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Abstract: E-Learning Management System is a web based Learning Management System that helps students to    
interactively learn a new course, allow course experts to learn new courses on different subjects. The purpose of this 
E-Learning Management System project is to develop a front-end application for e-learning applications and queries 
using graphical user interface. It delivers its data so that each analysis application can receive only the information it 
needs and in the format required. In response to individual needs, personalization in education not only facilitates 
students to learn better by using different ways to create various learning experiences. However, an important 
consideration is often being ignored or overlooked in accomplishing a personalized E-learning framework. This 
consideration concerns all people understanding about source document and learning system influence how 
individuals want and intend to learn online. Indeed, each participant learning style allows him to learn better and to 
ignore ineffective online learning solutions. Most of the learners prefer some kind of interacting with, taking in, and 
processing stimuli or information or simply using a visual medium. In order to learn effectively and efficiently, 
learner has to be aware of his preferences which make easy to manage his own way of learning. This information will 
enable the learner to improve the effectiveness of its approach to learning and to exploit its own resources. 
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I.INTRODUCTION 
Web mining refers to the use of data mining techniques to 

automatically retrieve, extract and evaluate 

(generalize/analyze) information for knowledge discovery 

from Web documents and services. Web data is typically 

unlabeled, distributed, heterogeneous, semi-structured, time 

varying, and high dimensional. Hence any human interface 

needs to handle context sensitive and imprecise queries, and 

provide for summarization, deduction, personalization and 

learning. Almost 90% of the data is useless, and often does 

not represent any relevant information that the user is looking 

for. Taking into account the huge amount of data storage and 

manipulation needed for a simple query, the processing 

essentially requires adequate tools suitable for extracting only 

the relevant, sometimes hidden, knowledge as the final result 

of the problem under consideration. The use of soft 

computing tools, including fuzzy logic, in data mining has 

been adequately reported in literature. However, the subtle 

differences between data mining and Web mining suggest the 

use of new or modified tools and algorithms for appropriate 

handling of the Internet. Web mining typically addresses 

semi-structured or unstructured data, like Web and log files 

with mixed knowledge involving multimedia, Cow data, etc., 

often represented by imprecise or incomplete information. 

This implies that fuzzy set theoretic approaches are useful 

instruments in order to mine knowledge from such data.  

 

Web Personalization: In the context of Web mining, 

personalization is the provision to the individual of tailored 

products, services, information or information relating to 

products or service. The goal of personalization systems is to 

provide users with what they need or want without explicit 

indication. Today, three of the major categories of existing 

personalization systems are manual decision rule systems, 

collaborative filtering system, and content-based filtering 

system. Personalization is based on user attributes such as 

department, area, or role. The amount of web-based 

information available has increased dramatically. How to 

gather useful information from the web has become a 

challenging issue for users. Current web information 

gathering systems attempt to satisfy user requirements by 

capturing their information needs. For this purpose, user 

profiles are created for user background knowledge 

description. User profiles represent the concept models 

possessed by users when gathering web information. A 

concept model is implicitly possessed by users and is 

generated from their background knowledge. While this 

concept model cannot be proven in laboratories, many web 

ontologists have observed it in user behavior. When users 

read through a document, they can easily determine whether 

or not it is of their interest or relevance to them, a judgment 

that arises from their implicit concept models. If a user‟s 

concept model can be simulated, then a superior 

representation of user profiles can be built.  

 

E-Learning: The World Wide Web (www) is considered as 

an information hub now a day because it contains huge 

amount of information and we can access it through different 

website. But the storage and display  of information and 

material on website is not quite enough and specially for e-

learner it becomes hectic, hazardous, boring and time 

consuming because one cannot find or understand the 

relevant information from the web after spending much of his 

time in searching its desired information  although  the most 

of the time the website contain the desired information of the 

user but because of the poor structure of the website or some 

times by putting so much material on single page of website 

without providing any guidance, the user can not be able to 
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find or catch that information properly and sometimes the 

information may be overlook by the user. That‟s why the user 

or visitor loses its interest and leaves the website without 

getting its desired information. The general benefits of Web-

based training when compared to traditional instructor-led 

training include all those shared by other types of technology-

based training. These benefits are that the training is usually 

self-paced, highly interactive, results in increased retention 

rates, and has reduced costs associated with student travel to 

an instructor-led workshop. 

 

Today, E-learning has emerged as a new alternative to 

conventional learning to achieve the goal of education for all. 

