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Abstract

The movie application’s industry currently increases prosperity in 2018, such as
Netflix, iflix, and Hollywood HDTV. All of those web services use some recommenda-
tion engines to suggest movies. It is imperative that the movie recommendation system
should be able to predict efficiently for customers attraction. Moreover, quickly finding
one favorite movie from a huge amount of movies become a fundamental issue. Several
algorithms have been used in movie recommendation world, including Naive Bayes.
Because of simplicity and effective of Naive Bayes classification, it widely applies in
many fields. Naive Bayes has strong independent assumption among the attributes on
given class attributes.

On the other hand, [30] its assumption can degrade the accuracy of classification.
And, Naive Bayes ignore local information such as user preference, so these two key
points result that some case of predictions is incorrectly forecast which also affect the
Naive Bayes efficiency. We present Naive Bayes classification with baseline algorithm
to alleviate the independent assumption of Naive Bayes [2] and to added the ignored
information to Naive Bayes using our method.
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Chapter 1

Introduction

1.1 Motivation

Everyone is rushing for their destination goals. Since the world is growing faster
like never before, it results into the development of almost every sector in our life. One
is the recommend sector in the online market as it grows exponentially, it’s obvious that
competition will enter in this field also. Thus, the recommender engines, e.g. recom-
mend books, movies or articles based on our past actions, is one of the facilities that
the owner use to attract users. In this article, we focus on the improved Naive Bayes

classifier in Movie recommendation system.

Movie recommendation system is facility that the businessman normally uses to
attract users. Thus, the competition of Recommend engine grows dramatically. Its rec-
ommendation is one type of information filtering system, and, basically, it consists of
three types of recommendation system, which is Collaborative recommender systems,
Content-based recommender systems [7], Demographic recommender systems [7] [20],
and Utility-based recommender systems[7]. And, also Naive bayes also had been ap-
plied in movie recommendation system.

Naive Bayes has been widely played an important role in the world of machine
learning competing well with other complex classifiers. Its classifier has been applied
effectively in the field of several practical applications such as text classification, spam
filtering, and medical diagnosis, and also in the field of recommender system. Naive
Bayes classifier, based on Bayes’ theorem, is the simplest and effective classifier which
having strong independent attribute assumption on given class attributes.

Naive Bayes is very useful for three reasons [11]. First is simple and fast pre-
diction, and also work well with multi-class prediction. Next, the performance of Naive
Bayes better when compare with other model such as logistic regression because Naive



Bayes better use less data. And Naive Bayes work better with categorical input variables
than numerical variable because, in case of numerical variable, normal distribution is
assumed. In contrast, Naive Bayes have three drawbacks. For categorical variable, the
data that had not seen in training data set. the model will assign the zero probability
to that specific data, so it is unable to make a prediction because most of predictions
are zero. It may be solved by smoothing techniques. Next, Naive Bayes is called as
bad estimator because the attribute independence assumption is patently false if you're
trying to estimate the probability [10]. Lastly, the limitation of strongly assumption of
independent predictors, so it hard to find set of completely independent predictors and

apply as real life solution.

And, the strong independent assumption of Naive Bayes ignore the joint prob-
ability between different classes. Because of this assumption, the Naive Bayes cannot
capture any information of between classes[30], and Naive Bayes apply global infor-
mation, but the local information is abandoned which this means that some waste rat-
ings or unintended ratings are included in the model. In result, according to previous 2
weakness of Naive Bayes, when we train and predict the data, some case of prediction
is incorrectly forecast. From the past solution of alleviating independent assumption,

some apply complicated algorithm such as neural network.

We believe that there is the solution to alleviate independent assumption and
ignorance problem , and it is able to improve the accuracy of Naive Bayes. Thus, we
purpose ”Combining Naive Bayes Classifier with Baseline Algorithm” as a solution to
improve Naive Bayes efficiency.

1.2 Objectives

The targets of this thesis are to improve the accuracy of Naive Bayes classifier
using baseline algorithm in movie recommendation system. Using Combining NaBayes
Classifier with Baseline Algorithm, it can relieve the strong independent assumption of

Naive Bayes, and reduce the gap of Naive Bayes results in order to improve the result.

