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ABSTRACT:

Many businesses today aim to provide useful product suggestions to online users in
order to increase their consumption on websites. People usually choose or buy a new
product based on the recommendations of friends, comparisons of similar products, or
feedback from other users. A recommender system must be implemented in order for all
of these tasks to be completed automatically. Recommender systems are tools that
provide suggestions that best suit the client's needs, even if the client is unaware of
it.Personalized content offers are based on past behaviour, and they entice customers to
return to the website. A web series recommendation mechanism for
Netflix/Prime/Disney plus Hotstar will be built in this paper. The dataset used in this
study contains over 5 K web series and 500 K+ customers. Popularity, Collaborative
Filtering, Content-based Filtering, and Hybrid Approaches are the four main types of
recommender algorithms. This paper will introduce all of them. We will choose the
algorithms that best fit the data, implement them, and compare them

Keywords: Content Based Filtering, Popularity Based filtering, Hybrid Approaches,
Collaborative Filtering
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1.INTRODUCTION:

Online Platforms like Amazon Prime, Netflix handles a big collection of webseries and
web series by streaming them at any time through computer , Tv , Mobile Phones. This
firms are profitable because the users pay the some amount of money every month to
access them.

Users can cancel their subscription at any time.

The popularity of recommendation systems among service providers is growing because
they help to increase the number of items sold, offer a diverse selection of items, user
satisfaction increases, as does user fidelity to the company, and they are quite helpful in
having a better understanding of what the user wants.

The recommender systems consider not only information about the users, but also the
items they consume, comparisons with other products, and so on. Nonetheless, there are
numerous algorithms available for use in a recommendation system. For example, |
Popularity, which recommends only the most popular items; and (ii) Collaborative
Filtering, which searches for patterns in user activity to produce user-specific
recommendations. (iii) Content-based Filtering, the recommendation of items
containing similar information to what the user has previously liked or used
(description, topic, among others) (iv) Hybrid Approaches, which combine the two
algorithms mentioned previously.

Choosing the algorithm that best fits the analysis is a difficult task, and neither expands
the user's taste into adjacent areas by improving the obvious. As a result, the main types
of recommender algorithms will be introduced in this paper, along with the pros and
cons of each algorithm to provide a better understanding of how they work. As a result,
several algorithms will be tested in the end to determine which one works best for
Netflix users.

This study is based on real data from Netflix users and the ratings they gave to the web
series they watched. The information contains 17,770 files, one for each movie, and
each movie has a customer rating on a five-star scale from 1 to 5. The movie file also
includes the year of release and the title of the film.

2.PROPOSED SYSTEM:

The proposed system uses a set of different filtration strategies and algorithms to help
users find the most relevant web series. The most popular categories of the Machine
learning algorithms used for web series recommendation system includes content -
based filtering and collaborative filtering systems.
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3. LITERATURE SURVEY:

We currently live in an era of information. We are surrounded by a plethora of data in
the form of reviews, blogs, papers and comments on various websites. The number of
people around the world who use the internet has witnessed an increase of
approximately 40% since 1995 and reached a count of 3.2 billion. The increased
information flow has opened more avenues, but it has also led to added confusion for
the user. Amidst this huge amount of data, the task of making certain decisions becomes
difficult. It is rightly said that one should make an informed decision, but too much
information can also hinder the decision-making process. Thus, in order to save a user
from this confusion and make the experience of surfing the internet a pleasurable one,
recommender systems were introduced. Francesco Ricci, LiorRokach and
BrachaShapira define the recommender systems as software tools that make relevant
suggestions to a user [1], [2]. Depending upon the user profile and the product profile,
which are formed using various techniques and algorithms, suggestions are made. More
than 32% of consumers rate a product online, over 33% writes reviews and nearly 88%
trust online reviews [14]. Thus, reviews play an essential role in affecting the sales of a
commodity or a service. Each review posted on the web consists of the user’s
sentiments (positive or negative) and preferences. Sentiment analysis helps in
determining the attitude of the writer by computationally dividing opinions in a piece of
text into positive, negative or neutral [11].

