
 

Abstract— With the growth in the number of users and 

products on the internet, it became useful to create 

recommendation systems that allow users an easier access to 

products of their interest.  

In this work, a brief analysis of the main recommendation 

systems was done, giving special emphasis to collaborative filtering 

systems. It was performed a comparative study of algorithms 

based on memory and on model, which were implemented in 

Python language, using the dataset from MovieLens and Netflix. 

The results obtained were compared with each other and with 

those presented in the articles [3] and [4], by applying two 

evaluation metrics (root mean square error and mean absolute 

error).  

It was confirmed the importance of selecting the number of 

nearest neighbors in algorithms based on memory and, comparing 

the obtained results for each of the algorithms used, it can be seen 

that the model-based algorithm computes predictions with higher 

quality. 

Hereafter, it would be important to reduce training time on 

model-based algorithm and raise the number of recommendations 

per second, besides testing and comparing other model-based 

algorithms namely probabilistic ones. 

  

 
Index Terms— collaborative filtering, recommendation system, 

k-nearest neighbor, scalability, single value decomposition, 

sparsity.  

 

I. INTRODUCTION 

HE development of information technologies made 

possible the use of the internet by an increasing number of 

people for the most different tasks. However, as the amount of 

data has grown exponentially, it became essential to collect and 

organize the available information in digital systems. For this 

reason, among other systems and algorithms, the 

recommendation systems have been created. 

 Recommendation systems allow users to search for new 

items in a faster and more precise manner based on their 

preferences related to items previously seen or selected [3]. 

During this process, the system gathers information, implicitly 

or explicitly, about the users’ preferences and tastes, providing 

then a suggestion of other items that could be of their interest. 

It is important that the suggestion of the system approaches best 

 
 

the interests of the user. Therefore, new data processing 

methods have been developed and different recommendation 

systems have been created, differing on the manner through 

which data is analyzed and interpreted. 

 One of the most used recommendation system is 

collaborative filtering [3]. This system is based on the following 

assumption: if two users X and Y classified similar items in the 

past, they will classify similar items in the future, obtaining that 

information from the ratings matrix. 

 In 2006, Netflix, a leader company of cinema contents 

transmission, DVD’s selling and movies rental, announced an 

open contest for the implementation of a collaborative filtering 

algorithm capable of producing better results than Netflix’s 

own algorithm, Cinematch, presenting a reduction of the error 

metric by 10%. Over five thousand teams registered for the 

competition and in 2009 the Netflix Prize was awarded to 

BellKor’s Pragmatic Chaos team [4]. This contest lead to the 

creation and improvement of collaborative filtering systems and 

is seen as a major contribute in the development of collaborative 

recommendation systems. 

 In this paper, a study and presentation of the state of the art 

on recommendation systems will be made, addressing 

essentially collaborative filtering algorithms. Different 

techniques will be implemented on two datasets of movies 

ratings available online, the results will be compared based on 

two error metrics and confronted with those presented in the 

references used for writing this paper. 

 

A. Contributions 

 The study of below techniques is made through the analysis 

and processing of two datasets from Movielens and Netflix. 

 The programming language used for all algorithms is 

exclusively Python, considered one of the most important 

language actually [5][6][7], chosen mostly because of its 

influence over the programming around the world and because 

its easy to learn [8]. 

 This paper is the result of a partnership between Instituto 

Superior Técnico and Priberam.  
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II. RECOMMENDATION SYSTEMS 

Recommendation systems are classified based on the 

approach they use on estimating ratings [9][23]. There are three 

categories of systems: 

 Content-based systems (CBS) 

 Collaborative filtering systems (CFS) 

 Hybrid recommender systems (HRS) 

 

A. Content-Based Systems 

These methods recommend the user items similar to the ones 

he once preferred. 

They focus mainly in the characteristics of the items and the 

user’s profile, using the assumption that items with similar 

features are classified similarly [23][12]. Therefore, the goal of 

CBS is to extract the most important items’ features in order to 

create a list of features of the user’s profile and compare them 

to the ones of the new item [9]. 

Unfortunately, the subjectivity attached to some items 

difficult their categorization [23] and thus sometimes is not easy 

to gather the minimum data for a correct evaluation of the user’s 

interests. Another limitation is that the system can only 

recommend similar items from similar categories of the items 

previously rated. 

 

B. Collaborative Filtering Systems 

These methods recommend the user items that people with 

similar tastes preferred in the past. 

CFS, unlike CBS, focus on the quality of items’ evaluation 

by users rather than by theirs content [23]. They recommend 

unknown or unclassified items to a user based on previously 

classified items by users with a similar taste profile to the active 

user [3]. This allows the system to recommend different items 

from different categories. 

The users’ profile is given by a matrix of ratings in which 

each matrix cell (u,i) is associated a rating assigned by user u to 

the item i. The system uses three steps for giving a suggestion: 

 Acquisition of the information available in the data set 

through which the system finds similar users based on 

available ratings [16]; 

 Processing data for the interpretation and comparison 

of the user’s ratings with those of other users, in order 

to create a closer neighbor set to every user; 

 Implying the degree of similarity of the non-classified 

item based on data from the closest neighbors, 

enabling to suggest a recommendation or a set of 

recommendations (top-N recommendations). 