The concept E-learning has numerous definitions and 

sometimes confusing interpretations. In our purpose we adopt 

a definition of E-learning as the use of Internet technologies 

to provide and enhance students‟ learning anytime and 

anywhere. One of its advantages is the learning method which 

can be more adaptive than conventional learning.  Indeed, 

traditional learning based on “one size fits all” approach, 

tends to support only one educational model, because in a 

typical classroom situation, a teacher often has to deal with 

several students at the same time. Such situation forces each 

student to receive the same course materials, disregarding 

their personal needs, characteristics or preferences. Once the 

teachers learned to provide the detailed, structured instruction 

the students needed, the class productivity increased. 

Moreover, it is extremely difficult for a teacher to determine 

the optimal learning strategy for every learner in a class. And 

even if a teacher is able to determine all the strategies, it is 

even more difficult to apply all multiple teaching strategies in 

a classroom. Therefore, implementing learning concept in the 

context of conventional learning is quite difficult due to 

diverse preferences, prior knowledge, and intelligence of the 

learners. This problem can be resolved in E-learning system 

context in which each student can be arranged to receive a 

teaching strategy which is more fine-tuned to his/her learning 

style. In our purpose, we define a teaching strategy, called 

also learning scenario, as the ways a teacher can present 

instructional materials or conduct instructional activities 

which called also learning scenarios.  

 

II.LITERATURE SURVEY 
In recent years, most innovations in the area of educational 

systems have introduced new web-based technologies to train 

learners any time and any place. The creation of the 

technology for personalized lifelong learning has been 

recognized as a grand challenge by peak research bodies [4]. 

The goal of technology-enhanced learning (TEL) is 

designing, developing, and testing sociotechnical innovations 

that will support and enhance the learning practices of both 

individuals and organizations. Similar to other fields where 

there is a massive increase in product variety, in TEL, there is 

also a need for better findability of (mainly digital) learning 

resources.  As a consequence, the concept of recommender 

systems has already appeared in TEL.   

 

Recommender systems address information overload and 

make a PLE for users. PLE‟s Solutions should provide 

facilities for empowering learners in using this kind of 

technology. Using this approach, we can improve a personal 

learning path according to pedagogical issues and available 

resources. In the TEL domain, a number of recommender 

systems have been introduced to propose learning resources 

to users. Such systems could potentially play an important 

educational role, considering the variety of learning resources 

that are published online and the benefits of collaboration 

between tutors and learners [5].  

 

The recommender systems support a number of relevant user 

tasks within some particular application content. Most of 

recommendation goals and user tasks in other areas, such as 

e-commerce, are valid in the case of TEL recommender 

systems as well. However, recommendation in a TEL context 

has many particularities that are based on the richness of the 

pedagogical theories and models [6].Most recommendation 

systems are designed either based on content-based filtering 

or collaborative filtering (CF).Content-based filtering 

techniques suggest items similar to the ones that each user 

liked in the past, taking into account the object content 

analysis that the user has evaluated in the past [7]. On the 

other hand, based on the assumption that users with similar 

past behaviors have similar interests, a collaborative filtering 

system recommends items that are liked by other users with 

similar interests. Both types of systems have inherent 

strengths and weaknesses.  

 

Content-Based Filtering: This strategy uses the features of 

items for recommendation. These features may be used by 

case-based reasoning (CBR) or data mining techniques for 

recommendation. CBR assumes that if a user likes a certain 

item, she/he will probably also like similar items. This 

approach recommends new but similar items. However, data 

mining techniques recommend items based on the matching 

of their attributes to the user profile. CBR mechanisms have 

to evaluate all the cases in the case base to retrieve those most 

similar case(s), which makes their efficiency strongly and 

negatively related to the size of the applicable case base [8]. 

The performances of CBR mechanisms are closely related to 

the case representation and indexing approach, so their 

superior performances are unstable and cannot be guaranteed. 

Semantic and multicriteria recommender systems also 

consider attributes of items. Semantic recommender systems, 

instead of using syntactic matching techniques, use inference 

techniques borrowed from the Semantic Web. This approach 

uses reasoning about the semantics of items and user 

preferences to discover complex associations between them 

[9]. Rating systems can model a user‟s utility for a given item 

with the user‟s ratings for each individual criterion [10]. 

Since more people will lurk in a virtual community than will 

participate, they usually do not spend time to rate based on 

each individual criterion in multicriteria recommenders. 

Khribi et al. [11] used learners‟ recent navigation histories, 

similarities, and dissimilarities among the contents of the 

learning resources for online automatic recommendations. 

