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Abstract

Forecast the success of a movie before its release can be very inter-
esting for the film industry but it is difficult to achieve. One technique
is to use instance-based algorithms to predict the movie ratings based
on a dataset about existing movies. In this thesis, we apply different
machine learning methods based on a dataset from the website Inter-
net Movie Database (IMDb) to analyse the success factors of movies
in order to predict the movie ratings. The different methods used are
the k-nearest neighbors algorithm, the linear regression, the quadratic
regression and the k-means clustering. Thanks to these methods and
the huge dataset from IMDb, we developed interesting machine learn-
ing techniques to foresee the movie ratings with a good accuracy. The
techniques used in this thesis could be applied in the film industry to
guide the director of a movie to make choices about some features of
its movie.

1 Introduction

It can be hard to foresee if a movie would be a success. Indeed, a movie can
be characterised by a lot of different factors and it’s not always obvious to
know how these factors would have an impact on the success of a movie.

The success of a movie can be perceived in many ways. The success could
mean lots of entrances, or good critics ratings and so on. In this thesis, we
have made the choice that the success of a movie is measure by the ratings
given by the people. Thus, a movie has more success than another if it gets
better ratings.

This thesis analyses in depth the success factors of movies to attempt to
predict the movie ratings. To be able to predict movies ratings, we need to
have a dataset. The dataset contains lots of movies and each movie is defined
according to different features. We will use the Internet Movie Database to
construct a consistent database.

Internet Movie Database is a well-known website for movie enthusiasts.
As it says on the official website, IMDb started in 1990 as a hobby project
by an international group of movie and TV fans.
IMDb is now the world’s most popular and authoritative source for movie,
TV and celebrity content. The website offers a searchable database of more
than 100 million data items including more than 2 million movie, TV and

3



entertainment programs and more than 4 million cast and crew members.

Thanks to the IMDb website, we were able to retrieve all the data we
needed to characterise each movie. As we explain deeper in the next sec-
tion, we got around sixty thousand movies. IMDb contains more than sixty
thousand movies but every movie doesn’t have all the features required to
characterise a movie.

The goal of this thesis is to predict as accurately as possible the users
rating of movies which aren’t released yet. And at the same time, we try to
define the factors which are relevant for a movie such as the director name,
the writer name, and so on. Actually, these two goals are correlated because
we need to determine the key factors of movies to compute the prediction of
the user ratings of a movie.

The thesis is separated in four sections. The first section explains all the
theory of the models we have used. Along this thesis, we used several dif-
ferent theory models. These models have to be understood by every reader
before reading the process section.

Then, we carry on with the process section. This section explains how we
fit and mix the models to our case. It details every step we have followed to
get results. Each next subsection is a consequence of the previous subsection.
You will clearly observe the reasoning behind each step.

After this, we have a result section. It will be useful for the analysis of all
the results we got. We will observe each result and understand the meaning
of it. In this section, we also explain how we implemented our programs.
Finally, we will conclude with a summary.
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2 Theory of Models

This section describes all the different models and techniques applied in this
thesis to achieve the goal of predicting the movie ratings based on a dataset.
The first three models which are the k-NN regression, the linear regression
and the quadratic regression are regression methods whose goal is to predict
the movie ratings while the last one, the k-means clustering, is an algorithm
to partition the dataset into different clusters.

This section contains just the theory of the models, their application in
the scope of this thesis is explained in Section 3 and all the results of the
experiments are presented in Section 4.

2.1 k-Nearest Neighbors Algorithm

The k-Nearest Neighbors algorithm [1], also known as k-NN algorithm, is
a very popular algorithm in machine learning used for classification and re-
gression. In classification, the algorithm defines the class membership of a
new instance among a dataset while the regression estimates a value with
the average of its neighbors.

This algorithm belongs to the family of instance-based learning (or memory-
based learning) and, therefore, to the lazy learning. The goal of this kind of
algorithm is to compare the new input instance directly to a range of training
set, stored in memory, as opposed to the eager learning trying to generalise
the problem before querying it with a formula like the linear regression (Sec-
tion 2.2).

A major consequence of these algorithms is the linear complexity on the
training set for each instance to predict because there is no learning in this
algorithm. Indeed, the complexity grows with the amount of data of the
training set to reach a linear complexity O(n). Moreover, it implies to store
all the training dataset in memory which can represent a large space require-
ment.

In the case of this thesis, we use the k-NN regression to predict a contin-
uous variable [1] corresponding to the movie ratings. For this reason we will
focus only on the k-NN regression. The protocol of the k-NN regression is
quite simple and follows the different steps explained below.
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2.1.1 Distance

The first step is to find the nearest neighbors of the new instance with a
distance function. We can use different measures to compute the distance
between the new instance and the training set like the Euclidean, Manhattan
or Minkowski distance functions. In our case we use the most popular one,
the Euclidean distance function with the formula√√√√ k∑

i=1

(xi − yi)2, (1)

where k is the number of coordinates, xi is the coordinate i of an instance
from the training set and yi the corresponding coordinate of the new instance.

For instance, let us assume we try to predict the rating of a new movie
based on the year of production and the number of awards already received
by the main actor (see Figure 1). In this case, for the first distance, x1 and y1
correspond respectively to the year of the first example from the training set
(1993) and the new instance (2015) and x2 and y2 correspond respectively to
the awards received by the main actor of the first instance of the dataset (1)
and the number of awards received by the main actor of the new movie (1).
Therefore, the computation of the first distance is

D1 =
√

(1993− 2015)2 + (1− 1)2 = 484. (2)

Year Award Actor Rating Distance

1993 1 6.8 484

1998 0 6.4 290

1999 1 7.1 256

2005 2 7.6 101

2010 0 5.9 26

2015 1 ???

Figure 1: Euclidean distance of movies
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2.1.2 Standardisation

We can notice in the previous example that the year of the movies has a
huge impact on the distance compared to the award coordinate because the
difference between the years is more important. Therefore, the result is
distorted because of the different measurement scales of the coordinates. We
can solve this problem by standardising the data in each column to obtain
a value between 0 and 1 in order to have all the coordinates with the same
influence in the computation of the distance. In this case, the formula applied
to standardise the data is

Xs =
XO −Xmin

XMax −Xmin

, (3)

where Xs is the standardised feature, XO is the original feature, Xmin

and XMax are respectively the minimum and the maximum value of all the
values of that feature.

This formula is the difference between the current value with the mini-
mum of the column divided by the difference between the maximum and the
minimum of the column. Then, we can recompute the new distance values
with the standardised data. The new table with the standardised values is
shown in Figure 2.

As you can observe, we have to deal with a special case. If Xmin = XMax,
the denominator will be equal to zero and the division will be impossible.
Therefore, the feature will be discarded. It means that the feature won’t have
any impact on the decision process of the closest neighbors (Section 2.1.3).

Year Award Actor Rating Distance

0 0.5 6.8 1

0.23 0 6.4 0.92

0.27 0.5 7.1 0.73

0.55 1 7.6 0.67

0.77 0 5.9 0.55

1 0.5 ???

