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ABSTRACT: The use of a Recommendation system is to provide users with recommendations based on

their search preferences. In this article, I will introduce you to a machine learning project on the Netflix

recommendation system with Python. Netflix is a company that manages a large collection of TV shows and

movies, streaming it anytime via online. This business is profitable because users make a monthly payment

to access the platform. However, customers can cancel their subscriptions at any time. Therefore, the company

must keep the users hooked on the platform and not lose their interest. This is where recommendation systems

start to play an important role, providing valuable suggestions to users is essential. Netflix’s recommendation

system helps them increase their popularity among service providers as they help increase number of items

sold, offer a diverse selection of items, increase user satisfaction, as well as user loyalty to the company, and

they are very helpful in getting a better understanding of what the user wants. Then it’s easier to get the user

to make better decisions from a wide variety of movie products. The idea behind the Netflix recommendation

system is to recommend the most popular movies to users. They could be the most-watched, or also the ones

with the highest ratings. The popularity of recommendations can be built based on usage data and article

content.
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I. INTRODUCTION
Netflix is a company that handles a big collection of television programs and movies, by streaming it at

any time via online (computers or TV). This firm is profitable because the users do a monthly payment to get

access to the platform. However, the clients can cancel their subscriptions at any time (Amatriain, 2013).

Therefore, it is vital for the business to keep the users hooked to the platform and not to lose their interest.

This is where recommendation systems start to play an important role, it is pivotal to provide valuable

suggestions to users (Ricci et al., 2010).

The recommendation systems are increasing their popularity among the service providers, because they help

to increase the number of items sold, offer a diverse selection of items, the user satisfaction increases, as well

as the user fidelity to the company, and they are quite helpful to have a better understanding of what the user

wants (Ricci et al., 2010). Then, it is easier to lead the user to make better decisions from a wide variety of

cinematographic products.
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The recommender systems take into account not only information about the users but also about the

items they consume; comparison with other products, and so on and so forth (Hahsler, 2014). Nevertheless,

there are many algorithms available to perform a recommendation system. For instance, (i) Popularity, where

only the most popular items are recommended (ii) Collaborative Filtering, which looks for patterns in the user

activity to produce user-specific recommendations (Breese, Heckerman, and Kadie, 1998); (iii) Content-based

Filtering, the recommendation of items with similar information the user has liked or used in the past

(description, topic, among others) (Aggarwal, 2016) ; (iv) Hybrid Approaches, combines the two algorithms

mentioned above (Adomavicius and Tuzhilin, 2005).

II. EXISTING SYSTEM :
The existing system for Netflix movie recommendations implements a traditional recommendation

framework to predict and suggest top movies to users. This framework relies on algorithms such as content-
based filtering and collaborative filtering, which analyze user preferences, viewing history, and movie
attributes. To enhance prediction accuracy, Netflix employs a hybrid approach, combining the strengths of
both content-based and collaborative filtering. This ensures a comprehensive understanding of user
preferences and results in highly personalized recommendations.

DISADVANTAGES:
 Less accuracy

 Difficult to predict

III. PROPOSED SYSTEM :
In the proposed system, we aim to implement a personalized recommendation system for Netflix

using advanced machine learning techniques. The core of the recommendation system is based on the
Pearson R Correlation, a statistical measure used to determine the strength and direction of the
relationship between two variables.
ADVANTAGES:
 Better accuracy

 Easy to predict

IV. LITERATURESURVEY:
A) TITLE: Toward the Next Generation of Recommender Systems: ASurvey of the State-of-the-

Art and Possible Extensions.
AUTHOR:Adomavicius, Gediminas and Alexander Tuzhilin.
YEAR: 2005.
Summary:
This paper presents an overview of the field of recommender systems and describes the current

generation of recommendation methods that are usually classified into the following three main
categories: content-based, collaborative, and hybrid recommendation approaches. This paper also
describes various limitations of current recommendation methods and discusses possible extensions
that can improve recommendation capabilities and make recommender systems applicable to an even
broader range of applications. These extensions include, among others, an improvement of
understanding of users and items, incorporation of the contextual information into the
recommendation process, support for multi criteria ratings, and a provision of more flexible and less
intrusive types of recommendations.
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B) TITLE: :Mining Large Streams of User Data for Personalized Recommendations.
AUTHOR:Amatriain, Xavier.
YEAR: 2013.