 

In fact, the existing metrics in content-based filtering only 

detect the similarity between items that share the same 

attributes. Indeed, the basic process performed by a content-

based recommender consists of matching up the attributes of 

a user profile in which preferences and interests are stored 

with the attributes of a content object (item) to recommend to 

the user new interesting items [7]. This causes 
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overspecialized recommendations that only include items 

very similar to those the user already knows. To avoid the 

overspecialization of content-based methods, researchers 

proposed new personalization strategies, such as collaborative 

filtering and hybrid approaches mixing both techniques. 

 

Collaborative Filtering: Collaborative filtering is regarded 

as one of the important and useful strategies in recommender 

systems [12]. CF approaches used in e-learning environments 

focus on the correlations among users having similar interests 

and can be divided into three categories. Neighbor-based CF 

finds similar items or users based on rating data and predict 

ratings using the weighted average of similar users or items. 

Model-based techniques predict the ratings of a user by 

learning from complex patterns based on the training data 

(rating matrix). In the demographics approach, users with 

similar attributes are matched; then, this method recommends 

items that are preferred by similar users. The collaborative e-

learning field is strongly growing [13], [14], converting this 

area into an important receiver of applications and generating 

numerous research papers. 

 

One of the first attempts to develop a collaborative filtering 

system for learning resources was the Altered Vista system 

[15]. The proposed system collects user provided evaluations 

from learning resources and then propagates them into the 

form of word-of-mouth recommendations about the qualities 

of the resources. Lemire et al. [16] proposed a rule-applying 

collaborative filtering (RACOFI) composer system. RACOFI 

combines two recommendation approaches by integrating a 

collaborative filtering engine, which works with ratings that 

users provide for learning resources, with an inference rule 

engine that is mining association rules between the learning 

resources and using them for recommendation. The questions 

sharing and interactive assignments (QSIA) for learning 

resources sharing, assessing, and recommendation were 

developed by Rafaeli et al. [17]. Manouselis et al. [18] tried 

to use a typical neighborhood- based set of CF algorithms to 

support learning object recommendation. Their research 

considers multidimensional ratings that users provide for 

learning resources. According the results of this study, it 

seems that the performance of the same algorithms changes 

depending on the context where testing takes place. 

 

Since, in an e-learning environment, learning resources are 

provided in a variety of multimedia formats, including text, 

hypertext, image, video, audio, and slides, it is difficult to 

calculate the content similarities of two items [19]. In this 

sense, since CF is completely independent of the intrinsic 

properties of the items being rated or recommended, we can 

use users‟ preference information as a good indication for 

recommendation in e-learning systems [20]. Regardless of its 

success in many application domains, collaborative filtering 

has two serious drawbacks. First, its applicability and quality 

is limited by the so-called sparsity problem, which occurs 

when the available data are insufficient for identifying similar 

users. Therefore, many research works have been run to 

alleviate the sparsity problem using data mining techniques. 

For example, Romero et al. [21] developed a specific web 

mining tool for discovering suitable rules in a recommender 

engine. Their objective was to recommend to a student the 

most appropriate links/WebPages to visit next, it requires 

knowing many user profiles to elaborate accurate 

recommendations for a given user. Therefore, in some e-

learning environments, that number of learners is low; 

recommendation results have no adequate accuracy. In the 

past decades, various issues concerning adaptive learning 

have attracted the attentions of many researchers from the 

fields of computer science and education. In the meanwhile, 

various ways of measuring learning styles were proposed to 

assist instructors or educational researchers to more realize 

the characteristics of learners. In the following subsection, 

relevant studies addressing learning styles and the Myers-

Briggs Type Indicator model are given. 

 

Learning styles: In this sense, it is necessary to deploy 

resources to support the learning process in a way that it not 

only suits the preferences of a few but all learners. There are 

many studies on the effectiveness of using teaching strategies 

based on personality but it‟s still very difficult to draw  a 

definitive idea on the relationship between them [4,5]. Most 

of these studies rely on Kolb‟s Learning styles Inventory [6] 

and Solomon-Felder Index of learning styles [7]. Keefe in [8] 

described the learning style as both a student characteristic 

and an instructional strategy. As a student characteristic, 

learning style is an indicator of how a student learns and likes 

to learn. As an instructional strategy, it informs the cognition, 

context and content of learning. It can also be defined as the 

way a person collects processes and organizes information. 

Thereby, the learning style provides educators an overview of 

the tendencies and preferences of the individual learner. 