Figure 2: Euclidean distance of movies with standardised data
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Now that we have a fair distance between all the features, we can start
the last step of the algorithm.

2.1.3 Average of the k-Nearest Neighbors

Thanks to the standardisation and the computation of the distance, we are
now able to find the nearest neighbors of the new instance. The k value from
k-NN represents the number of neighbors we are going to consider to provide
the prediction. The neighbors are selected by increasing distance (the closest
neighbor) which are instances closer to the new instance.

For a given target feature, the prediction is based on a simple arithmetic
average function of its k nearest neighbors. We can also use the distance-
weighted k-NN algorithm [2] to weight the contribution of the neighbors in
order to raise the influence of the nearest neighbors by giving a weight of 1/d
to each neighbor, where d is the distance value.

Considering the previous example, if you have k = 3, the rating of the
new movie without weight is

7.1 + 7.6 + 5.9

3
= 6.87 (4)

and the same example with the weight of the neighbors equal to 1/d is

7.1

0.73
+

7.6

0.67
+

5.9

0.55
1

0.73
+

1

0.67
+

1

0.55

= 6.70. (5)

After these three steps, we are able to predict the target feature of a
new instance based on the training dataset. The last challenge is to find the
optimal number k of nearest neighbors. This value can be found using cross
validation, a method based on mean squared error (MSE).

2.1.4 Cross Validation

Cross validation [1] is a technique used in statistics to estimate the validity of
a model based on sampling. This technique can be used to find the optimal k
for the k-NN algorithm. There are several techniques of cross validation like
the holdout method or the k-fold cross-validation among the most popular
ones.
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The holdout method consists in splitting the dataset in a training set
(more than 60% of the dataset) and a test set and applying the k-NN algo-
rithm with different values of k. The optimal value of k is the one giving the
minimum deviation based on MSE. The mean squared error [3] is used to
measure the difference between a predicted value and the real value actually
observed with the formula

MSE =
1

n

n∑
i=1

(Ŷi − Yi)2, (6)

where n is the number of instance predicted, Ŷ is the predicted value and
Y is the real value observed.

With the k-fold cross-validation technique [2], the dataset is split into kf
samples. We select one of them as the test set and the kf − 1 others as the
training set, then we compute the MSE. We iterate this operation kf times in
order to use each sample as the test set. Finally, we compute the average of
the kf MSE to find the deviation. As with the holdout method, the optimal
k of the k-NN is the one giving the minimum deviation.

The following figure summarises the whole process with the different steps
of the k-NN algorithm.

Figure 3: k-NN Process

2.2 Linear Regression

The linear regression [4] is a regression model used in statistic describing the
relationship of a scalar dependent variable y with one or more explanatory
variables x. The principle is to model the relationship between the depen-
dent variable and the vector containing the explanatory variables with the
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assumption that the function associated is linear. Therefore, the function
can be represented by

y = β0 + β1x1 + ...+ βkxk + u, (7)

where y is the dependent variable, the variables x are the explanatory
variables, k is the number of explanatory variables and u is the error term.
Finally, the variables β are the parameters of the model to estimate. This
function can be used to predict numeric value as explained in [3]. Or it can
be represented in a vector form as

y = xTβ + u, (8)

where T denotes the transpose, x and β are the vectors

x =

x1...
xk

 , β =

β1...
βk

 . (9)

The variables βk and xk are the same variables as in the Equation 7.

If there is just one explanatory variable x the model is called simple
linear regression and can be represented by a 2D-graph, as shown in Figure
4. The dots are the observed values linking the dependent variable y with
the explanatory variable x and the line is the linear function estimating the
model.

10



Figure 4: Simple linear regression

Otherwise, if there are more than one explanatory variable, the model is
called multiple linear regression.

2.2.1 Estimation with Ordinary Least Squares Method

The most common method to estimate the parameters of a linear regression
model is the method of ordinary least squares (OLS) or linear least squares.
The goal of this method is to minimise the difference between the real ob-
served values and their predicted values with the linear approximation, also
known as residual.

We can express the error ε̂ with the difference between the real value y
and the estimation ŷ,

ε̂ = y − ŷ .

The linear least squares method computes the sum of the squared resid-
uals and reaches its optimum when this sum is a minimum,
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min
∑n

i=1 ε̂
2
i = minβ0,.,βp

∑n
i=1(yi − β0 − β1xi,1 − · · · − βpxi,p)2,

where n is the number of instances to predict, ε̂ is the error of the pre-
diction, the variables β are the parameters of the model, y is the observed
value, p is the number of explanatory variables and the variables x are the
explanatory variables.

The squared residuals are used by the OLS in order to eliminate the
distinction between the positive and negative residuals and to obtain a rep-
resentative positive value. Indeed, if the sum of the residuals is used instead,
the average would reach 0 and the method would make no sense.

The extreme simplicity of the OLS makes it very popular and frequently
used in many different domains. Even though there are a lot of other
techniques to predict the parameters of a linear model like the maximum-
likelihood estimation [1] or the Bayesian inference [1], OLS is still the most
used technique.

2.3 Polynomial Regression

The polynomial regression is a regression method modelling the relationship
between the dependent variable y with one or more explanatory variables x
as a polynomial of degree n.

A simple polynomial model (containing one independent variable x) of
degree n can be represented with the formula

y = β0 + β1x+ β2x
2 + β3x

3 + · · ·+ βnx
n + ε,

where y is the dependent variable, x is the independent variable, ε is the
error term, n is the degree of the polynomial and the variables β are the
parameters of the model to estimate.

The simple polynomial model can be represented by a 2D-graph, as shown
in Figure 5, where the dots are the observed values linking the dependent
variable y with the explanatory variable x and the curve is its estimation.

12



Figure 5: Polynomial regression graph

The polynomial regression is quite similar to the linear regression and can
be considered as a special case of the multiple linear regression. Although
the model is not linear to the data, the model and the ordinary least squares
method consider xi and x2i as two different variables and don’t distinguish
that x2i is the square of xi. Therefore, a simple polynomial regression,

y = β0 + β1x+ β2x
2, (10)

can be represented as a multiple linear regression,

y = β0 + β1x1 + β2x2, (11)

if x2 = x2.

The ordinary least squares method is also used to compute the param-
eters of the polynomial model, like the linear regression. This method is
explained in depth in the previous Section 2.2.2.
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2.4 k-Means Clustering

The k-Means Clustering [1][4] is a data mining technique used to split a
dataset of n observations into k clusters in such a way that the observations
belonging to a same cluster are more similar to each other than to those
inside the other clusters.

The k-Means Clustering is not a machine learning algorithm whose the
aim is to predict a value like the other models presented in this section. How-
ever, the clustering give us the possibility to apply other prediction models
inside the cluster whose the new instance belongs. This aspect will be de-
scribed in the explanation of our process in Section 3.8.

