ISSN: 2278-621X International Journal of Latest Trends in Engineering and Technology (IJLTET)

Clustering Based Approach to Overcome Cold
Start Problem in Intelligent e-Learning system

Gopal Sakarkar
Department of MCA, G. H. Raisoni College of Engineering, Nagpur,440016,India

Dr. S. P. Deshpande

Associate Professor & Head, P. G. Department of Computer Science and Technology
HVPM, Amravati. (MS) India

Abstract : Online learning and teaching is new methodology adapted by both learners as well as teachers.
Recommendation is the recent demanding trend in every online services provider. Along with various e-business
and e-commerce service providers, e-learning websites are willing to start and deliver customize and recommend
based learning systems. Proper and accurate recommendation is very challenging and demanding research area in
21st century as a numbers of web sites are increasing dramatically every day. But to deliver the essential product to
accurate user is basic obligation of good recommendation system. One of the most challenging task for developing
intelligent e-learning system is to overcome the cold start problem that occurred for new learners. In this study ,
data generated from the learners was analyzed using K-Nearest Neighbour , K-means algorithm and Apriori
algorithm . To develop a better recommendation systems , we are considering learners past educational data,
parental information and his current technical knowledge. Result of data analysis reveals that socio-economic
background and educational academic past data plays important role in recommendation system.
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I. INTRODUCTION

In 2020 , India will become highest literate country in world and having highest young IT (Indian Talent )
people to use the computers and mobile apps. To provides constructive and appropriate digital information is
new challenging and researching area in web based applications. On the other hand digitalization in studying,
learning and teaching is a new trend adapted by new generation of leaner. Providing and recommending latest
and appropriate study material to leaner is a Hercules task for e-learning providers.

Socioeconomic plays a vital role in their children’s education. As per authors proposal [1] ,the parent
education, occupation ,annual income also play important role in the development of learners educational
carrier. It is the need of an hour , parental involvement and their role will help their children to have better
education[2]. Kevin Majorbanks were focussed on two parent vs single parent households, divorce ,family size
, number of sibling etc. The socio-economic status is a combination of parent’s education ,occupational status
and income level by comparing all aspects of these parameters , result shows that only those learners show
good result in educational field those having a good socioeconomic status [3].

For any recommendation system , it is extremely difficult to provide an accurate recommendation to the user on
his first attempt use of the system. The cold start issue for new users can lead to new user who decide to stop
using the system due to the lack of accuracy in the recommendations received in that first stage[4].

Apart from the recommendation system , cold start problem have been presented in personalized web
searching techniques as it has lacks of browsing history or any relevant information regarding use. [5].

Overindulgence of recommending the services are also one of the problems faced by users. They are getting
irrelevant recommended suggestions, emails or SMS in mobile . This is due to lack of personal information of
learner by service providers. Knowing learners complete profile is an important task for content
recommendation in web personalization[6] .

One of the novel architecture for an e-Learning environment using an intelligent personalized context-aware
recommendation system was proposed by Lantao Hu et.al. Its uses a Rules Engine to manage a set of rules for
each user to achieve personalized recommendation. For recommendation they used Recommendation Algorithm
and a Random Walk with Restart (RWR) that algorithm can be used in the diverse object network model and
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the recommendations are generated according to the similarity and homophile of the objects .However , authors
have neglected the user registration parameters for developing effective recommendation system [7].

Lakshmi Sunil and Dinesh K Saini , designed the recommender system that based on mapping a e-learning
content ontology and learner profiles in the system, but again they have not focused on users profile building.
Recommendation system has been developed using data mining techniques that use the course content , leaner’s
style and learner aptitude knowledge to construct a complete new course from existing learning content in a
course repository[8].

Similar Profile Recommender System is one of the innovative recommender systems developed by Ye Xu
et.al.[9]. It helps recruiters and hiring managers to discover other similar quality talent by pivoting of a model
user profile. It models each member profile, by extracting a labelled bags of canonicalized keywords from
profile fields such as summary, skills, companies worked at, schools attended, job titles etc. They used cosine
similarity to find out similarity score from two members profile.