  

 There are two major categories of algorithms used in 

collaborative filtering: memory-based and model-based 

algorithms, explained in detail in the next section (implemented 

recommendation techniques). 

 It is important to notice that some factors may narrow the 

performance of the system during the above steps, such as: data 

sparcity, scalability, cold start, fraud, black and gray sheep and 

synonymy [13][23][9]. 

 

1) Data Sparcity 

 Sparcity takes place when the number of obtained ratings is 

too small compared with the number of ratings needed to 

predict. A common statement regarding recommendation 

systems is that a rating matrix is sparse, given that there are a 
large amount of entries non-classified or unknown in the 

system. 

 

2) Scalability 

 It occurs when the number of users and items dramatically 

raises, demanding a major computational effort [23]. 

 

3) Cold Start Problem 

 It takes place when the recommendation system is unable to 

recommend due to initial lack of information, either because a 

new user or a new item enter the system [23]. 

 
4) Fraud 

 The information given by these systems may not be reliable 

because sellers may manipulate them in their favor, either by 

raising their products ratings (push attacks) or by reducing those 

of their opponents (nuke attacks) [23]. 

 

5) Black and Grey Sheep 

 Grey sheep occurs when one user’s opinion is not in 

agreement or disagreement with the group of users of the 

system. This user will hardly receive a recommendation with 

quality. White sheep is the user who classifies the items 
similarly to other users. The black sheep user rates the items 

as extremes (very good or very bad) and thus has few or no 

group of users to relate with [23]. 

  

6) Synonymy 

 When similar or equal products are named differently, 

systems as CFS fail to recognize their association and treat 

them separately [15]. 

 

C. Hybrid recommender systems 

These systems result from a combination of two or more 

techniques of recommendation, with the goal of improving their 

performance, avoiding some of the limitations of a simple 

method implemented alone [12]. 

 

III. IMPLEMENTED RECOMMENDATION TECHNIQUES 

 

A. Memory-based algorithms 

This category of algorithms is known to store all data in 

memory and it uses that information to calculate similarity 

measures between users or items, each time a recommendation 

is to be made for an active user. 

One of the most used techniques is k-NN, i.e. k-Nearest 

Neighbor, which can be applied to the relationship between 

either users or items. 

The major limitations considering memory-based algorithms 

are data sparsity and scalability. 



 

1) User-based Collaborative Filtering 

 This algorithm finds users, called neighbors, whose 

preferences better approach to those of the active user. It then 

generates a prediction for a certain item based on the ratings 

given to that item by the active user’s neighbors. 

 Simplifying, this process of recommendation can be divided 

into three steps [23]: 

 Computation of the similarities between users of the 

system and active user; 

 Selection of k users with a higher degree of similarity 
with the active user; 

 Calculation of a weighted score for each item based on 

that set of k users. 

 The choice of k value is of crucial importance so that, for 

small k values, the classifier may become too sensitive since it 

will depend on a limited data set [23]. On the other hand, if k 

value is high, it may both diminish the quality of the 

recommendation since not all of the neighbors are the most 

similar, and slow down the system performance. 

 

 In order to compute similarity methods, there are two 
measures most used: 

 Cosine-based similarity – users or items are 

represented by vectors. Each user vector (ru) refers to 

the ratings given to the items classified; each item 

vector (ri) represents the set of users who classified 

that item. 

Using a ratings matrix with 𝑛 × 𝑚 dimension, being n 

the number of users and m the number of items, the 

computation of similarity between the active user u 

and a neighbor user v, is given by (1), 
 

𝑠𝑖𝑚𝑐𝑜𝑠(𝑟𝑢  ,⃗⃗⃗⃗  ⃗ 𝑟𝑣 ⃗⃗  ⃗) =
𝑟𝑢⃗⃗ ⃗⃗   ∙ 𝑟𝑣⃗⃗⃗⃗ 

‖𝑟𝑢⃗⃗ ⃗⃗  ‖×‖𝑟𝑣⃗⃗⃗⃗ ‖
=

∑ 𝑟𝑢,𝑖𝑟𝑣,𝑖
𝑚
𝑖=1

√∑ 𝑟𝑢,𝑖
2𝑚

𝑖=1 √∑ 𝑟𝑣,𝑖
2𝑚

𝑖=1

  (1)  

 

where 𝑟𝑢⃗⃗  ⃗  ∙  𝑟𝑣⃗⃗⃗   represents the inner product of two 

vectors of ratings 𝑟𝑢⃗⃗  ⃗ and 𝑟𝑣⃗⃗⃗  , and ‖𝑟𝑢⃗⃗  ⃗‖ × ‖𝑟𝑣⃗⃗⃗  ‖ represents 

the Euclidean norm of 𝑟𝑢⃗⃗  ⃗ and 𝑟𝑣⃗⃗⃗  , respectively [16]. 

The pure cosine similarity measure ranges from 0 to 1, 

since ratings are non-negative numbers. 