To achieve this goal, the algorithm minimises the sum of the Euclidean
distance of all the observations with the mean of their cluster,

min
k∑
i=1

∑
xj∈Si

‖xj − µi‖2 , (12)

where k is the number of clusters, S represents the set of observations
inside a cluster, the variables x are the observations inside the cluster and µ
is the mean of the cluster.

The standard clustering algorithm is the iterative distance-based tech-
nique [3] following these steps:

1. We set randomly the mean of the k clusters.

2. All the observations are assigned to the cluster with the nearest mean
computed thanks to the Euclidean distance function.

3. The mean of each cluster is re-computed with all its observations.

We start again the step 2 and 3 until a state of convergence has been
reached.

An example of the execution of the algorithm with a graphical view is
shown in Figure 6. The three different colours (red, green and blue) repre-
sents the three different clusters. After each iteration, we can see that the
means are re-calculated and that some observations change of cluster. The
clusters of the fifth and the sixth iteration are similar, which proves that the
convergence has been reached.

14



Figure 6: k-Means Clustering example [5]

The convergence state of the algorithm is a local solution but not neces-
sary the optimal solution. Therefore, the first step being random, the results
of two successive clustering’s iteration are not always the same.
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3 Process

The goal of this thesis is to analyse the success factors of movies and to
predict their rating by applying machine learning methods. The theory of
the machine learning methods used in this thesis are described in Section 1.
The learning methods need a dataset to predict a value and, in this case, we
collected the data from Internet Movie Database (IMDb).

To apply and evaluate these methods, we split randomly the dataset into
a training set (90%) and a test set (10%) such that,

training ∩ test = ∅, (13)

the intersection between the training set and the test set is empty. Then,
we apply the model to the test set based on the training set to predict the
ratings of the movies present in the test set [6]. The performance of a tech-
nique is measured with the mean squared error which is used to measure
the difference between a predicted value and the real value actually observed
for all the movies in the test set (see Equation 6). We implemented several
programs to apply these models, the explanation of the implementations are
described in Section 4.

This section explains in depth the way we used the different models in
order to predict the movie ratings and make this prediction more accurate.
Each following subsections represents a model applied and explains the rea-
sons why we used it, the way we applied it and its performance in this context,
except the first point presenting the dataset we used with few statistics. This
section contains a few results and diagrams to provide a guideline and justify
our approach but all the results of the experiments are presented in Section 4.

3.1 Dataset

We collected the data from IMDb to provide the dataset to the learning
methods predicting the movie ratings. The rating of a movie on IMDb is the
rating given by the users of the website; this value is between 0 and 10. The
first step was to collect the data from the website IMDb. Obviously, the data
collected could only be numerical values in order to apply regression algo-
rithms on these data. To complete this requirement, we developed a program
parsing automatically all the URL’s of the IMDb website corresponding to
the movies to extract all the features about the movies.

16



After one week of computation, we got a database of 60.089 movies. Al-
though IMDb contains more movies, we chose to stop the parsing because of
the time that involves the download of each HTML file. Moreover, we had
to skip a lot of movies that didn’t have enough available data on IMDb to
be integrated in the database. The list of the mandatory features is shown
in Figure 7.

For all the movies in the database there are 37 different features. The
list of the collected features is presented in Figure 7. These features are all
known before the release of the movie except for the feature to predict, the
rating. Indeed, we want to predict the rating of a new movie, therefore, a
feature like the number of awards received by the movie can’t be used to pre-
dict the rating of a new movie but, instead, could be predicted like the rating.

#Movie Actor 1 #Movie Actor 2 #Movie Actor 3

#Production Actor 1 #Production Actor 2 #Production Actor 3

#Direction Actor 1 #Direction Actor 2 #Direction Actor 3

#Writing Actor 1 #Writing Actor 2 #Writing Actor 3

#Award Actor 1 #Award Actor 2 #Award Actor 3

#Nomination Actor 1 #Nomination Actor 2 #Nomination Actor 3

Date of Birth Actor 1 Date of Birth Actor 2 Date of Birth Actor 3

#Movie Director #Movie Writer Year of Prod

#Production Director #Production Writer RATING

#Direction Director #Direction Writer

#Writing Director #Writing Writer

#Award Director #Award Writer

#Nomination Director #Nomination Writer

Date of Birth Director Date of Birth Writer

Figure 7: Features of movies

The features include the year of production of the movie, the rating and
7 features about 5 different people: the first, second and third actors, the
director and the writer. The 7 features about the people are the number
of movie as actor, as producer, as director, as writer, the number of awards
received, the number of nominations for these awards and the date of birth
of the person. These features are listed in that order in Figure 7.
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The dataset has some limitations because some features change over time
like the number of nominations or awards received and the number of movies
produced, directed or written. Indeed, the dataset is up to date and pre-
dicting the rating of older movies can give distorted results. For instance,
predicting the rating of a movie of the 90’s with the data corresponding to
the main actor in 2015 (taking into account all the awards received after the
release of the movie) makes no sense.

However, the 37 features were just used at the beginning of the thesis and
we reduced this number to 21 by eliminating the less important features. The
explanation and the way we rejected them are described in Subsection 3.4
about the linear regression. All the following results and conclusions are
based on these 21 features, underlined in Figure 7.

The most important feature is the feature to predict, the rating. An in-
teresting statistic about the ratings is the dispersion diagram of these values
shown in Figure 8. We can note that the graph looks like a Gaussian function;
this observation will be important to justify some results of the next sections.
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Figure 8: Dispersion Diagram

Each column of this diagram represents, on the horizontal axe, the value
of a rating between 0 and 10 by steps of 0.1 as the ratings present on IMDb.

3.2 Arithmetic Average as Prediction

The first technique applied to predict the rating is to give the arithmetic
average of the training set as prediction for each movie of the test set. This
method is very simple to use and can be very useful. Indeed, at the beginning
of the experiments, we don’t have any results yet and we need a performance
benchmark to evaluate if the other models give good results compared to the
basic prediction based on the simple average. So this model is the baseline
model.

Moreover, as seen in Section 3.1, the dispersion diagram of the real rat-
ings of the dataset (Figure 8) shows a Gaussian function with a peak in its
average, meaning that a big proportion of the ratings is close to the aver-
age rating. Therefore, the fact to give the average as prediction for each
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instance can actually give good performance to begin with. The MSE, with
this model, is equal to 1.25. All the other experiments will attempt to have
a MSE lower than 1.25.

3.3 k-Nearest Neighbors

The first machine learning model applied was the k-NN algorithm. Our
program follows, of course, the theory of the k-NN as explained in Section
2.1. However, the k-NN algorithm can be implemented by different ways
according, for instance, to the distance function used or the kind of aver-
age computed. In this thesis, we used the Euclidean distance function (see
Equation 1) and, at the beginning, a simple arithmetic average function to
compute the ratings predicted.

Moreover, one important choice was which kind of cross validation to use
to find the optimal k. In order to limit the computation time, we chose to use
the holdout method (see Section 2.1.4) in one way. Therefore, we performed
a k-NN inside the training set to find the value of k. Then, we compute
the k-NN algorithm on the movies of the test sets with the k value obtained
earlier (see Figure 9).