One of the very popular recommendations method used by researcher is tagging for personalization . It has been
recognized that if system has lack of information about tagging then the recommendation is totally based on
users fully design profile. Eventhough they proposed new dimension in folksonomy and use the Quadricons
algorithm to mine quadratic concept of users ,tags, resource and profile, the conclusion of proposed work is
focused on strong build up of users profile only[10].

It has been found that when the learner is new in a e-learning system , the system is enable to extract sufficient
information from the learners profile that is required to start a recommendation, which has been popular by the
name of Cold Start problem[11].It means that when the new learner in the system does not visit and not rate any
learning content, the system does not claim the learners required goals and is unable to filter the starter or new
recommendations.

Two important aspects have been mainly focused that increasing the profile length and make the profiling
process smooth for the user by limiting the number of ratings[12]. They have inferred that if profile length is
small then it affects the accuracy of recommendations and burden of the rating process. It has stronger effects
on the perceived quality with recommendation systems. Also Several studies show that the risk in requiring
users to rate many items is to annoy them or to have them give up the rating process[13].

Usefulness of user profile plays an vital role in CQA(community questioning and answering )system. Authors
find out that the close relationship between user profile information and the quality of their answers
underground truth that user information records the users behaviour and histories as a summary [14].

II. LITERATURE REVIEW

One of the major neglecting and critical issue in any recommendation systems is a ‘Cold Start Problem’. The
cold start is a problem , when any new user enter first time in online system and system doesn’t have any past
historical information about user. In this situation , it is very difficult to provide a proper recommendations or
suggestions to the user. This problem was faced by News recommendation system developed by Lei Li et.al.
They observed that traditional user profile can be used for keeping track of articles the user has read so far.
However , simply representing these user’s profile as a weighted topic distribution cannot effectively capture
user’s exact reading preference[15].

Authors projected a small amount of efficient methods based on ask-to-rate technique in which the profile of a
new user is made by integrating information gained from a quick interview called as ask-to-rate technique . The
ask-to-rate technique is the most direct way for obtaining some information about the new user and for learning
the user’s preferences that will be useful to overcome the problem of cold start[16].

Social networking data can be used to solve the cold start problem[17].To overcome the problem of cold start
,2this  framework consists of a different language model, whose mixture weights are estimated with a factor
graph. The factor graph is used to incorporate prior knowledge and heuristics to identify the most appropriate
weights.

One of the solution for this cold start problem was proposed in [18] by learning domain concepts derived from
the profiles can form a rich resource for augmenting the limited learner model to overcome the classic ‘cold
start’” problem in user adaptive environments.

According to a study conducted among a sample of American social media users, social media plays an
important role as 93% of companies be present social media websites, and about 85% said that a company is
required to not only have presence in social media but also interact with customers through social media [19].
Cross-domain user profile modelling is an innovative idea as addressed in [20] . They analyzed user’s
Facebook profile, and expanded it by linking it to Flicker in order to recommend socially relevant photos. They
have find out that Flicker provide photos with more detailed metadata, and at a much higher resolution than
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photos on Facebook, but at the same time they provide much less information about the user. Thus the two
social networks can be used to complement each other.

Online dating is a rising of new world in social networking community , but it also facing a problem of ‘cold
start’ problem because , finding suitable matching partner for dating , each user needs a person which is
comfortable with him/her. Finding such comfortable partner ,they need to match some of the basic
characteristics like lifestyle ,career ,education, hobby etc.[21]. User’s detailed profile plays an important role in
finding suitable dating partner , authors are emphasised on designing a detail user profile ,so that they can
recommended with perfectly matching dating partner.