 

There are many models of learning styles existing in 

literature. Individual learning styles differ, and these 

individual differences become even more important in the 

area of education a learning style as was „a description of the 

attitudes and behavior which determine an individual‟s 

preferred way of learning‟. Several studies show that students 

learn in different ways, depending upon many personal 

factors and everyone has a distinct learning style. These 

researches show also that matching users‟ learning styles with 

the design of instruction is an important factor with regard to 

learning outcome. A number of experiments indicate that the 

user‟s performance is much better if the teaching methods are 

matched to the preferred learning styles.  

 

Therefore, when an instructor's style matches a learner‟s 

learning style; this affects the learner‟s experience and ability 

to do well. Until today, a lot of research works has been done 

about learning styles and developed a good deal of learning 

style models but there does not seem to be any agreement of 

acceptance of any one theory. There have been several 

models for defining and measuring learning styles, proposed. 

Therefore, in our study, we adopted the MBTI model as one 

the well-known source information for personalization. 

 

III.EXISTING SYSTEM 
In response to the aforementioned problems, a new hybrid RS 

applicable for e-learning environments is proposed in this 

study. It considers two groups of attributes for learning 

resources including explicit attributes and implicit (latent) 

attributes. Explicit attributes, such as the subject and file size 

are known and can be extracted by experts, but implicit 
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attributes are latent and can be inferred by historical ratings 

for recommendation like Count and Amount of time the page 

was used. Several hybrid recommender methods developed to 

combine the external (which we call explicit) features and 

historical rating data for higher predication accuracy. 

According to the experiment results reported, it is believed 

that both the features and the historical ratings have great 

value to estimate the predication function for 

recommendation. 

 

A fuzzy tree matching-based hybrid learning activity 

recommendation approach is then developed. This approach 

takes advantage of both the knowledge-based and 

collaborative filtering-based recommendation approaches, 

and considers both the semantic and collaborative filtering 

similarities between learners. Finally, an e-learning 

recommender system prototype is well designed and 

developed based on the proposed models and 

recommendation approach. Experiments are done to evaluate 

the proposed recommendation approach, and the 

experimental results demonstrate good accuracy performance 

of the proposed approach. A comprehensive case study about 

learning activity recommendation further demonstrates the 

effectiveness of the fuzzy tree matching-based personalized 

e-learning recommender system in practice. 

 

The study presented in this paper is innovative since it is the 

first to use fuzzy tree-structured data model to model learning 

activities and learner profiles. It makes contributions to both 

theoretical and practical issues in the fields of e-learning and 

recommender systems. At the theoretical level, fuzzy tree-

structured data models and related fuzzy tree similarity 

measures are developed. At the practical level, a fuzzy tree 

matching-based hybrid recommendation approach for e-

learning systems is developed. This proposed hybrid 

approach called online class imbalance learning system 

improves the learning experience using an e-learning 

platform. Personal learning environment box were proposed 

for an e-learning platform which makes users in learning 

more active also shaping their learning process.This 

technique after learning the users behavior from their 

historical search it provide document in horizontal manner 

based on preference. This contribution addresses the 

evolution from the traditional content learning management 

systems to a new conceptual learning approach, using 

personal learning environments. The new system completely 

removes all manual burdens and provides efficiency on the 

searching and learning the content. 

 

Advantages of Existing System 

 Improving the learning experience using an e-

learning platform. 

 Establishment of a new recommendation approach 

based on the explicit and implicit attributes of 

learning resources. 

 To generate the quick reports 

 To provide necessary information briefly at first. 

 To provide data security 

 To provide huge maintenance of records. 

 

Disadvantages of Existing System 

With the explosion of e-learning resources and the 

digitalization of a lot of conventional learning resources, it is 

difficult for learners to discover the most appropriate 

resources using a keyword search method. On the other hand, 

several research works have addressed the need for 

personalization in web-based learning environments. 

Researchers utilize recommendation techniques to resolve 

information overload in the new learning environment. Many 

systems need to react immediately to online requirements and 

make recommendations for all users regardless of ratings, 

history on visited resources, which demands a high scalability 

of a system. 

 

IV.PROPOSED SYSTEM 
In this system, we aim at discovering the number of diverse 

user search goals for a query and depicting each goal with 

some keywords automatically. First we propose of 

preprocessing technique to clean the feedback session from 

web log file to extract data without any error or unwanted 

data. Second, we propose a novel optimization method to 

map feedback sessions to Other User Clicking and Ranking  

which can efficiently reflect user information needs. The 

result should be  depict them with some keywords using K-

medoids algorithm. The World Wide Web is one of the most 

widely used, prominent services on the internet. With its wide 

connectivity and promising features, one being ease of access, 

it has become one common place of information. 