Figure 9: Cross validation

The first results of this algorithm were very promising. Indeed, we im-
proved the MSE of the previous technique based on the arithmetic average
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and we got a MSE equals to 1.129.

Figure 10 shows the mean squared error according to the real rating. In
this diagram, each column represents the value of a MSE. It is computed
between all the instances having the same real rating. The horizontal axis
represents the ratings between 0 and 10 while the vertical axis represents the
values of the MSE’s. We can notice that we can predict with a good accuracy
the movies whose rating is close to the average rating because, as seen in the
dispersion diagram of Figure 8, most of the ratings are close to this point.
Indeed, the nearest neighbors have more chance to have a rating close to the
peak and, thus, the average moves towards this value.

Figure 10: MSE by rating with the k-NN algorithm

Although we got better results with this algorithm, we wanted to improve
them. We had the idea to influence the impact of the different features of
the movies according to their importance, it’s why we started to use the well
known linear regression.
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3.4 Linear Regression

We used the linear regression model to achieve three important goals. Af-
ter getting the results with the k-NN algorithm, we tried to enhance these
results by using new models. The linear regression helped us in obtaining
better results.

As we described in the section about the theory of models, the linear
regression model allows to obtain a function depending on the correlation
between each parameter. Thus, we wanted to explain the ratings by taking
into account the 36 different features about a movie.

The function takes the following form:

rating = β0 + β1f1 + β2f2 + . . . , (14)

where f1 could be equal to the year of the production of the movie and f2
the birthday of the first actor.

Thanks to the linear regression, we got the coefficients of the parameters
β which can be considered such as the weight of each feature. The β0 is the
intercept and is not linked to a feature.

The first goal we tried to achieve was the prediction of the ratings of a
test set by using the function above. Thereby we were able to observe if the
MSE of this computation was lower than the simple k-NN algorithm. We
also wanted to see the repartition of the results and notice if the prediction
of a movie was often around the average rating or not.

To perform the linear regression, we used a software called R to compute
the coefficients of each parameters. Thanks to these coefficients, we were
able to compute predictions of ratings and to evaluate the performance of
this technique with the MSE.
The exact steps to compute these results are detailed in Section 4.

The process of the linear regression model applied in this case is described
in Figure 11. First of all, we applied the linear regression on the training
set to get the coefficient for each feature and, then, we applied the linear
function with the coefficients on the instances from the test set.
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Figure 11: Regression Linear Process

The result of that was a MSE equals to 1.197 which is higher than the
previous model. After that we created a graph, as we did for the k-NN, to
obtain good representation of the errors of prediction with regards to the real
ratings. When we observed the graph in Figure 12, we saw that the function
predicted very well the movies which had ratings in the range of 6/10 to 7/10.

Figure 12: MSE by rating with the linear regression

As a consequence, to obtain a better understanding of this observation,
we generated another graph which describes the repartition of the predicted
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ratings compared to the repartition of the real ratings. We found out that
almost every predicted movies got a rating between 6.5/10 and 7/10 (see Fig-
ure 13) while the repartition of the real ratings is more widely distributed.
That explains why the function gives only good predictions within this range.
We concluded that the function obtained by the linear regression didn’t give
better prediction than the k-NN method. We also noted that the distribution
of the predicted ratings was worst than the k-NN.

As explained above, Figure 13 shows the repartition of the predicted rat-
ings compared to the repartition of the real ratings. Each column of this
diagram represents, on the horizontal axis, the value of a rating between 0
and 10 by steps of 0.1 as the ratings present on IMDb. However, the pre-
dicted ratings are not scaled to the precision of one decimal digit as the
ratings on IMDb but usually have much more precision with more decimal
digit. Therefore, to draw this diagram, as the other dispersion diagrams with
predicted ratings, we truncated the predicted ratings to one decimal digit to
fit them in the diagram. For instance, for a predicted rating equals to 6.342,
we represent it on the diagram with a value of 6.3.
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Figure 13: Repartition of the ratings predicted with the linear regression

Even if the linear regression didn’t obtain better results, we decided to
reduce the number of parameters we had. Indeed, our second goal was to
reduce the number of features which describe a movie. With less features,
the computation of a regression would be faster and it would allow us to
perform other models requiring a long computation time (several days of
computation) to a few hours (see Section 3.7). Moreover, we would remove
some features which in fact hadn’t a real correlation for the prediction of
ratings.

In addition to rating predictions, the linear regression implementation
provided as output the coefficients of each feature and additional meaningful
data. Actually, the software computes a lot of statistical data and performed
tests to have a better comprehension of the impact of each parameter.

Thanks to all of these pieces of data, we were able to drop a dozen of
features and still get almost similar results. In Section 4, we will explain
in-depth in which conditions we removed parameters. The main reason to
whether drop a feature or not was the score of the p-value. The p-value is the
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probability that a feature is not relevant. Thus, for each feature we looked
at the p-value and saw if it was small enough to keep it. This is why we kept
only features which had p-value smaller than 0.001. Due to this process, we
could use 20 features (without the users ratings feature) instead of 36 fea-
tures to explain the rating of a movie. We don’t taking into account the last
feature explicitly because it’s the users ratings which is the feature to predict.

Finally, we thought to keep the coefficients we got with the regression and
integrate these coefficients with the previous model, the k-NN. We hoped to
get better results by applying the coefficients to the features during the com-
putation of the distance between a movie to predict and the training set.
This was the last goal we achieved with the linear regression. The last point
is explained in details in the next section.

3.5 k-NN Algorithm with Coefficients from Linear Re-
gression

The k-NN we performed gave us promising results but we wanted to increase
the accuracy of these results. One of the problem with the simple k-NN we
implemented was the fact that every features concerning a movie had the
same weight. But we didn’t know if the rating of a movie was more influ-
enced by the first actor or the director or something else. This lead us to
attempt to give more or less influence to each feature.

As we explained before, thanks to the linear regression, we obtained co-
efficients for each feature. Actually, these coefficients represent the influence
that each feature has on the rating of a movie. By taking the advantage of
the coefficients we previously obtained, we were able to put a weight on each
feature. Now that we have these coefficients, we had to find a way to apply
them during the computation of the k-NN.

As seen previously, we used the Euclidean distance to order the training
set depending on the movie we wanted to predict. During this process, the
matrix (training set) has been standardised and each feature had the same
weight. After the standardisation, all values in the matrix were between 0
and 1. It is this part of the k-NN process we modified. Indeed, we changed a
bit the standardisation process to adapt it with the coefficients we got from
the linear regression. The formula of the new standardisation becomes
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Xs = (
XO −Xmin

XMax −Xmin

)× w, (15)

where Xs is the standardised feature, XO is the original feature, Xmin

and XMax are respectively the minimum and the maximum value of all the
values of that feature and w is the coefficient (weight) of the data’s feature
from the linear regression.