Shehab A. Gamalel-Din [22] suggests that the most effective means for teaching is through one-on-one
interactions with learners. The better learning results would be achieved by adapting the e-tutor interaction with
its individual learner user. To teach in better way to an individual learner system has to know in depth
knowledge about profiling of user ,so that it will suggest an interesting and useful study material to learners.

Developing an effective web personalization system is to build and model dynamic user profiles. A proposed
multi-agent based system [23] for building a dynamic user profile that is effectively capable of learning and
adapting to user behaviour. On the basis of users browsing behaviour it will be possible to find out short-term
and long-term users interests. An Ontology concept was used to predicate user’s interests by mapping web
pages visited by a them. Experiments demonstrate that developed system is able to effectively model a
dynamic user profile that is capable of learning and adapting to user behaviour, as result performance of
personalize system is more than non-personalized system.

Jodo C. Prates and Sean S. M. Siqueira proposed information extraction techniques that applied to educational
resources to expand the queries done by learners and adding contextual information in the search and finally
recovering more appropriate educational resources. As a result it can can be used in an educational environment
to improve the search of educational resources. The educational resources made available by this work was
again not provided to precise learner because of system lacks a complete information about users profile [24].

Long-term interest profile was used in news recommendation system. It used the semantically annotated news
items and the defined ontology-based user profiles help to provided users interested news items [25]. Learning
user profiles of Web browsing behaviour can co-operate to personalize search results and identify persons of
interest. This profile is generated at run time ,based on the users visited websites .From this auto generated
profile , other web systems not get an exact personality of user and hence it may provide irrelevant type of
information that will be not useful for user[26].

The “‘online shopping reference model”” indicated that gender and age will affect users’ intentions to shop
online. The survey revealed that 91.9% of the younger group had online shopping experience and as compared
with 24.4% of the older group[27]. In our study ,we had find out number of web services provider do not give
an importance to age or DOB factor while registration process.

Blogs, micro-blogs, social networks, wikis, forums, and content communities are new ways of communication
and information sharing. Eventhough these are very popular web tools , complete user profiling was not
available in any one of these services [28].One of the interesting thing is that U.S. companies spend $3.08
billion to advertise on social networking sites in 2011, a 55% rise from the previous year (eMarketer, 2011). If
we have such large financial platform to deliver web services to intended users, the web system must have
completed information about user , so that they will recommend the suitable and literal web product to user ,
that’s rejection of such services by user will be reduced and such huge amount spent on advertising will get
beneficiated.

III. RECOMMENDATION TECHNIQUES

To provide a proper recommendation and personalization as per interest and using basic profile of users is a
very challenging and demanding work in current Web 2.0 technology world. A Rule engine is one of the ways
to achieve recommendation. It is basically a graph- based collaborative filtering that is used to identify the
relationship between various users[7]. Collaborative filtering algorithm is one of the very popular
recommendation system algorithm that use the rating concept given by a set of similar users[8], while a
Semantic context-aware recommendation is one of the new paradigm used for recommendation purpose.
Semantic context is a background topics under which user access activities occur within a given particular unit
of time[25].
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One of the traditional recommender method is RMSE i.e. Root Mean Squared Error ,which works in a system
where users rate items in a certain separate range(scale from one to five)[29].

Web 2.0 tool is used for recommendation systems. Anita and Eugenijus developed Web 2.0 tools that analyses
learning activities . They used a novel method of integrating Web 2.0 tools into personalised learning activities
according to learners learning styles and developed a prototype of the recommender system[30].

To recommend a medical document according to user profile is an innovative idea proposed by Kleanthi
Lakiotaki et.al., they first be labelled documents as either expert or consumer document. A linear
transformation method is used to categorise provided utility score for every document [31].

IV.RESEARCH DESIGN AND METHODOLOGY

Collaborative filtering is one of the most widely used techniques, which plays a vital role in designing the
recommendation systems. The collaborative filtering technique based recommender system may suffer with
cold start problem . In this paper recommendation system generates suggestions for user by combining his
personal information, educational information and parental information . This is one of the new approach we
are proposing to overcome the cold start problem.