To evaluate the performance of recommendation system, mean absolute error
(MAE) is used in this thesis. Therefore, we want to reduce the measurement score for
the better movie recommendation system. The lower mean absolute error (MAE) value

mean the better result. The movie recommendation system efficiency will be demon-



strate via those measurements with Movielens dataset [12] to analyze the behavior and

accuracy of our proposed method.

1.3

Scope of Work

The scope of this project is:

14

To develop a recommender system that has ability to generate predictions quickly

consisting of thousands of users and items.

To develop a recommender system that can accurately predict the rating of the
non-rated user/item combination and recommend items based on these predic-

tions.

To develop a recommender system that should be able to produce recommenda-

tion for all the existing items and users regardless of the new user.

To develop a recommender system that its performance should not degrade with
sparsity.

Thesis Structure

This thesis consists of seven chapters which are arranged as follows:

Chapter 1 Introduction — mentions the motivation, objectives, and scope of work.
Chapter 2 Related works — describe the related researches.

Chapter 3 Background knowledge — shortly inform the knowledge using in this
research.

Chapter 4 Our approach — present the our approach of Combining Naive Bayes
Classifier with Baseline Algorithm.

Chapter 5 Implementation — is about the applied programming language and tools,
and the detail of implementation.

Chapter 6 Experimentation — describe the detail of data input, evaluation tech-

niques, and the result of experiment.

Chapter 7 Conclusion — talk about summary, and future work.



Chapter 2
Related Works

2.1 Previous Recommender systems approach

Recommender systems are based on a variety of approaches such as content
based approach, collaborative filtering approach, and hybrid approach.

The content-based approach [21] relies on the similarity of the recommended
movie. The base idea is that if the user like a movie, then the user will also like the
other “similar” movie as well. It commonly works well when it is obvious to determine
the context or properties of each movie. This approach works with data that the user
provides, specifically movie rating data. Based on that data, a user’s profile is gener-
ated, which is using to provides suggestions to the user. If the user provides more inputs
or takes actions on the recommendations, then the system will become more accurate.
However, this approach cannot recommend a movie outside the user’s profile and also

unable to utilize the various recommendations of other users.

The collaborative filtering (CF) [36] is largely expanding in such a way that this
approach influences most of the recommender systems. It is categorized into two pri-
mary types. First, the memory-based collaborative filtering approach [6] is based on
past behavior and not on the context. Precisely, it is based on the similarity in prefer-
ences, tastes, and choices of between the users. It analyses how similar the preference
of an individual user is to another and obtains recommendations from that. In common,
This approach is the workhorse of the recommender system. The algorithm has a fasci-
nating property of being able to do feature learning on its own, which indicates that it
can begin to learn for itself what features to use. However, there are some drawbacks
to this approach. They present serious scalability problems given that the algorithm has
to process all the data to compute a single prediction. With a high number of users or
items, these algorithms are not appropriate for online systems which recommend items
in real time. It does not address the well-known cold-start problem, that is when a new

4



user or movie enters in the system. Moreover, It cannot deal with sparse data, indicat-
ing it is difficult to find users that have rated with the same movie [8] . Secondly, the
model-based collaborative filtering approach [22] is based on matrix factorization (MF)
which has received greater exposure, principally as an unsupervised learning method for
underlying variable decomposition and dimensionality reduction. Matrix factorization
is publicly used for recommender systems where it can deal better with scalability and
sparsity than memory-based collaborative filtering [8].

Some research [17] seem to agree that movie recommendation systems are cen-
tered on collaborative filtering and clustering which focus on the orientation algorithm in
collaborative filtering recommendation process that is the k-nearest neighbor (kNN) al-
gorithm. Specifically, clustering algorithm with a bio-inspired algorithm called cuckoo
search which is claimed to have better performance when compared with other algo-
rithms such as genetic algorithms and particle swarm optimization. It was found that it
takes less time than other algorithms applied to the same dataset with the strong con-
vergent evidence which are mean absolute error (MAE) equal to 0.68 at 64 number of

clusters.

