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Abstract— There is an extensive class of Web applications that involve predicting user responses to options. 

Such a facility is called a recommendation system. A specific example of recommendation systems is to offer 

customers a non-line retailer suggestions about what they might like to buy, based on past history of purchases 

and/ or product searches. Cold start is a potential problem in computer-based information systems which involve 

a degree of automated data modeling. Specifically, it concerns the issue that the system cannot draw any 

inferences for users or items about which it has not yet gathered sufficient information. The cold start problem is 

most prevalent in recommender systems. Typically, are commander system compares the user's profile to some 

reference characteristics. These characteristics may be from the information item (the content-based approach) 

or the user's social environment (the collaborative filtering approach). Preference elicitation is a decision support 

system capable of generating recommendations to a user, thus assisting in decision making. It gives preferences 

accurately, finds hidden preferences and avoids redundancy. 

Index Terms — Recommender System, Big Data, Neo4j tool, Graph. 

 

I. INTRODUCTION 
Big data analysis is one of the upcoming disciplines in data mining where the large unstructured data 

that is very difficult to store and retrieve in an efficient manner. Big data doesn‟t refer not only to exa bytes or 

peta bytes of data. When the amount of data that is needed to be processed is greater than the capacity of the 

system, then it refers to Big data. The three perspectives of big data are volume, velocity and variety [1]. 

Volume refers to the amount of data that is being processed. It has moved to Zetta bytes and Peta bytes as of 

2014 and expected to increase in future. Velocity refers to the speed at which the data can be processed with 

minimal error rate. Variety refers to all types of data starting from un structure draw data to semi-structured and 

structured data which can be easily analyzed and used for the process of decision making and predictive 

analysis. In recommender systems research, most models work with rating data sets, such as Netflix data set and 

Movie lens dataset. The rating information is very important for obtaining good prediction accuracy, because it 

precisely indicates user’s preferences and the degree of the interest on certain items. However, the rating 

information is not always available [2]. Some websites do not have a rating mechanism and thus their users 

cannot leave any rating feedback on the products. This situation requires evaluating implicit information which 

results in a lower prediction accuracy of the recommender systems. The information provided includes user ID, 

product ID and the clicking history of users with corresponding date. 

 

II. LITERATUREREVIEW 
A. Social Network 

Social network [8] is a collection of social actors and the relationship, including nodes (socialactors), 

the edge between the nodes (theactors’ association) and the weights of the edges (the impact between the 

actors). Each node, not independent individuals, is interdependent by sides. Sides, the channels of resource 

flowing, provide guidance for individual actions, greater weight bring stronger guidance. Sub-community whose 

points have strong relationship with each other means nodes’ impact to others is larger than those outside. When 

multiple edges between the nodes, it can be changed to the matrix for data analysis and refining side weight in 

order to simplify the network. 

B. Ontology Modeling. 

According to Studer’s definition putting forward in 1998, the ontology [9] is a shared conceptual model 

explicit formal specification. The goal of ontology is to capture the knowledge of related fields, to provide a 

common understanding of the domain knowledge to determine the terms of mutual recognition in the field, and 

give a clear definition of the mutual relations between these terms and terminology from the different levels of 

formalization model. 

C. User profile learning techniques 

User Modeling researchers have been investigating finding ways to elicit user preferences on various 

domains for years [16, 20]. For example, researchers examined if it would be a better idea to unobtrusively learn 

user-profiles from the natural interactions of users with the system. One way to categorize the methods proposed 
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thus far is by grouping them into explicit and implicit methods [13]. Implicit preference collection works by 

observing the behavior of the user and inferring facts about the user from the observed behavior [13]. In the 

recommender systems domain, implicit techniques may be more suitable if the item scan be consumed directly 

within the system. Also, implicit preference elicitations may be the only option where members can only 

provide implicit feedback or evaluation, such as by listening to or skipping a song, by browsing a webpage, by 

downloading some content, and so on. Explicit techniques, on the other hand, garner knowledge that is obtained 

when an individual provides specific facts to the user model [13]. Examples include users providing explicit 

feedback or evaluations on some rating scale. A comparative analysis between the explicit and implicit 

techniques can be found in [18]. Another way to classify the techniques of building user profile scan be based 

on the interaction process between the users and the system, particularly by looking at who is in control of the 

interaction process. [2] calls the possible interaction techniques human controlled, system controlled, and mixed 

initiative [11]. 