Data Analysis
Data exploration

The data file was divided into four documents, each containing the Movie ID, Customer
ID, Rating with values ranging from 1 to 5, and the date the ratings were given. The
four documents were then combined, yielding a total of 17,770 web series, 480,189
users, and 100,498,277 ratings. This means that not all of the web series have been rated
by users. And the data is distributed as shown in Figure.

Fig:Rates distribution
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Figure shows that only 15% of the webseries ratings are negative (1 or 2), with the
remaining 75% providing relatively positive feedback. This could happen because if a
user is watching a movie that he does not like, he will simply leave without rating it.
However, low ratings indicate that the film is not particularly good. We can also see that
the most common value is 4. Because a rating of O represents a missing value, it is not
displayed in the analysis. as illustrated in Figure

We also obtained another data file containing movie information, which includes the
Movie Id, the title of the movie, and the year of release. However, the title information
is incomplete because when a movie's title contains more than 49 characters, the title
ends there. Because the movie information was insufficient, it was only used for
descriptive purposes. This also means that none of the content-based or hybrid filtering
approaches can be used because we lack information about the users' profiles and the
movie titles are insufficient. The below figure depicts the data set's number of web series
per year, which includes 17,770 films. This data set contains web series from 1896 to
2005, with nearly 40% of them released between the years 2000 and 2004.
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FIGURE : Number of web series per year of release

We can delve deeper into the rate distribution analysis and compute the average rating
per film. The graph depicts the distribution of the average movie rating. The distribution
shows that the highest value is around 3, with a small number of films having an
average rate of 1 or 5. This data set is very large and has a lot of zero values, which
means that there are several web series that have only been rated a few times or users
who have only rated a few web series, so those users should not be considered.
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Distribution of the average movie rating
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FIGURE : Average Rates distribution

In addition, we can notice in Table a that 80% of the web series have been rated less
than 4,040 times, while the most watched movie counts with 232,944 ratings, then those
web series are not too popular.

The average rate of the web series that have the largest number of ratings is 4, while the
less rated web series have an average of 3, the most rated movie has an average rate of
5.Table b displays the Distribution of the times of review per user, where we can notice
that there is a group of users who are relatively less active than the rest, for instance the
80% of the users have review maximum 322 web series, which implies that those users
have rated less than 1% of the web series.

Similar to the table above, the average rating of the web series that have been rated for
several users is around 4, and the users who have rated less number of web series have
an average rating between 3 and 4.
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TABLE : Distribution of the times of review

(A) Per movie (B) Per user
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es w ew
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° 161 3 ° 31 3
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50 50
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Data preparation

It was noted in the previous section that there is a group of web series that have been
rated by a few users, implying that their ratings may be biassed. Furthermore, there is a
group of users who have only rated a few web series, so their ratings may be biassed as
well. Given the lack of information in both cases, this information must be excluded
from the analysis.
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Based on the information described above, and in order to prepare the data for use in
recommender models. It is critical to I select the relevant data, which means reducing
data volume by improving data quality, and (ii) normalise the data, which means
removing some extreme values in user ratings.

Having above benchmark will help us to improve not only the quality of the data but
also the efficiency. As a result, we decide to work with web series that have been rated
more than 4,040 times and users who have rated more than 322 web series. After
reducing the data, we get 56,222,526 ratings. This means that the data set was reduced
by nearly half its original size.

After removing the web series with fewer than 5,000 views, we can see that the
distribution of the average rate has shifted (Figure 3.4), and the majority of the ranks are
now between 3,5 and 4. The extreme values were removed, as expected, but the highest
values remained nearly unchanged. The number of web series has also decreased; in
Figure 3.1, the count ranged from 0 to over 4,000, and it now ranges from 1 to nearly
1,000. Table shows a significant shift in the distribution of review times per movie and
per user.