2.2 Improved Naive Bayes research

According to [27] author use Particle Swarm Optimization method to optimizate
the Naive bayes classifier. Particle Swarm Optimization (PSO) : is a computational
method that optimizes a problem by iteratively trying to improve a candidate solution
with regard to a given measure of quality. In this article,PSO technique is used to im-
prove the efficiency and accuracy of Naive Bayesian classification technique. The fit-
ness function was modelled based on the structure of Naive Bayes algorithm. The opti-
mal value was determined by the PSO technique. Thus, Naive Bayes accuracy was used
as the fitness function. This research focus on the accuracy of Naive Bayes and adding
new method to optimize Naive Bayes, and it overlooks the weakness of Naive Bayes,
the strongly independence assumption.

2.3 Improved Baseline research

From article [19], this paper is used to propose the way to extend the model to
exploit both explicit and implicit feedback by the users using some methods including



baseline algorithm. Baseline is applied to provide an alternative way to learn user pref-
erences, so this article modify the Baseline formula by add another set of weights to
baseline estimates. It helps to emphasize the missing ratings. Thus, it will consider
user opinion on both no ratings and existing ratings. For example, assume that user rate
movie “Lord of the Rings part 3” high also gave high ratings to “Lord of the Rings 1-2.”
This will make the high weights from “Lord of the Rings 1-2” to “Lord of the Rings
part 3.”, and if a user did not rate “Lord of the Rings 1-2” at all, his predicted rating
for “Lord of the Rings part 3” will be reduced the ratings. Thus, baseline algorithm is
used in this article to increase the efficiency of baseline in movie recommender systems.
This baseline article focus on using baseline to extract user preference which is able to
improve Naive Bayes in this article.



Chapter 3
Background Knowledge

3.1 Recommender Systems

Recommender systems began as an individual field of research about the mid-
1990s and derived from different other research areas like cognitive science, approxima-
tion theory, information retrieval, forecasting theory, consumer modeling, and also man-
agement science [1]. Recommender systems have improved a lot since then. Nowadays,
Recommender systems are aiming to produce these individualized outputs by learning
about different user preferences and then predicting their unique needs. Due to vary-
ing conditions there exist various types or techniques of recommender systems, that all
differ in the way a definite recommendation is given. It depends on the scenario what
kind of system is chosen and applied. In the following the most well-known types are

explained in detail.

3.1.1 Collaborative recommender systems

Collaborative recommender systems are one of the most commonly used sys-
tems. In general, these systems generate a user profile based on ratings of distinct objects
and then compare these against a broader user group. The system recognizes similarities
between users based on their ratings and then generates new recommendations based on
this inter-user comparison. Numerous algorithms have been used in measuring user sim-
ilarity or item similarity. For example, the k-nearest neighbor (k-NN) algorithm and the
Pearson Correlation. Collaborative recommender systems can vary in the way a rating
is determined. They can be binary, focused on opinion over time, model or memory-
based [7]. A typical example is the additional product suggestions on Amazon (People
who bought this item also bought that item).



3.1.2 Content-based recommender systems

Content-based recommender systems are based on the characteristics of the con-
tent in order to produce an individualized recommendation. The content is classified into
different tags or features and can associate these to the ratings of the users. By doing
this, the systems learn from the user profile and displays relevant recommendations [7]
To involved the features of the items in the system, an item presentation algorithm is
used. A generally used algorithm is the term frequency-inverse document frequency.
A typical example of this recommender system is the movie suggestions on Netflix, If
the user watched a movie of the genre adventure once or even gave thumb up for that
movie, the user will acquire suggestions with the corresponding label. How the content

is labeled and matched against each other is regularly kept a secret.

3.1.3 Demographic recommender systems

The classification of various demographic attributes creates the baseline of de-
mographic recommender systems. These attributes can include gender, age, cultural or
other personal characteristics. The derived model of every combined personal attribute
is then matched into a list of user stereotypes that were manually generated. In oppo-
site, collaborative recommender systems use history of different ratings are not required
[7]. Demographic recommender systems can be used in a wide field of applications
but mainly benefits to solve the cold start problem or new user problem. This kind of
problem appears when a model of a user does not exist yet, e. g. when the user uses a
recommender system for the first time. Because the interests of users are undiscovered,
suggestions can only be performed based on the available demographic information of
the current users [20].