 

This approach to this web design has been a holistic one, in 

which content, presentation, visual appeal and a high level of 

interaction work in tandem. e-Learning System is the ultimate 

resource for learning where ever you are on this planet. The 

main objective behind this project is to provide a user friendly 

environment to provide knowledge and give everyone a 

chance to learn, irrespective of where they are, provided they 

register themselves with the system. In brief, e-Learning 

System gives world wide connectivity to the massive 

knowledge base that provides incremental learning online. 

The main motivating factor is to provide the students with an 

intranet based learning system that can be used in any 

college/institution. The idea is to providing the opportunity to 

access and discuss with a wide community of students and 

learners alike. 

 

E-Learning System is a web based learning system that helps 

the students to take the learning in incremental steps by 

providing the latest available content on the subjects. At it's 

most basic level, it is an online course with a series of online 

resources to help students understand and prepare for their 

interested subjects. Essentially, e-Learning is the realization 

of the concept of flexible learning, by giving the user time, 

resources and scope to learn at his own interest and potential. 

The main objective of this project is to provide the student 

community with a chance to learn using the all pervading 

internet. We aimed to develop this system using the latest 

web technologies so as to make it platform independent.

 Till now learning has been always instructional in 

design and implementation. Instructional design anticipates 

and plans for student experiences in a static environment 

where teacher feedback and clarification may be delayed. 
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V.RESULTS AND DISCUSSIONS 
Capturing Feedback Sessions: Sessions for a web search is 

a series of successive queries to satisfy a single information 

need and some clicked search results. Here, feedback session 

consists of both clicked and unclicked URL's and ends with 

the last URL that was clicked in a single session. Clicked 

URL's state what users require and unclicked URL's reflect 

what users do not care about. For inferring user search goals 

it is more efficient to analyze the feedback sessions than to 

analyze search results or clicked URL's directly because there 

are different feedback sessions in user click-through logs. It is 

unsuitable to directly use feedback sessions for inferring user 

search goals, because they vary a lot for different click-

through logs and queries. We can represent feedback sessions 

by binary vector method. In this method, 0 represents un 

clicked URL's in click sequence and 1 represents clicked 

URL's. But, binary vector representations are not informative 

enough. 

 

Building pseudo-documents: So, we used pseudo-

documents to infer user search goals. Users have some 

unclear words for representing the interests. They use these 

keywords to determine whether a document can satisfy their 

needs. These keywords are known as "goal texts". Goal texts 

can reflect user information needs; they are hidden and not 

expressed explicitly. So, pseudo-documents are used as 

surrogates to approximate goal texts. 

Building pseudo-documents includes two steps 

 Representing the URL's in feedback session. 

 Forming pseudo-documents based on URL 

representations: 

 

Clustering pseudo-documents: Pseudo-documents are 

clustered by using Fuzzy Keyword Search algorithm. And the 

optimal value will be determined through the evaluation. 

After clustering of all pseudo-documents, each cluster is 

considered as one user search goal. 

 

Restructuring based on web search results: Restructuring 

web search results is an application of inferring user search 

goals. Inferred user search goals are represented by the 

vectors and each URL's feature representation is calculated. 

Then, we can categorize each URL into cluster. This is 

performed by choosing smallest distance between URL 

vector and user search goal vectors and the user search goals 

are restructured. Possible evaluation criteria are Average 

precision (AP). It evaluates according to user implicit 

feedbacks. It is computed at the point of each relevant 

document in ranked sequence. 

 

VI.CONCLUSION 
As the Web and its usage continues to grow, so grows the 

opportunity to analyze Web data and extract all manner of 

useful knowledge from it. The past five years have seen the 

emergence of Web mining as a rapidly growing area, due to 

the efforts of the research community as well as various 

organizations that are practicing it. In this project, we propose 

a novel approach for user search goals using feedback session 

and pseudo document. First we construct a feedback session 

to analysis the user search goal from the Weblog record and 

preprocessing technique is applied on feedback session. It 

cannot provide the accurate result. So that we can introduce 

the Other User Clicking and Ranking to provide the accurate 

results. Based on the Other User Clicking and Ranking we 

have to restructure the Web search results. Pseudo-document 

is the initial step of clustering. We used K-medoids clustering 

Algorithm to cluster the users search goals. At last the web 

users receive an expected clustered result for a searched 

query. In this project we only concentrated on a single a key 

word.  
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