As you can see, we modified the formula of the standardisation by mul-
tiplying the result of a standardisation with the weight of the feature con-
cerned. With this formula, each value of the matrix changed and was no
longer between 0 and 1 like with the previous standardisation. Therefore,
the value of the distance for each movie also changed. The consequence of
that was a change in the order of the nearest neighbors of the movie we had
to predict.

The new process is described in Figure 14.

Figure 14: k-NN algorithm with linear coefficients process

After the theory, we adapted our program to take into account the co-
efficients with the new formula of the standardisation. We performed the
computations to get the results and compare it with the previous models. In
order to had a better vision of the results, we created a new MSE diagram
according to the real ratings shown in Figure 15.
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Figure 15: MSE by rating of k-NN algorithm with coefficients from linear
regression

As you can see, the bars were more flattened than the previous results.
Indeed, the MSE is equals to 1.115 which is lower than the other techniques.

This method opened us a good path to improve the results and pushed us
to go further. This gave us the idea that maybe a quadratic regression would
fit better with the data than the linear regression. Hopefully, the coefficients
of the quadratic regression could be more accurate to have better results.

3.6 Quadratic Regression

After the application of the linear regression, we noticed that the ratings
predicted by the linear regression were not well distributed compared to
the dispersion diagram of the real ratings (Figure 13). Indeed, estimating
the model with a linear function limits the distribution of the ratings pre-
dicted. Although the results are better than the prediction with the average
of Section 2.2, they are not as good as those obtained with the k-NN with
coefficients from linear regression.
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Therefore, we applied the quadratic regression to estimate the model with
a curve in order to have a distribution of the ratings more similar to the dis-
persion of the real ratings. Indeed, increasing the degree of a linear function
to obtain a polynomial gives us much more parameters (230 coefficients in
this case) to evaluate and then, much more accuracy of prediction. The
theory of the quadratic regression is explained in Section 2.3 about the poly-
nomial regression. Indeed, the quadratic functions are polynomial functions.

We didn’t try to estimate the model with a polynomial of degree higher
than 2 because, even if we guess that the results would be better, the goal
of this thesis is not to spend time by computing a lot of parameters, it was
more interesting to try other models.

As expected, the ratings predicted with the quadratic regression give a
better distribution than the ratings predicted with the linear regression. The
predicted ratings are less accumulated near the peak and they are more dis-
tributed like the real ratings, as shown in Figure 16.

Figure 16: Dispersion diagram of the ratings
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Finally, after the experiments, we found out that the predictions given by
the quadratic regression are better than the linear regression but not as good
as the results given by the k-NN algorithm (with or without the coefficients of
the linear regression, as explained in Section 3.5) with a MSE equals to 1.169.

Because of the improvement of the results of the linear regression, we
applied these new coefficients in the k-NN algorithm, like with the linear
regression coefficients, as explained in the next Section 3.7.

3.7 k-NN Algorithm with Coefficients from Quadratic
Regression

This technique is the same than the previous Section 3.5 about the appli-
cation of the coefficients of the linear regression inside the k-NN algorithm
except that, in this case, we use the coefficients provided by the quadratic
regression. Therefore, the process and the implementation is quite similar.

However, the computation of the distance of the k-NN algorithm with all
the parameters of the quadratic regression takes a long time (several days of
computation with 37 explanatory variables). It’s why this model has been
applied, thanks to the linear regression which allowed us to ignore several
useless features to reduce the computation time to few hours, with the 21
remaining features.

When we obtained the coefficients, we applied them to each feature.
Quadratic regression gave more coefficients than the number of features as
you could expect. Thus we combine features like a quadratic regression would
compute. Thanks to this procedure, each coefficient correspond to a specific
feature.

As expected, the results provided by this technique improved all the pre-
vious results with a MSE equals to 1.099.

3.8 k-Means Clustering

The k-Means clustering would allow us to split the training set into different
parts. The idea behind the clustering was to group similar movies together.
When we had the training set, we didn’t know if all the data belonged to
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the same category. Maybe it was wrong to mix movies from the eighties and
movies from the fifties because they were totally different and incomparable.
Thanks to this intuition the goal was to create distinct groups and then per-
form the models we have already used before.

To be able to use the clustering model we used the program R. Before
trying to implement something we established the steps we had to follow.

First, we needed to know how many clusters we wanted. The answer was
that 6 clusters would be a good compromise. We had to be careful because
if there were to many clusters, the size to each of them would decrease too
much. If it was the case, we would have had some problems to perform a
k-NN computation into the clusters. Indeed if the k of the k-NN was greater
than the size of a cluster, the method wouldn’t get enough movies in the set.
The whole specific explanation of why 6 clusters is given in Section 4, we
won’t detail it more in this section.

Secondly, we had to perform the k-means clustering, as explained in Sec-
tion 2.4, on the training set. Indeed, our program took two sets in arguments,
one was the training set and the second, the test set. At this step, we used
the clustering method on the training set to split it into six parts (the size
was not specifically equals between them).

When the training set was split, we would integrate each movie in the test
set into the right cluster it belongs to. Therefore, we had to use classification
techniques to determinate the cluster membership of each movie in the test
set.

At the end of this process, we had six clusters containing in each of them
a sub training set and a subtest set. As you could understand, this technique
allowed us to compare movies of the same category. When we had all the
clusters, we could perform the previous models on each cluster to see if we
get better results. Therefore, we tried to perform the three k-NN methods
of Section 3.3, 3.5 and 3.7 in each cluster

This process is described in Figure 17.
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Figure 17: k-NN algorithm with clustering process

One of the advantage in this technique is also the speed. Since we created
clusters, the size of the training and the test set in each cluster is smaller
than the original ones. The consequence is a faster computation because
there are less movies. Thus, the program has less distances to calculate to
predict the rating of a movie.

To conclude this section, we could say that create clusters provides better
results than just performing a k-NN without creating clusters before. All the
detailed results are presented in Section 4.

3.9 Distance-Weighted k-NN Algorithm

The theory of the k-NN algorithm, presented in Section 2.1, taught us there
are two ways to calculate the average of the ratings of the k-nearest neigh-
bors. The first way has been applied during all the process explained in this
section, it consists to simply calculate the arithmetic average of the rating
neighbors. The second way is to weight the influence of the neighbors accord-
ing to their distance, the nearest as the most influent. We tried this method
after all the experiments already performed with the simple average and we
found out that the weighted average gave us much better results.

At first, we didn’t think about modify the influence of the neighbors and
we didn’t expect an increase of performance that much. Therefore, we started
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again all the experiments with this little modification of the algorithm: apply
a weight of 1

d
to each k-NN with d equals to the distance value. Thanks to

this weight, the nearest neighbors have more influence than the farthest ones.

Moreover, influencing the impact of the neighbors according to their dis-
tance gives less importance to the value of k which has a strong impact on
the result. This value is only based on the training set, it’s why we predict
the optimal k by cross validation and we hope this value will be optimal for
the test set as well. Therefore, the decreasing weights given to the neighbors
limit the impact caused by a non optimal value of k.