3.1.4 Utility-based recommender systems

Utility-based recommender systems are attempting to calculate the utility of each
object with the user. In the following step, they try to increase this utility factor to
satisfy the personal needs of each user. Consequently, a long-term evaluation of the
user through ratings is not required because the system learns to recognize the user over
time. The main problem thus is to define this usability method for each user which is

regularly done through several user satisfaction methods [7].



3.1.5 Knowledge-based recommender systems

In a knowledge-based recommender system, there exists underlying data of the
relation between the needs of a user and a particular item. This assumption between user
needs and a particular item, that characterizes every recommendation types, can again
then be stored in a user profile [5]. Fundamentally, every kind of expert systems can be
considered a knowledge-based recommender system because the value of the system is
formulated by the acquisition of the knowledge of the user [9].

3.2 Proposed algorithm in recommender data model

3.2.1 Naive Bayes Classifier (NBC)

Naive Bayes is first introduced by Monsteller and Wallace for text classification
in 1964 [16]. Naive Bayes is a technique which is simple and Naive as its name, and it
is applied for classifiers construction which builds Naive Bayes probabilistic models. In
equation (3.1), this is Naive Bayes formula, and A will returns the maximum posterior
probability of class b € B.Hat notation means estimate of correct class. At first initia-
tion, Naive Bayesian classification is applied Bayes’ rule, equation (3.2), to transform
formula that have useful properties of Bayes’ theorem. Bayes’ rule is based on Bayes’
theorem. Bayes’ rule is the way to update based on the arrival of new pieces of evidence.
Thus, conditional probability P(b | a) in , equation (3.1), can substituted by (P (a |b) -
P(b)) / P(a), so the result is equation (3.3).

A

= ar%fn;ax(P(b | a)) @31
Hsat = P(“'P+>P(b) G.2)
A= arfen;ax (W) (3.3)
A= argrgax(P(a | b) - P(b)) (3.4)

Next, Formula (3.3), whether the formula has the denominator P(a) or not, the
P(a) value of same document will not change, so we can ignore P(a). Then, formula
change into, equation (3.4). Naive Bayes assume conditional independence strongly
that probabilities P(a | b) are independent on given class b. It means that if there are



any changes on the value of one feature, it will not have any impact on the value of other
features. Using the following equation (3.5), it is substituted into Fig. 3.4 at P(a | d),
then its result is formula equation (3.6) which is called as Naive Bayes classifier [16].
Naive Bayes is easily scalable because Naive Bayes is probabilistic model, and it uses
simple algorithm that can respond request instantaneously, so good choice for real-world

applications [14].

P(ay, az,...,a; | b) = P(ay | b) - P(az | b) - ... - P(a; | b) (3.5)
CNBC = arg max (P(b) : H P(a | b)) (3.6)
beB acA

Naive Bayes classifier is supervised machine learning algorithm and based on
bayes’ rule, equation (3.2). It employs the probabilistic relationships between the class
attributes and the features set. This classifier is a family of machine learning algorithms.
There are four steps to build Naive Bayes classifier which is first is calculate the
distribution over the data inputs for each value C, so we got the probabilistic tables.
Then, using tables in recent step can give P(ay, as, .., a; | b = V}) value. Next, it need to
calculate P(b = V;) using existing records with B = V;. Lastly, Naive Bayes classifier
calculate new prediction using equation (3.6) formula which b is class attributes and a)
to a; is other features. Typically, it can be applied in wide range of classification fields
such as filtering spam, classifying documents, sentiment prediction etc [14].

For the example of Naive bayes classifier, firstly, the data should be process
into manageable format Fig. data table 3.1. According to Fig. 3.1, first row is Movie A
to F, and First column is User 1 to 7, and the data of table are ratings. Some of missing
data use as 0 ratings, no ratings.

To train the data using Naive Bayes classifier, the P(a = a; | b = b;) is the
conditional probability need to find for each specific user i and movie J, and assigned
to each value to the table 3.3 for each other Movies with specific class attribute movie
F such as probability table of Movie A Fig. 3.4.

To calculate probabilistic relationship ,Let assume to find class rating X with
user rating Y for specific movie A, the probabilistic value of row Y and column X
of probability table can be calculated from table Fig. 3.1. If counting number of the

specific user rating of movie A equal to Y and movie of class attribute F rating equal to

10



X, counting number will be equal to 1 otherwise equal to 0. And counting number must
be divided with the counting value of class attribute of F equal to X, so the process is
repeated to retrieve all probability tables.