To explain these in the context of the recommender systems, a preference elicitation technique would 

be a) human controlled, if it is the user herself who selects (by typing the titles, for example) the items to 

evaluate, b) system controlled, if the system makes the list of items for the user to evaluate, and c) mixed 

initiative, if there are provisions for both user and system controlled interactions. The user controlled scheme 

may cause more work on behalf of the users; however the users may feel good being in charge [16]. One 

potential limitation of the user controlled scheme is that the users may not be able to identify the items to 

evaluate that express their preferences well. Further, they may only remember what they liked the most, not the 

opposite. 

 

III. METHODOLOGY 
There are several solutions that have been proposed to tackle the cold start problem. One of the 

effective solutions is to apply Active learning (machine learning) techniques, i.e., selectively choosing and 

obtaining more data, that can most improve the performance of there commander system. This is done by 

analyzing the available data and estimating the usefulness of the data points (e.g., ratings). [3]  

In Collaborative filtering recommender systems, these techniques are so called rating elicitation 

Strategies. [4] In scenarios involving interface agents, the cold start problem may be overcome by introducing 

an element of collaboration amongst agents assisting various users. 

This way, novel situations may be handled by requesting other agents to share what they have already learnt 

from their respective users. 

[2] In recommender systems, the cold start problem is often reduced by adopting a hybrid approach 

between content-based matching and collaborative filtering. New items (which have not yet received any ratings 

from the community) would be assigned a rating automatically, based on the ratings assigned by the community 

to other similar items. Item similarity would be determined according to the items' content-based characteristics. 

[1] 

The construction of the user's profile may be automated by integrating information from other user 

activities, such as browsing histories. If, for example, a user has been reading information about a particular 

music artist from a media portal, then the associated recommender system would automatically propose that 

artist's releases when the user visits the music store. [5] 

It is also possible to create initial profile of a user based on the Personality characteristics of the user and use 

such profile to generate personalized recommendation. [6] [7] Personality characteristics of the user can be 

identified using a personality model such as Five Factor Model (FFM). 

 

A. Graphs 

Graphs are data structures that describe both data and their relationships. The most commonly 

recognized forms of a graph are networks and hierarchies. Graphs have nodes and relationships between those 

nodes. Both the nodes and the relationships can have properties. We can also apply labels to nodes. 

 

B. Networks 

A network comprises a set of nodes, with relationships between them. 
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Fig 3.1Network 

  

You might think of a network of friends, servers, databases or customers. In a graph database, the 

nodes in a graph don’t have to be all the same type of thing–and neither do the relationships. Instead of defining 

an entity that imposes a standard on all instances, we build nodes and relationships that can each have their own 

set of properties. The nodes in Figure1- Network might be customers, orders, products and promotions. Each of 

these could have different types of properties. Not just by type of node, but also by instance of each node. For 

the customer node, we might have given name and family name, birth date and acquisition date as properties. 

But we might not have all of those properties for all customers. In a relational database, we would define 

common properties but set some of them to NULL if they don’t have values for that instance. The relationships 

we have between nodes gets the same power: we can store properties about each relationship without imposing 

those properties on all of them. That’s right, we can store properties about the relationships as well. This is a key 

difference from relational databases, where we would need to convert a relationship to at able to store metadata 

about that relationships. 
 

C. Hierarchies & Trees 

A hierarchy is a structure where nodes have other nodes above them and below them. A tree is a 

hierarchy with branches (multiples of nodes related to a parent node.) Of course, pure hierarchies rarely exist in 

the real world– more on that in the next section. We think of organizational reporting structures and supervisory 

assignments as examples of hierarchies. In a typical supervisory hierarchy, one employee reports to exactly one 

other employee. And that employee may have many other persons reporting to him. We might even be told 

these are the business rules around this reporting structure. 

 
3.2 – Employee Hierarch 

We can easily implement this in a relational database, with are cursive relationship on an EMPLOYEE 

table. A small hierarchy such as in Figure2 – Employee Hierarchy, maintaining those reporting relationships is 
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easy. As soon as we model a much larger set, though, maintenance gets more expensive. We often need to use 

workarounds such as special hierarchy data types or calculated columns that keep track of levels and pointers. 

Then what happens when a node gets a promotion? All those relationships must be reset and recalculated. If that 

node participates in many types of hierarchies, it’s possible that many relationships must be reset and 

recalculated. 