All the results obtained by this method are presented in Section 4.
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4 Result

In this section, we detail all the results we obtained and we deepen some
choices we have made. Then, we analyse the results of the experiments to
determine if these results are significant. Furthermore, we explain our im-
plementations of the methods we saw in Section 3 and how we retrieve the
data from the IMDb website. Finally, we take a future movie as an example
to predict the rating with our best technique.

First of all, we begin by explaining the way we performed the tests and
retrieved all the results we needed. We decompose it into two phases; the
test phase and the result phase.

4.1 Test Phase

After describing and trying each technique to verify if we were in a right
direction, we decided to create a complete batch tests and analyse it after-
wards. As we had 15 different techniques, we had to be carefully of the time
it could take.

In this 15 techniques, we had the baseline technique, the two functions
from the regression models, the 6 k-NN techniques and the 6 clusterings tech-
niques. Figure 18 is a good representation of all the tests we have done.

In Figure 18, all the leafs of the tree are techniques we described pre-
viously, implemented and tested. The schema is to be read from top to
bottom. Thus, the root of the tree, the top, is the dataset which contains
60,089 movies with all the features to describe them. As you can see, the
dataset is split randomly into two subsets, the training set (90%) and the
test set (10%). Then, we used these subsets as input for every nodes. So,
following the arrows, you can observe that we tested all the techniques al-
ready explained before.

Moreover, as shown on the schema (top right), we performed these tests
17 times. This means that each instance of the program contains another
training and test set. So even if the whole dataset is always the same, the two
subsets are different because they are randomly generated at each instance.

For each technique we used, we obtained the mean square error of the
rating predictions. Actually, we compute the MSE of each rating movie pre-
dicted. Since we didn’t perform one time each technique but 17 times, we
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had to merge the results of the same technique together.

Figure 18: Summary of the all techniques

4.2 Result Phase

During this phase, we merge all results from each technique together. The
result of it is represented in Figure 19. You can see that we kept the real
rating of the test set to be able to evaluate the error of the prediction. When
we predicted all the rating movies, we compute the MSE which is the average
of the square errors of movies.
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Figure 19: A result file

The final output of the results phase were 15 files containing in each the
results of each techniques. Each file predicts the ratings of 102,136 movies.
Indeed, the size of each test set was 6,008 movies and we computed 17 dif-
ferent tests (102, 136 = 17× 6, 008).

By generating 17 random subsets (training set + test set) from the same
set, we were able to increase the number of predicted ratings. This allowed
us to have a more reliable MSE to be able to compare each technique with
other ones.

Thanks to these two phases, we built a spreadsheet to have a global view
of the MSE of each result. You can see the spreadsheet in Figure 20. As
you saw, the 15 techniques are represented. We decided to split the table
in two columns. One column with the techniques using weighted neighbors
and another without weights. You can observe that the weighted neighbors
approach seems to give better results than the other one.
All the techniques have been explained in Section 3 and some of them will
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be detailed in the next subsection.

The lowest MSE for these tests is 0.9978 with the clustering with the
distance-weighted k-NN algorithm with coefficients from quadratic regres-
sion in each cluster. The higher MSE is the one with the baseline model
(1.25).

Techniques No weight Distance-Weighted

Arithmetic average 1.2500 /

Linear regression 1.1976 /

Quadratic regression 1.1690 /

k-NN 1.1295 1.0371

k-NN with coefficients
from linear regression

1.1150 1.0204

k-NN with coefficients
from quadratic
regression

1.0990 1.0047

Clustering with a
k-NN in each cluster

1.1037 1.0138

Clustering with a k-NN
with coeff. from lin.
regr. in each cluster

1.1036 1.0125

Clustering with a k-NN
with coeff. from quadr.
regr. in each cluster

1.0895 0.9978

Figure 20: MSE of each technique
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We concluded that the lower MSE is 20% lower than the higher MSE.
But we had to be very careful with this kind of hasty conclusion because we
have to perform a statistical hypothesis test to determinate if a technique
is significantly better than another one. This test is the subject of the next
subsection.

4.3 Statistical Hypothesis Testing

After the explanations of the experiments and the presentation of the re-
sults obtained with all the methods, we will present a statistical hypothesis
test applied to the results of two of our methods. The goal of the test is to
determinate if the results obtained by these two methods are significantly
different and, therefore, that one is better than the other one to predict the
movie ratings based on a dataset from IMDb.

Indeed, even if the results give us an evaluation of the performance of
the methods, we can’t say that a method is better than another without a
statistical hypothesis test. In this case, we only perform one test in order to
know if a good model like the quadratic regression (Section 3.6) gives sig-
nificantly better results than the benchmark computed with the arithmetic
average (Section 3.2).

This test is based on the results obtained with one experiment where we
applied the two methods on the same training set and test set. The statis-
tical hypothesis test evaluates if the MSE’s obtained with the two methods
are similar or significantly different. Since the two methods are performed
on the same test set, we are in the case of a comparison of the means of two
sets of paired samples. Therefore, we need to apply a Student’s t-test [7] for
paired samples.

In this case, the theoretical deviation of the MSE’s is unknown, therefore,
we have to estimate it with an experimental deviation with the formula

S2
D =

1

n− 1

n∑
i=1

(Di −D)2, (16)

where S2
D is the experimental deviation, n is the number of movies in the

test set, Di is the difference of the squared errors of the test i between the
two methods, D is the mean difference of the squared errors between the two
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methods of all the movies in the test set.

Now that we have the experimental deviation, we can compute the t-test
value according the following formula (17), in our case the value of µD is
equals to zero because we want to know if the difference of the MSE of the
two methods is equals to zero.

t =
D − µD√

S2
D

n

, (17)

Thanks to these formulas, we can start the statistical hypothesis test and
set the hypothesis zero as the hypothesis where the MSE of the prediction
with the arithmetic average is equal to the MSE with the quadratic regres-
sion,

H0 : µD = MSE1 −MSE2 = 0, (18)

where MSE1 and MSE2 are respectively the MSE obtained with the pre-
diction with the arithmetic average and the MSE obtained with the quadratic
regression.

The hypothesis H0 is rejected if our t value is equals to or bigger than
the Student value t1−α/2,n−1 where α is the signification level of the test,

|t| ≥ t1−α/2,n−1. (19)

With the results obtained with the two methods and the formulas pre-
sented above, we obtained the following value:

D = 0.054 S2
D = 2.7429 t = 2.5315 (20)

with n = 6008.

We chose a signification level of α = 0.05, therefore, the Student value
t1−α/2,n−1 is equal to 1.96.

Finally, according to the equation (19), we can reject H0 and say that the
MSE of the two methods are significantly different. Therefore, since the MSE
obtained with the quadratic regression is lower than the MSE obtained with
the prediction with the arithmetic average, we proved that the quadratic re-
gression is a significantly better technique to predict the movie ratings with
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a dataset from IMDb.

4.4 Algorithm Tuning

This section explains choices we had to make in order to solve some problems.
First, we explain how we dropped some features with the linear regression
and then why we chose to split the dataset into 6 clusters.