Distribution of the average movie rating

Average ratings per movie

FIGURE: Average Rates distribution after data cleaning
TABLE: Distribution of the times of review after data cleaning

(A) Per web series  (B) Per user

we Tim avera Use Tim avera
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The second step in this data preparation is normalizing the data, this step is also
important because there are some users who have given low or high values to the web
series and this might lead to bias in the results. This problem is easily solved by
normalizing the data in order to obtain and average rate of O per user. The final step is to
create the user-item matrix necessary to implement the recommender systems approach.
The dimensions of the matrix are 96,290 x 3,554 . Which indicates our clean data set
counts with 92290 users and 3554 web series.

Implementation

As previously stated, the implementation of memory-based techniques is
computationally expensive. As a result, we will work with a sample by reducing the
number of users and web series. Because the number of users may cause a problem with
model accuracy, it is preferable to reduce the number of users on a larger scale than the
number of web series, so we used 25% of the users and 60% of the web series. The
matrix of ratings is now 24,072 2,132, for a total of 9,272,642 ratings.

We can calculate the average number of neighbours and the average number of ratings
again using the formulas from Table 3.3 and the sample data. The results are shown in

710




European Journal of Molecular & Clinical Medicine

ISSN2515-8260 Volume 10, Issue 02, 2023

Table 4.1, and while the average number of potential neighbours for the User-based CF
is now 24,071, the number of potential ratings is still very low 69. The accuracy
obtained from User-based CF will then be subpar and will remain computationally
expensive in comparison to Item-based CF.

TABLE : Calculation of the average number of neighbors and average number of
ratings for the sample

Avg. Avg.
Neighbors Ratings
User- 24,071 69
based
Item- 2,131 785
based

Consequently, for Memory-based, just Item-based CF will be implemented using as
similarity measure the cosine and Pearson correlation. For Model-based techniques, the
SVD approach will be executed. The results from both techniques will be compared.

Now, in order to identify the most suitable model, we are going to build, evaluate and
compare the following filtering

Popularity: Most popular items will be displayed.
IBCF_cos: Item-based collaborative filtering, using the cosine as the distance function.

IBCF_cor: Item-based collaborative filtering, using the Pearson correlation as the
distance function.

SVD: Singular Value Decomposition

Random: Random recommendations in order to have a baseline.

Popularity

The popularity approach was explained, in which we mention that we can recommend
the most viewed and higher-rated web series.

The top ten most matched web series are determined by counting the number of users
who have rated each film, and the average rating of each film is calculated for the top
ten better-rated films.

Both results are shown in Tables a and b, respectively. We can see that the top ten for
both approaches recommend different web series. As previously stated, it is not the best
solution because it lacks variety, but it is very useful and simple to implement.
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TABLE a: Top most watched web series

position Web Name Year
Series_ld
1 5317 Breaking Bad 2,000
2 15124 Salvation 1,996
3 14313 Money Heist 2,000
4 15205 Game of 2,004
Thrones
5 1905 Vikings 2,003
6 6287 Locke and 1,990
Key
7 11283 Stranger 1,994
Things
8 16377 The Witcher 1,999
9 16242 The lost 1,997
Kingdom
10 12470 Manifest 1,996
TABLE b: Top better rated web series
position web Name Year Rating
series_Id
1 14961 Breaking 2,003 4.72
Bad
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4.60

4.60
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5.2 Evaluating the ratings

The other four models will now be evaluated. In order to properly evaluate the models,
the training and test sets must be created, as previously explained, where the ratings in
the test set are those that are not in the train set, but the user and the item are in both

sets.

Table shows the RMSE and MAE for each algorithm. The SVD is followed by item-
based CF using Pearson correlation, which has a smaller standard deviation of the
difference between the real and predicted ratings. Nonetheless, all of the recommenders
outperform a random suggestion, demonstrating the value of implementing any of these

methodologies.

