repeated until the distance score is 
found in cell d[n, m]. 

4.3  Results and Discussion 
In this section, we have discussed about the results of 
the evaluation of our proposed approach. Movielens 
10M dataset is used as a dataset to evaluation our 
approach. Our approach corroborates the good results 
for new-user cold start issue. 
The graph of precision accuracy of our approach can be 
seen in Figure 3. The experiment is designed to run 10 
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times and gives the accuracy each time. We calculate 
precision on based of that accuracy and plot the graph 
of all times. It shows an improved precision for our 
proposed approach, the graph of the comparison is 
given in Figure 5. 

 

 

Fig. 2. Description of flow of experiment 
  

 
Fig. 3. Precision Accuracy 

 

Fig. 4. Recall Accuracy 
Similarly, we took the recall of our proposed approach 
which is shown in Figure 4. Each time the experiment runs 
and we get an accuracy value, we took recall and then plot 
the graph of all ten results we get. The recall has shown 
slight improvement. 

 
Fig. 5. Precision Comparison with [29] 

The Figure 5 shows the comparison of precision of our 
approach and [29]. Our approach shows improvement of 
about 14% in 1st recommendation, 12% in 2nd 
recommendation, 9% in 3rd recommendation and so on. By 
taking average, we calculated overall 8% improvement when 
compared with [29]. 
 
5. CONCLUSION 
E-learning has become an integral part in learning for 
students in this era of modern of technology and internet. 
As the technology advances, so does the problem. A very 
common problem in this regard is the problem of new-user 
cold start. It is the problem in which when a new user 
enters in a system, the system has to recommend different 
contents to user. But because the user is new and there is 
not much information about the student, therefore the 
system fails to recommend most appropriate content to the 
user. In this research paper, we proposed an approach to 
improve the recommendation accuracy for new–user cold 
start problem. We have discussed about our approach and 
the experimental evaluation in detail in sections 3 and 4 
respectively. The result shows the improvement in the 
accuracy of recommendation for the new-user cold start 
problem. 
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