4.4.1 Drop Features

Thanks to the linear regression, we were able to drop some features without
having significant impact on results and obtain lower MSE by using coeffi-
cients. In Section 3.4, we explained that we removed some features mostly
because of the computation time. When we used the lm command on the
R program to obtain the coefficients from the linear regression, we obtained
lots of relevant data.

As you can see in Figure 21, a part of the summary of the results of the
lm method is shown. It represents a table containing 6 columns. The first
column is obviously all the features describing a movie, the explanatory vari-
ables. Also, there is the intercept which doesn’t belong to any feature. This
intercept was only useful when we computed the result with the formula of
the linear and quadratic regressions.

The second column contains the estimation of the coefficient of each fea-
ture. These values will be used for the formula of the regressions and k-NN
with coefficients. The third column is the standard error of the coefficient
estimate. The standard error is a relative to the value of the coefficient. If
the value is low, it means that the error is small which is good.

The fourth and fifth column are correlated. The t-value of the coefficient
estimate is used to calculate the fifth column, the p-value. This column is
very important for the decision process of dropping a feature. The p-value
is the probability that the coefficient is not relevant. Thus, the lower the
p-value, the more meaningful the coefficient.

Finally, the last column is represented by stars. The stars gave a good
representation of the significant levels of the coefficients. So, 3 stars means
that the p-value is between 0 and 0.001 and so on. You can look at the
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bottom of the figure for the legend.

We chose to remove every features which didn’t have at least 3 stars. It
means that we dropped every coefficients which had a p-value higher than
0.001. Thanks to this process, we were able to drop dozen features by keep-
ing only reliable and meaningful features.

Figure 21: R output for linear regression
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4.4.2 Number of Clusters

During the clustering process, we had to give a number of clusters as input.
The number of clusters we generate will directly influence their size and then
the results. Indeed, the more clusters, the smaller the size of each cluster.

The number of clusters could have an impact on the results because it
could be possible that the size of each cluster which we performed techniques
on, such as k-NN, is too small for the prediction. Actually, if the size of the
cluster is too small, the cross validation into this cluster couldn’t be opti-
mised and the k-NN couldn’t be efficient; the process decision to select the
k neighbors from the training set will often be the same. So, the prediction
will be often the same between all the tests.

For this reason, we had to make another design choice and had to choose
a number of clusters. To achieve this task, we used a script which call some
useful functions in R such as kmeans (compute clustering), plot (generate
graphs) and clusplot (generate a graph to represent the result of the clus-
tering).

Our decision process has been made through one specific graph we cre-
ated, Figure 22. The horizontal axis corresponds to the number of clusters
and the vertical axis help us to decide the number of clusters to choose. The
sum of squared errors (SSE) is defined as the sum of the squared distances
between each member of a cluster and its cluster centroid. SSE can be seen
like the measure of the error.

We can observe that the within groups SSE which is the vertical axis
decreases when the number of clusters increases. As you can see, the curve
follows a decreasing function. After 6 clusters, the curve seems to be a linear
slope, meaning that it won’t be a huge advantage to take more than 6 clusters.

Thanks to this graph, we fixed our clusters number to 6. It seemed a
good trade-off between the error deviation and the number of clusters.
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Figure 22: Clusters Solution Against Sum of Squared Error

We finished by generating a graph displaying each movie of the dataset on
a scatter plot, Figure 23. We used the principal component analysis (PAC)
[4] to put each movie on the plot. PAC is a powerful statistical instrument.
The theory of the PAC is out of the scope of this thesis. Nevertheless, in our
case, the PAC is used to convert every movie described by several components
(features) into two principal components. Since we explained as well as possi-
ble a movie with two components, we can represented a movie on a 2D-graph.
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Figure 23: Principal Component Analysis on the Data Set

4.5 Best technique

This section contains detailed diagrams about our best technique to predict
the movie ratings; the distance-weighted k-NN algorithm with coefficients
from quadratic regression using clustering. Indeed, this technique obtained
the lowest MSE compared to the other ones as presented in Figure 20.

Figure 24 shows the mean squared error according to the real rating. In
this diagram, each column represents the value of a MSE. It is computed
between all the instances having the same real rating. We notice that the
value of the MSE’s are lower than those on the other diagrams shown in
Section 3.

Then, the dispersion diagram of the ratings predicted by our best tech-
nique is shown in Figure 25. We can see that the distribution of the ratings
predicted by our best technique is more similar to the distribution of the real
ratings than the other techniques.
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Figure 24: MSE by rating with clustering with our best technique

Figure 25: Dispersion diagram of ratings predicted with our best technique
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4.6 Implementations

This subsection explains the details of our implementations of the tech-
niques explained in Section 3. All the programs developed in the scope
of this thesis have been developed in Python and are available on the link:
github.com/nrvthesis.

The first program developed was the program to parse the website of In-
ternet Movie Database in order to retrieve all the data about movies and to
store them in a text file. The program was in charge of downloading each
HTML page about movies and to parse them to fill the text file. The compu-
tation time of this program was about 1 week to retrieve the data of 60,089
movies.

The second program we developed was the program implementing the
k-NN algorithm. Due to the simplicity of the algorithm, the first version
of the program has been achieved in few hours and we obtained the first
results. The program implemented the Euclidean distance function (Equa-
tion 1), the standardisation function (Equation 3) and the average of the
k-nearest neighbors. Later, with the techniques using the k-NN algorithm
with the coefficients of the linear or quadratic regression, the computation
time of the program started to become huge (more than 1 day with the k-NN
with coefficients from the quadratic regression). Therefore and because of
the growing complexity of the techniques, we decided to re-implement the
program from scratch to handle the multi-threading, the cross-validation and
the management of the coefficients in the computation of the distances.

For the linear and the quadratic regression, we used a program called R
to provide the coefficients and other relevant data about our model. We au-
tomatised the computation of the coefficients for each test and we computed
the rating predicted with the function provided by R with another program.

Finally, for the clustering, we implemented the algorithm to split the
movies into 6 different clusters and perform other techniques into each of
them. We created another R script to automatised the k-means clustering
and the classification process thanks to the respectively functions kmeans

and cl predict.

Thanks to these programs, we developed a final program to launch all the
other programs in such a way that the programs work together to perform
the techniques explained in Section 3.
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4.7 Prediction of a future movie

To conclude the result section, we decided to predict the rating of the movie
”Star Wars: Episode VII - The Force Awakens” to be released in December
2015 with our best method to predict a movie which has not been released yet.

First, we retrieved all the relevant features of the movie on IMDb to per-
form our technique, the features are shown in Figure 26. Then, we applied
the distance-weighted k-NN algorithm with the application of the coefficients
of the quadratic regression using the k-means clustering to obtain the pre-
dicted rating.