RMSE MAE
IBCF_cor 0.6675 0.5163
SVvD 0.7098 0.5526
IBCF_cos 0.8769 0.6831
Random 1.4259 1.144
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Table : Accuracy measures

From the results in above Table we noticed that ICBF_cor has a smaller RMSE and
MAE than SVD. Nevertheless, we desire to execute a more detailed inspection between
the difference of the predictions for the algorithm SVD and the IBCF_cor. For instance,
in Table a are displayed some of the predictions from the IBCF_cor when SVD has an
error larger than b, which shows that the IBCF_cor does not do it much better.

TABLE : IBCF_cor predictions when the SVD has a huge error

Cust Id Serie Ratin Estimate Error
sld g d Rating
727242 3743 5 2.089 2.91
1
727242 6910 5 1.965 3.03
5
127242 1177 5 1.596 3.40
1 4
127242 1404 5 1.599 3.40
2 1
727242 1645 5 1.970 3.03
9 0
291503 3624 1 4.437 3.43
7
145270 7767 1 4.419 3.41
8 9
873713 1092 1 3.718 2.71
8 8
260679 9886 1 4.092 3.09
9 2
169775 1529 1 3.857 2.85
4 6 7

In order to visualize how different are the predictions from both algorithms. The number
of predictions for each rating value was calculated, and its distribution is displayed in
figure 4.1
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FIGURE : Number of predictions for each rating value

It is well known that when a user has rated only a small number of items, the predictions
from these algorithms are not very accurate. So, when the user rated less than 100 web
series, we calculated the mean error per algorithm, which for the IBCF cor was 0.48 and
for the SVD was 0.52. The top model is still the ICBF with Pearson correlation distance.

Evaluating the recommendations

On the other hand, we can measure the accuracies of the algorithms by comparing the
recommendations with the purchases, as was explained in Formulas 2.11 and 2.12. With
a rating threshold of 4 for positive ratings, and a number k of the highest predicted
ratings k = (1, 5, 10, 20, 30, 50).
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In Figure the Precision and Recall are displayed, where we can see that for few
recommendations like 1 or 5, IBCF_cor and SVD have a high precision but really low
recall. Once the number of recommendations increases (k=50), the recall increases as
well, and the performance of ICBF with Pearson correlation distance has a small
decrease, however IBCF_corstills the one with the highest precision. Having a large
precision implies over all items that have been recommended, the ones that the system
is recommending are relevant. But the low value of the recall indicates a low proportion
of all relevant items are being recommended. Depending on what we want to achieve,
we can set an appropriate number of items to recommend

4.CONCLUSION

We covered the theory of the most popular recommendation system algorithms,
including Popularity, Collaborative Filtering, Content-based Filtering, and Hybrid
Approaches, in this paper. Based on this discussion, only Popularity and Collaborative
Filtering were implemented, while Memory-based CF and Model-based CF were used
for CF. The issue with Popularity is that all of the recommendations are the same for
every single user, so we didn't pay attention to these results. Memory-based models rely
on the similarity of users or items.

Based on the results, we can conclude that Item-Based CF with Pearson correlation as a
similarity measure outperformed all other algorithms. With an RMSE of 0.6675, MAE
of 0.5163, and precision and recall of 0.9959 and 0.006 for 1 recommendation, 0.9649
and 0.2148 for 50 recommendations, respectively. Outperforms the SVD, especially as
the number of recommendations increases. Nonetheless, all of the algorithms
outperformed the random recommendation, indicating that we can make good
recommendations from a data set of ratings using Collaborative filtering that is not only
memory-based (neighbourhood models) but also model-based (matrix factorization
models).
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Theoretically, SVD should have outperformed the Item-based approach because Low-
dimensional recommenders are attempting to capture the taste and preferences of the
users, and it is well known that SVD is a good approach for providing recommendations
based on people's preferences. However, because of the approximation of SVD with
gradient descent, this methodology achieves better and more accurate results in large
datasets. Because we only used a sample of the data set, this could explain why it
performed worse than the Item-based method. Further research will be interested in
comparing the models without reducing the data set; this will be more computationally
expensive.
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