In collaborative filtering ,various algorithms are used to make automatic predictions about a leaner’s interests
by compiling preferences from several co-learners. CF system recommended the educational websites to a
target learner based on the opinion of other co-learners present in his group. Once the neighbourhood is formed ,
system recommended the useful knowledge data set to the leaner.

The proposed IMSAA systems is tested with very widely used standard MovieLen data set[32]. MovieLens
data sets were collected by the GroupLens Research Project at the University of Minnesota. This data set
consists of 100,000 ratings (1-5) from 943 users on 1682 movies. Each user has rated at least 20 movies.The
data was collected through the MovieLens web site (movielens.umn.edu) during the seven-month period from
September 19th, 1997 through April 22nd, 1998.

This system employ statistical techniques to find a set of learners as neighbours , that have a history of
agreeing with the target learners by either match in socioeconomic level or in knowledge level.

First group created by matching learners socioeconomic information called as G1 , and second group is
created by combing learner’s basic technical knowledge (by taking online C test) and selected skill set called
as G2 . Final group is G1 [ G2 = G3, that result contained common learners in G1 and G2, which is a final
list of co-learners recommendation to a learner.

On the basis of these co-learners groups, our IMSAA system provided a useful technical website links
recommendations , even though system does not have any past historical information of login leaner .

The proposed CF-based recommendation system generation divided into three part, ‘representation’ ,
‘neighbourhood formation’ and ‘ recommendation generation’. The ‘representation’ task deals with the scheme
used to model list of web links that have already been used by other co-learners and forming a group of co-
learners on the basis of socioeconomic status . The ‘neighbourhood formation’ task focused on the problem of
how to identify the other neighbouring learners on the basis of C test result and selected skills set. Finally,
‘recommendation generation’ task focuses on the problem of finding the top-N recommendation web links
from the neighbourhood of learners.
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a. Experiment Setup

The collection of data for the experiment was done through a online developed application
IMSAA(www.imsaa.in).
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Fig.1 Login and New Registration Page
New learner or already registered learner has to first appear for the online C test, mean while system has
classify the new learner in one of the group (A, B, C, D) using K-means algorithm (where K=4) and K-NN

algorithm is used for the learner’s profile that compute the similarity between the learner and each one of the
other co-learners in the system(Say G1).
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Fig.2 Online C Test
After attending the 20 questions C test with in 20 minutes , next leaner need to choose at least 3 skills set of his

interest out of 15 skills.
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Fig3. Selection of Skill set

On the basis of test result and interested skills , system generate second group (Say G2), which is a combination
of learner’s knowledge level (beginner, fresher, experience and expert ) and chosen skills.

Finally ,system has to form the final group of co-learners (G1[] G2=G3) for providing matching co-learners as
a recommendation.
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Fig.4 Result of G1 NG2=G3
As our new learner used this system first time and system does not have his any past information , at this stage
‘Cold Start Problem’ occurred ,i.e. system don’t provided proper recommendation of web site links , as leaner
not used the system from long period of time.
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Fig.5 Website links recommendation
To overcome the this cold start problem, we are introducing an innovative approach of recommendation by
combining the socioeconomic status of learners and his knowledge i.e. the group G1,which is a collection of
users location , hobby , mother tongue, family members and sibling , father income and occupation , his
educational information from secondary school to higher degree level.
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Fig6. G1 Result Dataset
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WEKA tool is used to analysis the k-means clustering algorithms ,which moved the existing data among sets

of cluster until the desired set is reached. Here we used Euclidean distance to find the KO, K1,K2 and K3
clustered as shown in fig7.
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Fig 7: Result of G1 analysis using WEKA Tool
The K-NN classification algorithm is used to form a group G2 which is based on the result of C test and his
selected skill set .The KNN technique assumes that the entire training set include not only the data in the set but
also the desired classification for each item .When this classification is to be made for new learner , its distance
to each co-learners in the training set must be determine. Only k closest entries in the training set are consider
further. The new learner is then placed in the class that contains the most co-learner from this set of k-closest
co-learner.
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c. Experiment Evaluation

Data sets

1.MovieLen Data Set: The samples data used for evaluation was taken from the MovieLens data set, which
provides 100,000 ratings (1-5) from 943 users on 1682 movies dataset. The data set was downloaded from the
Grouplens website [GroupLens Research. http://www.grouplens.org/node/12.].