#Movie Director 7
#Production Director 43
#Direction Director 13
#Writing Director 21
#Award Director 15

#Nomination Director 29
Date of Birth Director 1966

#Movie Writer 7
Year of Prod 2015

#Production Writer 43
#Writing Writer 21
#Award Writer 15

Date of Birth Writer 1966
Date of Birth Actor 2 1951
#Nomination Actor 1 31

#Award Actor 1 0
#Award Actor 2 10

#Direction Actor 1 0
#Movie Actor 2 269
#Movie Actor 3 87

Figure 26: Statistics about ”Star Wars: Episode VII - The Force Awakens”

The meaning of the different features present in Figure 26 are the same
as the features explained in Figure 7 in Section 3.1.
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Finally, the rating predicted by our best technique for ”Star Wars: Episode
VII” is 6.8/10, this rating has been rounded to fit the format of the rating
of IMDb.
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5 Conclusion

The goal of this thesis was to forecast the success of movies based on IMDb.
To achieve this goal, we applied several machine learning algorithms to pre-
dict the movie ratings. The main techniques used were the k-NN algorithm,
the linear regression, the quadratic regression and the k-mean clustering. We
performed a lot of experiments with several implementations of these meth-
ods and we combined them to obtain the best prediction of the ratings.

The first step of the thesis was to collect the data from the website IMDb
in order to build a complete dataset. After one week of computation, we
obtained a database containing data about more than 60,000 movies thanks
to a program parsing the website. The dataset containing almost all the
movies available on IMDb, we could start using the different machine learn-
ing methods to predict the movie ratings.

To apply the different techniques and evaluate their performances, we had
to split the whole dataset into a training set containing 90% of the dataset
and a test set containing the remaining 10%. Indeed, the machine learning
algorithms used in this thesis use the training set to predict the rating of
the movies from the test set. Then, the predicted ratings of the test set are
compared to the real ratings observed in order to obtain the errors on the
predictions and to compute the mean square error of the method which is
used to evaluate the performance of a technique.

The first prediction technique used was to predict the rating of each movie
from the test set with the arithmetic average of all the real ratings from the
training set. This method is very simple and we didn’t expect good results
from it but the main goal of this technique was more to obtain a performance
benchmark allowing to compare the performance of the other techniques than
to predict the movie ratings with a good accuracy.

The second method applied was the k-NN algorithm, a popular lazy learn-
ing algorithm used in machine learning. This method uses the Euclidean
distance function to find the movies inside the training set that are the more
similar to the movie to predict. Then, the algorithm computes the average
of the rating of the k most similar movies called the k nearest neighbors.
Finally, this mean is assigned to the movie to predict as the predicted rating.
We used the cross-validation technique to find the optimal value of k, the
number of neighbors to take into account for the prediction. The influence
of the neighbors can be modified according to their distance of the movie to
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predict by applying a weight inversely proportional to the distance such that
the movie with the lowest distance has the most influent rating in the com-
putation of the average. For all the techniques using the k-NN algorithm,
we performed the computation of the average of the k nearest neighbors
with and without the distance-weighted neighbors to evaluate the difference
of performance. As expected, the results obtained with the k-NN algorithm
were much better than the results obtained with the first technique providing
the benchmark. What’s more, the distance-weighted k-NN algorithm gave
us even better results than the version without the weights.

The next technique used was the linear regression with which we esti-
mated the model with a linear function. First, the linear regression gave
us the opportunity to removed some features about movies contained in the
dataset deemed irrelevant for the prediction of the rating. Therefore, we re-
duced the number of features about movies used to predict the rating. At the
beginning we had 37 different features about movies, including the rating,
and we reduced this number to 21 by removing those with a big p-value which
is the value evaluating if a feature is relevant or not. Thus, we performed
all the experiments with these 21 features. Then, the linear regression pro-
vided us the coefficient of each feature to predict the movie ratings thanks to
the linear function. The performance of this function to predict the rating
was not as good as the prediction of the k-NN algorithm but better than
the prediction with the arithmetic average. Moreover, we noticed that the
dispersion diagram of the ratings predicted with the linear regression didn’t
have a good distribution like the dispersion diagram of the real ratings.

For the fourth technique, we applied the k-NN algorithm with the co-
efficients obtained thanks to the linear regression in order to influence the
computation of the distance of the k-NN algorithm. The application of these
coefficients allowed us to give more importance to the relevant features and
to obtain the nearest neighbors thanks to a distance value more significative.
This method using the two previous techniques gave us a MSE lower than
all the previous techniques meaning that it is the most efficient technique.

Because of the good results obtained with the linear regression and the
usefulness of its coefficients, we chose to apply the quadratic regression as
fifth model to estimate the model with a quadratic function. This regression
gave us much more coefficients than the linear regression to predict more
precisely the movie ratings. The application of the quadratic function gave
better results than the linear function but the results of the k-NN algorithm
with or without the coefficients of the linear regression are still better than
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the ratings predicted by the quadratic regression.

The sixth technique applied combined the k-NN algorithm with the coef-
ficients of the quadratic regression. Like the fourth technique, the application
of these coefficients on the features of the movies provides a better evaluation
of the distance between the movie to predict and the movies inside the train-
ing set. This technique was the longest in duration of computation because
the k-NN algorithm computes a lot of distances during the all the process
and the computation of the distance becomes a long operation because of the
large number of coefficients provided by the quadratic regression. However,
this technique gave better results than all the previous techniques.

The last techniques applied in this thesis use the k-mean clustering method.
The k-mean clustering is not a regression method to predict a value like all
the previous techniques, its goal is to split the dataset into k clusters and
group the similar movies together in the same clusters. This method al-
lowed us to perform the k-NN algorithm with and without coefficients with a
smaller training set corresponding to the cluster whose the movie to predict
looks very much like other movies in the cluster. Therefore, the computation
time of the techniques applied with the clustering is reduced which is useful
for a technique like the k-NN algorithm with the coefficients of the quadratic
regression. Moreover, all the techniques applied with the clustering gives
better results than the same techniques applied without the clustering.

The results are computed according 17 experiments with the same dataset.
For each experiment, the dataset is randomly split into a training set and a
test set. According to these experiments, the best technique to predict the
movie ratings is the distance-weighted k-NN algorithm with the application
of the coefficients of the quadratic regression using the k-means clustering.

The results of the application of all the techniques presented are illus-
trated with diagrams. Moreover, a statistical hypothesis test has been ap-
plied between the average technique and the quadratic regression technique to
demonstrate that the difference of the results obtained by these two methods
is significative and then, in our case, that the prediction with the quadratic
regression is significantly better than the prediction with the average. Fi-
nally, we predicted the rating of the movie ”Star Wars: Episode VII - The
Force Awakens” to be released in December 2015 with our best method to
predict a movie which has not been released yet.

Future work would apply a polynomial regression with a degree higher
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than 2. Indeed, as we noticed with the linear and the quadratic regres-
sion, raising the degree of a polynomial improves the accuracy of the rating
predicted and provides more coefficients which can be used with the k-NN
algorithm to lead to even better results. Another way would be to increase
the amount of data present in the dataset in order to apply the techniques
with larger training sets which would probably improve the performances of
all the techniques.
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