In this example, to find value of row 1 and column 0 of table movie A, Fig. 3.4,
counting value where user ratings of movie A equal to 1 and also the user has rating on
the movie class attribute F equal to 0. class attribute F at user 4 equal to 0 ,but user 4
rate movie A is not equal to 1, so it is ignored. Next, User 17 rate movie F as 0, and
also user 17 rate movie A equal to 1 which is correct criteria, so it is counted as 1.
Then, it is divided with counting value of class F which equal to number 0, counting as
2. Therefore, the value of row 1 and column 0 of table movie A , Fig. 3.4, equal to 1
divided by 2 ,so result is 0.5 . After that, this method will be applied to each row Y and
column X with specific movie A to E because the probabilistic tables can be calculated
for each movies except the movie F that is assigned as column of class attributes. So in
this case, After the data was trained using Naive Bayes classifier, we got 5 probabilistic
model or probabilistic tables for specific class attribute movie F Fig. 3.4,3.5, 3.6 ,3.7
L

Another probabilistic values for each specific ratings, in this case, there are pos-
sible five ratings 0 to 5, so the counting values from P(f=0) to P(f=5), where ratings in
rows of class movie F, is divided by the total number of users or possible user ratings of
class F. In this example of Fig. data table 3.1, P(f=0) value is the user ratings for movie
F equal to 0 divided by total possible user ratings of class F, so the result is 2 divided
by 20 which equal to 0.1 . Then, it will be applied the same way to calculate for ratings
from 0 to 5 as shown in table Fig. 3.2.

11



5 3
3 2
2 3
3 4
5 3
4 3
2 3
2 3
2 5
2 1
4 4
3 2
2 3
0 1
4 2
3 3
2 3
0 4
4 1
2 1

Figure 3.1: Data table
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Naive Bayes
Prior probability of class F
P(F=0) 0.1
P(F=1) 0.2
P(F=2) 0.25
P(F=3) 0.15
P(F=4) 0.2
P(F=5) 0.1

Figure 3.2: Prior probability of class F

Class attribute B

0 1 2 3 4 5

Attribute A

P(A=0|B=0) NA=0{B=1) P(A=0|B=2) P(A=0|B=3) P(A=0|B=4) PA=0|B=5)

P(A=1[B=0) MA=1|B=1)  P(A=1|B=2) P(A=1|B=3) P(A=1|B=4)  PKA=1|B=5)
P(A=2[B=0)  PA=2|B=1)  P(A=2|B=2) P(A=2| B=3) P(A=2{B=4)  KA=2|B=5)
P(A=3|B=0)  PA=3|B=1)  P(A=3|B=2) P(A=3|B=3) P(A=3|B=4)  PMA=3|B=5)
P(A=4|B=0)  PMA=4|B=1)  P(A=4|B=2) P(A=4|B=3) P(A=4[B=4)  PA=4|B=5)
P(A=5|B=0)  PA=5|B=1) P(A=5|B=2) P(A=5|B=3) P(A=5|B=4)  PA=5|B=5)

Figure 3.3: Probabilities table
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Class attribute [ Movie F |
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Figure 3.6: Probabilities table of movie C

0 1 2 3 4 5
0 0 0.2 0 0 0
3 0.5 0.75 0.2 0.6667 0.5 0
£ 0 0.25 04 0 025 0
2 0 0 0 0 0 0.5
5
= 0 0 0.2 03333 0.25 0.5
0.5 0 0 0 0 0
Figure 3.4: Probabilities table of movie A
Class attribute [ Movie F |
0 1 2 3 4 5
0 0.25 0 0 0 0
" 05 0 0 0 0 0
:5; 0.5 0.75 0.6 03333 0.25 0
é 0 0 0.2 0 0.5 1
i
> 0 0 0 0 0 0
0 0 0.2 0.6667 0.25 0
Figure 3.5: Probabilities table of movie B
Class attribute [ Movie F |
0 1 2 3 4 5
0 0 0.2 03333 0 0
T 0 0 0 0 0 0
2
-E 0.5 0.25 0.4 0.6667 025 0.5
2 0.5 0.5 0 0 0.25 0
s
= 0 0.25 0.4 0 0 05
0 0 0 0 05 0