For this experiment , we are considering the sparsity level data set, which is find out by 1- nonzero entry/no. of
cloumes A table that is 10% dense has 10% of its cells populated with non-zero values. It is therefore 90%
sparse — meaning that 90% of its cells are either not filled with data or are zeros. :

2.IMSAA Data Set : The IMSAA is the online data set that generated data set real time . For collecting this data
we had develop online web application www.imsaa.in and collected 200+ learners information from various
colleges in India. This data set contain 245 learners data at tbl personal info having personal information of
each learners , tbl parent details has details information of learners parent, while tbl_education_details has all
educational information of each learners started from his middle school to higher studies.

Evaluation Metrics

To retrieve top-N recommendation , we used two metrics that widely used for Information Retrieve(IR) i.e.
recall and precision[33]

Precision : Precision takes all retrieved documents into account, but it can also be evaluated at a given cut-off
rank, considering only the topmost results returned by the system. This measure is called precision at n.

|Relevent Datal N|Retrive Datal|

Precision = -
|Retrive Data|

for this recommendation system experiment we define precision as
Relevent Data
Total Retrive Data
Recall : Recall in information retrieval is the fraction of the documents that are relevant to the query that are
successfully retrieved.

Precision=1 —

|Relevent Datal N |Retrive Datal|
Recall =
|Relevent Data|

for our recommendation system experiment we are considering recall is always 100%.
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We used standard F1 metric(Accuracy of System) that gives equal weight to both recall and precision as it is

computed by

d. Result Analysis

F1 2 + recall » precision
" Recall + Rrecision

To check our propose methodology , we are tested it on the IMSAA and MovieLens database.

(=) ——— - — —

=S

Movie DataSet IMSAA Datset

i Fig 11.Comparing MovieLen Data set and IMSAA data‘set
=

HE)

Back

Age: 26 | Gender: F Accupafion:  8TUDENT ZipCode 87643

Getsuggesion

Crime Mystery Thriller

Figl2. MovieLen Recommendation

For MovieLen data set ,we are considering its 18 different categories of movie like Action, Crime, Mystery etc.

Sr.

No | Age | Sex | Occupation | Zipcode Precision | Recall | F1

1 26 F LEARNER 87643 0.833 1 0.909
2 39 M Entertainment | 43211 0.888 1 0.941
3 70 M Executive 23567 0.888 1 0.941
4 28 F librarian 76543 0.888 1 0.941
5 26 M LEARNER 87655 0.833 1 0.909
6 56 M Lawyer 65432 0.888 1 0.941
7 36 F Writer 76543 0.833 1 0.909
8 18 F OTHER 87665 0.833 1 0.909
9 47 M EDUCATOR | 65432 0.777 1 0.875
10 51 F SCIENTEST | 78644 0.888 1 0.941
11 32 F Writer 23456 0.833 1 0.909
12 41 M programmer 34567 0.833 1 0.909
13 29 M programmer 54358 0.888 1 0.941
14 | 27 F marketing 43543 0.833 1 0.909
15 53 M marketing 76789 0.944 1 0.971
16 45 M administrator | 23567 0.888 1 0.941
17 23 F learner 42489 0.777 1 0.875
18 21 M writer 34432 0.833 1 0.909
19 | 28 M educator 23442 0.833 1 0.909
20 18 F learner 43134 0.888 1 0.941
21 26 M programmer 43551 0.777 1 0.875
22 22 M executive 42144 0.833 1 0.909
23 37 M programmer 54232 0.888 1 0.941
24 |25 M librarian 54674 0.777 1 0.875
25 16 M writer 34343 0.777 1 0.875
26 27 M programmer 23546 0.833 1 0.909
27 49 M educator 53454 0.944 1 0.971
28 50 M healthcare 54350 0.833 1 0.909
29 36 M engineer 54354 0.833 1 0.909
30 27 F administrator | 54534 0.888 1 0.941
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Figl3. IMSAA Website Recommendation