 

D. Data Modeling and Graph 

In traditional data management, we prepare logical and physical data models. The logical data model 

describes business requirements for a data story and the physical data model specifies how data is to be persisted 

in a database. In a relational design, we apply a common structure to each instance of an entity. We have a 

CUSTOMER entity and all those entities share the same set of properties or attributes. This means we must 

discover and document all the properties we want to support prior to building the data base and importing data. 

In a graph database, the logical mode list he physical model. You can even think about the graph model as a 

service model. We can do white board-level modeling of nodes and relationships, then add properties and labels. 

At that point we have completed all the data modeling we need to do to implement in a graph database. If we 

have traditional logical data models we can even pull in properties we already know about in to our graph 

model. Because the logical mode list he only model, going from data to database takes significantly less time 

and fewer resources (modelers, architects, DBAs and developers) than building relational master data solutions. 

We can also label each instances o that we can query our data based on a role they fill. For instance, we might 

want to query only organizational customers in certain queries. 

 

 
Fig 3.3 Employee Roles, Activities, Skills, Degrees 

 

We can see that both nodes and relationships have varied properties. 

 

IV. PROBLEM STATEMENTANDDESCRIPTION 

A. Problem Statement 

When a user first enters into a recommender system, the system knows nothing about her 

preferences. Consequently, the system is unable to present any personalized recommendations to her. 

This problem is sometimes referred to as the cold-start problem of recommender systems [5, 6, 15]. 

 
B. Problem Description 

There are cold start problems for both new users and new items. In this paper, we investigate the cold-

start problem for new users of recommender systems. We pose our research question as: how can we effectively 

learn preferences of new users so that they can begin receiving accurate personalized recommendations from the 

system? A related problem of recommender systems is the systemic bootstrapping problem recommender 

systems cannot serve anybody with personalized recommendations when the site has just started, devoid of any 

evaluations from anybody. We assume an existing recommender system with an established member base here. 

Currently cold start solutions are the following: 1) Statistical model-based approach [6]: the 

corresponding probability distribution statistics is made according to the user, project and initialize rates and 

high probability items are priority recommended; 2) Average approach [7]: the original rating matrix is filled 
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using the average of all ratings of  the item before collaborative filtering. 3）Modeapproach: The predict results 

of the user is the score which occurred in his rating most often. However there is still the problem of low 

precision in recommendations in these methods. 

 

V. PROPOSEDMETHOD 
A. Neo4j tool 

Neo4j unlike relational databases, graph databases are designed to store inter connected data that’s not 

purely hierarchic, make it easier to make sense of that data by not forcing intermediate index in gate very turn, 

and also making it easier to evolve models of real world infrastructures, business services, social relationships, 

or business behaviors that are both fluid and multi-dimensional. 

 Neo4j is built “from the ground up” to support high to support high performance graph queries on large 

datasets for large enterprises with high-availability requirements. It includes its own graph query language, and 

uses native graph processing and a storage system natively optimized for graphs. 

 
4.1 - Neo4 

 

The graph contains nodes and relationships and each contains properties. The graph has a set of records 

The persons are related through a movie. If the persons are related through a movie, they are all get connected 

by the relationship properties of acted in and directed.  

 
4.2 – Relationship 
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VI. RESULTS AND DISCUSSIONS 

 
Fig 5.1 Node 

 

This shows the node for each persons and for every record node is created at the first instance 

 

 
Fig 5.2 Node relationship 

 

This shows the graph contains nodes and they are all related through the relationship of a movie 

dataset 

 

 
Fig 5.3 Table Creation 
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For every record, the node contains properties. For a movie related, the properties are born date of 

actor, for a movie the properties are name and tagline and the released year is created. 

 

 
Fig 5.4 Graph generated 

 

The graph contains the related items. For a movie dataset, the relationship are acted_in, directed, 

produced. 

 

VII. CONCLUSION AND FUTURE WORK 
A. Conclusion 

We have developed graph database for faster accessing through the graph. Implemented the graph database such 

that recommender system is built without relational table. The relational recommendation uses the table for the 

recommendation system. The relational recommendation used so far cannot solve the cold start problem. The 

recommendation system made of Graph database can solve the cold start problem. The graph database connects 

the nodes and makes relationships based on the particular property. 

 

B. Future Work 

The further extension to the project can be done by enhancing our method to implement the commercial website 

and restaurant management systems. It can be used in web-based application as an online mode and make a 

notification or alert to recommend to the user as well as customer. In addition, user privacy and security also 

need to be research to get a better user experience. The tool provide Master Data Management, Network and IT 

operations, Real Time recommendations, Fraud Detection, Social Network Identity and Access Management 

Graph Based Search. 
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