Class attribute [ Movie F ]

Figure 3.8: Probabilities table of movie E
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0 1 2 3 4 5
0 0 0 0 0 0
:ﬂ; 0 0 0.4 0.3333 0.25 0
& 0 0.5 0.2 0 0.25 0
g 05 0.5 0.2 0.3333 0.5 0.5
E 05 0 0.2 0 0 0.5
0 0 0 03333 0 0
Figure 3.7: Probabilities table of movie D
Class attribute [ Movie F |
0 1 2 3 4 5
0 025 0 0 0 0
N 0.5 0.5 0.4 0.6667 025 0
£ 0 0 0.2 03333 0.75 0.5
g 0 0 0.2 0 0 0
Z 0.5 0 0 0 0 0.5
0 0.25 0.2 0 0 0




Naive Bayes classifier use formula Fig. 3.6 for prediction. To find
P(A = movie,, moviey, ..., movie; | B = movie;) value using conditional indepen-
dence assumption, P(A = movie,, moviey, ..., movie; | B = movie;), the joint model

can be expressed as
P(A = movie, | B = movie;) - P(moviey | B = movie;) - ... - P(movie; | B = movie;)

so P(movie; | B = movie;), and for each P(movie; | B = movie;), it can be retrieved
for each specific movie Fig. 3.4, 3.8 such as movie 2 using table Fig. 3.5. And using
the P(B = movies) value from table Fig. 3.2.

For example, using Naive Bayes classifier to predict the possible ratings that the
user 21 give to class F. It takes existing ratings of user 21 into account 3.9, and, for each
P(movie,,.... | B =movies) and P(B = moviey) can be retrieved from the previous
probabilistic tables such as P(movie, = 1| movie; = 0) using table Fig. 3.4 where
row is 1 and column is 0, so P(movie; = 1 | movie;) equal to 0.5, and P(movies) = 0
equal to 0.1 from Fig. 3.2. Therefore, Naive Bayes classifier apply existing inputs using
formula Fig. 3.6 with every possible ratings, so it results in equation 3.9. As aresult,
the ratings 0 can be calculated from

P(movie, = 2 | movies = 0) - P(moviey = 3 | movies = 0)-
P(movie. = 2 | moviey = 0) - P(movieg = 3 | movies = 0)-

P(movie. = 1 | movies = 0) - P(movies = 0) = (0)(0)(0.5)(0.5)(0.5)(0.1) = 0

then we applied the same way with other rating. For rating 4, probability rating is
0.00078125 which is the highest probabilistic value when it is compared to other ratings,
so it can predict that the most possible ratings that user 21 give to movie class F is 4.
However, Naive Bayes can predict incorrectly when larger amount of data is applied.

Naive Bayes Prediction [predicted value for user 21 of movie F.] Predicted result| realresult
A B C D E F F
user 21 2 3 2 3 1 4 4

Figure 3.9: Naive bayes classifier prediction
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3.2.2 Baseline Algorithm

For rating prediction, baseline estimates or baselines for predictive models is
performance evaluation of given problem in statistics [40]. To applied baseline estimates
[19], using formula , equation (3.7) , unknown rating of baseline estimates is defined by
bui, p is the mean of overall rating, b,, and b; define the average of existing evidence of

specific user u and item i sequentially.

bui=p+ b, + b (3.7)

o S 09
B Zruietﬁgri — 1) (3.9)
N D% dn (T'z (_ p—b;) (3.10)

For equation y (3.8), r,; means The actual rating of user u for item 1, and Ryqin
is The training set. For equation b;(3.9), r,; is The actual rating of user u for item i, and
Ui is The set of all users that have rated item i. For equation b, (3.10), I, is the set of

all items rated by user u.