Sr.No Grl“’l“p Skilll | Skill2 | Skill3 | Precision | Recall | F1
1 2 2 7 5 0.666 1 0.800
2 1 3 2 7 0.533 1 0.696
3 1 6 11 3 0.729 1 0.843
4 3 6 14 4 0.621 1 0.766
5 4 12 8 14 0.836 1 0.911
6 4 12 4 9 0.734 1 0.847
7 3 4 3 8 0.600 1 0.750
8 3 4 12 7 0.571 1 0.727
9 4 10 3 2 0.666 1 0.800
10 2 9 7 2 0.600 1 0.750
11 4 8 8 4 0.700 1 0.824
12 2 2 5 6 0.900 1 0.947
13 2 14 8 3 0.730 1 0.844
14 3 11 9 12 0.450 1 0.621
15 4 12 4 9 0.450 1 0.621
16 3 3 8 9 0.570 1 0.726
17 2 9 7 2 0.730 1 0.844
18 4 12 3 6 0.730 1 0.844
19 3 8 2 7 0.810 1 0.895
20 4 6 4 13 0.720 1 0.837
21 1 7 3 12 0.540 1 0.701
22 4 8 6 8 0.900 1 0.947
23 4 6 9 12 0.540 1 0.701
24 1 8 10 6 0.850 1 0.919
25 4 1 13 4 0.570 1 0.726
26 1 4 2 3 0.550 1 0.710
27 2 13 3 6 0.733 1 0.846
28 4 14 2 7 0.733 1 0.846
29 2 9 9 5 0.700 1 0.824
30 3 11 2 8 0.800 1 0.889
Table 2: IMSAA Result
F1-Accuracy of Data
2.000

1.500 L . .!

L0000 e T g

0.500

F1 Metric

0.000

i 3 5 F 5 11 13 15 17 1% 21 23 25 27 28

—+— MovieLenFl —w—IMIALFL

No.of Users
Fig 14: Impact of neighborhood size on recommendation quality .
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d. RESEARCH IMPLICATIONS

In the proposed work, IMSAA dataset have been compared with MovieLen dataset. In tablel , we considered
four parameters (age ,gender, occupation , location) of Movielen data to get the accurate recommendation of
movies to user. We then calculated each individual precision and recall functions and finally F1 of individual
users. The same methodology we implemented for IMSAA dataset to find out the accurate socioeconomic status
and current knowledge level. In table2, we considered learners current group and his first 3 skills set interest .
After comparing result of IMSAA and MovileLen [figl4] we had find out that the impact of neighborhood size
works same in both system . Hence our proposed methodology of socioeconomic status of learners and current
knowledge level are useful to solve the Cold Start Problem in e-learning system.

VI.CONCLUSION

Implemented collaborative filtering generate recommendations based on co-learners similarity.

Since the system does not have any data about the new learner preferences, it could not provide any
personalized recommendation for him/her.In this paper we have reviewed several methods for dealing with the
new learner problem via his socioeconomically status and knowledge level.

The results obtained by proposed technique is good and we can use that. From the above proposed methods,
the results are reported in the form of graph. From that we can conclude that in CF eventhough system does not
have enough information about new learners , it can provided sufficient recommendation to leaner so that they
can start initial working with an e-learning system and overcome the problem of cold start.
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