Summary:
The Netflix Prize put the spotlight on the use of data mining and machine learning methods for

predicting user preferences. Many lessons came out of the competition. But since then, Recommender
Systems have evolved. This evolution has been driven by the greater availability of different kinds of
user data in industry and the interest that the area has drawn among the research community. The goal
of this paper is to give an up-to-date overview of the use of data mining approaches for personalization
and recommendation. Using Netflix personalization as a motivating use case, I will describe the use
of different kinds of data and machine learning techniques. After introducing the traditional
approaches to recommendation, I highlight some of the main lessons learned from the Netflix Prize. I
then describe the use of recommendation and personalization techniques at Netflix. Finally, I pinpoint
the most promising current research avenues and unsolved problems that deserve attention in this
domain.

C) TITLE:Data Mining Methods for Recommender Systems

AUTHOR:Aggarwal, Charu C.

YEAR: 2011.

Summary:
In this chapter, we give an overview of the main Data Mining techniques used in the context of

Recommender Systems. We first describe common preprocessing methods such as sampling or
dimensionality reduction. Next, we review the most important classification techniques, including
Bayesian Networks and Support Vector Machines. We describe the k-means clustering algorithm and
discuss several alternatives. We also present association rules and related algorithms for an efficient
training process. In addition to introducing these techniques, we survey their uses in Recommender
Systems and present cases where they have been successfully applied.

V. METHODOLOGIES
MODULES NAME:

1. Data Gathering

2. Data Preparation

3. Data Reduction

4. Recommendation Algorithm

5. Prediction
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MODULES EXPLANATION
 Data Gathering

To build and developMachine Learning models, you must first acquire the relevant dataset.
This dataset will be comprised of data gathered from multiple and disparate sources which are
then combined in a proper format to form a dataset. Dataset formats differ according to use
cases. For instance, a business dataset will be entirely different from a medical dataset. In our
project the dataset gives the Kaggle and it has a dataset namelymovie_titles.csv.

 Data Preparation
Data preparation is the process of cleaning and transforming raw data prior to processing

and analysis. It is an important step prior to processing and often involves reformatting data,
making corrections to data and the combining of data sets to enrich data. The Movie ID column
is a mess. We’re going to improve this by first creating a NumPy array with the correct length,
then adding the entire array as a column in the main data frame.

 Data Reduction
Data reduction is the process of reducing the amount of capacity required to store data. Data

reduction can increase storage efficiency and reduce costs. Storage vendors will often describe
storage capacity in terms of raw capacity and effective capacity, which refers to data after the
reduction. The dataset is super huge. Therefore, we need to reduce the data volume by
improving data quality. We can use these two approaches:

 Delete the movie with too many reviews (they are relatively unpopular).

 Remove the customer who gives too less notice (he is relatively less active).

 Recommendation Algorithm

The Pearson correlation coefficient (named for Karl Pearson) can be used to summarize the
strength of the linear relationship between two data samples. The Pearson's correlation
coefficient is calculated as the covariance of the two variables divided by the product of the
standard deviation of each data sample. Now let’s build the Netflix recommendation system
by using Pearson correlation algorithm.

 Prediction

Prediction refers to the output of an algorithm after it has been trained on a historical dataset and applied

to new data when forecasting the likelihood of a particular outcome. In this project, it will predict the

top10 movies based on Pearson correlation algorithm.
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VI. SYSTEMARCHITECTURE

SystemArchitecture Model

VII. CONCLUSION

In this work, we have proposed a new effective method for synthetic aging of human faces based

onAge Conditional Generative Adversarial Network (Age-cGAN). The method is composed of two steps: (1)

input face reconstruction requiring the solution of an optimization problem in order to find an optimal latent

approximation z∗, (2) and face aging it-self performed by a simple change of condition y at the input of the

generator. The cornerstone of our method is the novel “Identity-Preserving” latent vector optimization

approach al-lowing to preserve the original person’s identity in the reconstruction. This approach is universal

meaning that it can be used to preserve identity not only for face aging but also for other face alterations (e.g.

adding a beard, sunglasses etc.

Our face aging method can be used for synthetic augmentation of face datasets and for improving the

robustness of face recognition solutions in cross-age scenarios.
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