For example, to apply baseline estimates in previous example, mean,y, in
equation (3.7), can be calculated using formula equation (3.8) , first is to find average
of whole data in table or summation of data in table and then it is divided by total
number of data without considering “0” data. Thus, total bias of whole table for this
example, mean is 2.5841 as shown in Fig. 3.11. Then, for b;, bias of item i can be
calculated using equation b; (3.9) by the average rating of item i divided by total number
of possible ratings of item i which each rating is subtracted by u. Next, to calculate
by, bias of user can be computed using equation b, (3.10) with existing ratings of user
predictor. It use the summation of rating of user u which each rating is subtracted by p
and bias of rating of user predictor sequentially. Then, it is divided by total number of

possible ratings of user u, and then the result is subtracted by mean.
In this example, to find bias of movie A, in this example, ratings at col-

umn of movie A is 1, ... , 4, 1 so summation ratings of movie A is 41, note that

zero number is not counted, and total number of possible ratings is 19. Therefore,
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41 is divided by 19 which the result is 2.15789. Then, result is subtracted by mean,
2.15789, so its result is —0.42621 as shown in table Fig. 3.10 at second column last row.

Next, for prediction, formula equation (3.7) is applied for baseline prediction.
mean of total table in Fig. 3.11 and b;, bias of item i and b,, bias of user u can be
substituted into formula (3.7) , and the result is b,; which is the possible value of rating
item i of user u. To find unknown rating that user 21 probably give to movie F, in this
example, To find bias value of user 21, it use the equation 3.10 and use the existing
rating information of user 21 as shown in Fig. 3.12.

by = [(2 — 2.5841 — (—0.4262)) + (3 — 2.5841 — 0.258) + (2 — 2.5841 — 0.4159)+
(3 — 2.5841 — 0.0659) + (1 — 2.5841 — (—0.4262))]/5

and the result is = (—1.8079)/5 = —0.36158. Then, for prediction, mean from Fig.
3.11 is 2.5841, from Fig. 3.10 , bias value of movie F is 0.1381. Those value is sub-
stituted into equation (3.7) and the result is 2.5841 + (—0.36158) + 0.1381 = 2.36062
as shown Fig. 3.12, so possible rating is 2.36062;:however, in this example, some result
are incorrect prediction because the amount of input information may affect the effi-
ciency of baseline prediction, for this example, predicted value of user 21 probably give
to movie F is 2.36062 which actual ratings is 4.
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User\Movie A B C D E F
1 | 2 5 3 2 4
2 1 2 3 2 5 1
3 2 2 2 3 1 2
4 | , 5 1 3 4 | 0
5 | ] 3 5 3 2 4
6 1 2 4 3 0 |
7 1 2 2 3 1 1
8 4 3 2 3 2 5
9 4 5 2 5 2 3
10 2 5 2 1 2 4
i 3 3 4 4 4 5
4 3 3 2 1 4
1 2 2 3 1 3
1 | 5 0 1 1 3
15 2 2 4 2 1 2
16 2 0 3 2 1 1
17 | 2 2 3 4 0
18 4 2 0 - 5 2
19 0 3 4 1 2 2
20 1 5 2 1 3 2
bais movie Albais movie B[bais movie(bais movie D|bais movieE| bais movieF
-0.4262 0.258 0.4159 0.0659 -0.4262 0.1381

Figure 3.10: Data table and bias value of each movies
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Figure 3.11: Mean of overall rating

Example bascline prediction [predicted value for user 21 of movie F] Predicted result| real result

UserMovie | A B c D E F F

user 21 2 3 2 3 1 2.36062 4

Figure 3.12: Result of baseline prediction
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Chapter 4
Our Approach

We propose a framework for combining the Naive Bayes Classifier with the
Baseline Algorithm. Let R NBC, R 51, and R Final Tepresent the predictions rating gener-
ated by the Naive Bayes Classifier, Baseline Algorithm, and the final prediction we are
confident to be accurate, respectively. The proposed approach is outlined in Algorithm
1 as follow.

Algorithm 1 Combining Naive Bayes classifier with baseline algorithm

1: procedure PREDICT(RNBC, RBL)
2 lf(|RNBC—RBL|<6)theIl
3: RFmal 5 RNBC

4: else
5
6

RFma,I T RBL
return Rpmal

The threshold parameter J3 tells us if the difference between the predictions given
by the individual recommender systems is small enough, then we are confident that
Naive Bayes Classifier can predict a rating correctly. This is a kind of heuristic approach
learned from the prediction behavior of Baseline Algorithm and Naive Bayes Classifier.
Baseline Algorithm gives Rp; in a floating point scale, and Naive Bayes Classifier
gives Rypc in an integer point scale. Baseline recommender systems give an accurate
recommendation, but regularly they do not predict actual value, for example, ifthe actual
value of an unknown rating is 3, then Rp; might be 2.9 or 3.1 (or some other valug).
Conversely, R ~BC can give actual value, for example, in the case, as mentioned earlier,
it might give us 3. However, Naive Bayes Classifier might result in the prediction that is
not close to the actual one, e.g., 2, 1. We take the difference of individual recommender’s
predictions, and if it is less than a threshold 3, then we use R ~Bc assuming that it has
been predicted correctly. Otherwise, we use the Rz given by the Baseline Algorithm.
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Chapter 5
Implementation

In this chapter, the implementation of our system for the proposed approach are
discussed.

5.1 Programming Language and Tools

To test our proposed approach. We tested using the JupyterLab [18, 25] that run
on the Google Cloud Platform (GCP). The tools and technology used are as follows.

S5.1.1 Python

Python is a general-purpose, interpreted high-level programming language whose
design philosophy emphasizes code readability [3 1]. Its syntax is clear and expressive.
Python has an extensive and comprehensive standard library and more than ten thousand
extension modules. We use Python version 3 for developing every part of the systems.
The other Python modules are discussed as follows.

5.1.2 NumPy

NumPy is a software library for written the Python programming language, adding
support for large, multi-dimensional arrays and matrices, along with a large collection
of high-level mathematical functions to run on these arrays [28, 37].

5.1.3 Pandas

Pandas is a software library written for the Python programming language for
data manipulation and analysis [23]. Precisely, it offers data structures and operations
for handling numerical tables and time series. It gives a wide range of features including
DataFrame object for data manipulation with integrated indexing, tools for reading and
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writing data between in-memory data structures and various file formats, data alignment
and integrated handling of missing data and further.

5.14 NLTK

The Natural Language Processing Toolkit (NLTK) is an open source language
processing module of human language in Python [3]. Created in 2001 as a part of com-
putational linguistics course in the Department of Computer and Information Science
at the University of Pennslyvania. NLTK provides inbuilt support for easy-to-use in-
terfaces over fifty lexicon corpora. Along with a suite of text processing libraries for
classification, tokenization, stemming, tagging, parsing, and semantic reasoning. For
our project, we use NaiveBayesClassifier module to train and classify the dataset.
NLTK was designed with four goals in mind.

1. Simplicity: Provide and intuitive framework along with substantial building blocks,
giving users a practical knowledge of NLP without getting bogged down in the te-

dious house-keeping usually associated with processing annotated language data.

2. Consistency: Provide a uniform framework with consistent interfaces and data
structures and simply guessable method names.

3. Extensibility: Provide a structure into which new software modules can easily be
accommodated, including alternative implementations and competing approaches
on the same task.

4. Modularity: Provide components that can be used independently without requir-
ing to understand the rest of the toolkit.

5.1.5 Surprise

Surprise is a Python scikit-learn building and analyzing recommender systems
[15, 29]. The name SurPRISE stands for Simple Python Recommendatlon System En-
gine. It was designed with the following four purposes in mind:

1. Give perfect control over the experiments. To this point, a strong emphasis is laid
on documentation, which they have tried to make as clear and precise as possible

by pointing out every detail of the algorithms.

2. Alleviate the pain of Dataset handling. Users can use both built-in datasets and
their custom datasets.
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3. Make it simple to implement new algorithm ideas.

4. Provide tools to evaluate, analyze, and compare the performance of the algo-
rithms. Cross-validation procedures can be run very easily using powerful CV
iterators (inspired by scikit-learn great tools), as well as exhaustive search over a
set of parameters.

3.2 Implement the Model

5.2.1 Data Preprocessing

We perform data preprocessing to create the ratings matrix (see Fig. 5.1) and
prepare it for the training and testing. First, we load the data from a delimited text file.
Each row of the file after the header row represents one rating of one movie by one
user. Next, we establish a zero-indexed set of unique IDs for users and movie items.
Th<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>