 

 Pearson correlation coefficient similarity – the 

formula for this measure is given by (2), 

 

                   𝑠𝑖𝑚𝑝𝑒𝑎𝑟𝑠𝑐𝑜𝑟𝑟
(𝑟𝑢 , 𝑟𝑣) = 

∑ (𝑟𝑢,𝑖−𝑟𝑢̅̅ ̅)(𝑟𝑣,𝑖−𝑟𝑣̅̅ ̅)𝑖∈I𝑢∩I𝑣

√∑ (𝑟𝑢,𝑖−𝑟𝑢̅̅ ̅)
2

𝑖∈I𝑢∩I𝑣
√∑ (𝑟𝑣,𝑖−𝑟𝑣̅̅ ̅)

2
𝑖∈I𝑢∩I𝑣

           (2) 

 

where I = I𝑢 ∩ I𝑣 is the set of items evaluated by both 

users, 𝑟𝑢,𝑖 represents the rating given to item 𝑖 by user 

𝑢 and 𝑟�̅� refers to the mean of all ratings classified by 

user 𝑢 [17]. 

This similarity computation is only possible if co-

ratings are isolated, i.e. the cases in which the users 

rated simultaneously both items i and j. 

Pearson correlation coefficients may range from -1 to 

1. 

 

2) Item-based Collaborative Filtering 

 This algorithm computes predictions based on similarities 

between items. 

 Given the ratings matrix presented above, one may infer that 

similarity based on users is computed using the lines of the 
matrix, and similarity based on items uses the columns. 

 Analogously to the computation of similarity between users, 

the similarity between items may be done using the following 

measures of similarity: 

 Cosine-based similarity – given by (4), this equation is 

similar to (2), being 𝑟𝑖⃗⃗  ∙  𝑟�⃗⃗�  the inner product between 

two vectors of ratings 𝑟𝑖⃗⃗  e 𝑟�⃗⃗� , and ‖𝑟𝑖⃗⃗ ‖ e ‖𝑟�⃗⃗� ‖ the 

Euclidean norm of 𝑟𝑖⃗⃗   e 𝑟�⃗⃗�  , respectively. 

 

𝑠𝑖𝑚cos_𝑖𝑡𝑒𝑚(𝑟𝑖 ,⃗⃗⃗⃗ 𝑟�⃗⃗� ) =
𝑟𝑖⃗⃗⃗   ∙ 𝑟𝑗⃗⃗  ⃗

‖𝑟𝑖⃗⃗⃗  ‖×‖𝑟𝑗⃗⃗  ⃗‖
     (4) 

 

 Correlation based similarity – being 𝑈 the set formed 

by all users who classified both items 𝑖 and 𝑗, 𝑟𝑢,𝑖 and 

𝑟𝑢,𝑗 the rating given by user 𝑢 to items 𝑖 and 𝑗, and 𝑟�̅� e 

𝑟�̅� the mean ratings of items 𝑖 and 𝑗, the computation of 

similarity is given by (4). 

 

𝑠𝑖𝑚(𝑖, 𝑗) =
∑ (𝑟𝑢,𝑖−𝑟�̅�)(𝑟𝑢,𝑗−𝑟�̅�)𝑢∈𝑈

√∑ (𝑟𝑢,𝑖−𝑟�̅�)
2

𝑢∈𝑈 √∑ (𝑟𝑢,𝑗−𝑟�̅�)
2

𝑢∈𝑈

   (4) 

 

 Adjusted-cosine similarity – used to improve cosine-

based similarity since the latter does not weight the 
difference of ratings given between users. Therefore, 

this measure uses the subtraction of the user mean 

ratings to each pair of co-ratings. This is given by (5), 

where 𝑟�̅� corresponds to the mean of the ratings of user 

𝑢. 

 

𝑠𝑖𝑚(𝑖, 𝑗) =
∑ (𝑟𝑢,𝑖−𝑟𝑢̅̅ ̅)(𝑟𝑢,𝑗−𝑟𝑢̅̅ ̅)𝑢∈𝑈

√∑ (𝑟𝑢,𝑖−𝑟𝑢̅̅ ̅)
2

𝑢∈𝑈 √∑ (𝑟𝑢,𝑗−𝑟𝑢̅̅ ̅)
2

𝑢∈𝑈

         (5) 

 

 Once known the similarities, it is presented in (6) a possible 

way to compute predictions of an item or set of items: 

 

𝑝𝑟𝑒𝑑(𝑢, 𝑖) =
∑ 𝑠𝑖𝑚(𝑖,𝑗)×𝑟u,𝑗𝑗∈K

∑ |𝑠𝑖𝑚(𝑖,𝑗)|𝑗∈K
     (6) 

 

 where 𝑖 represents an item to which it is attempted to 

calculate a prediction for user 𝑢, 𝑟u,𝑗 refers to the rating given 

by the user 𝑢 to item 𝑗 and K represents the neighborhood of 

similar items to 𝑖 rated by user 𝑢. 
 

B. Model-based algorithms 

This algorithms use the information of the ratings of a training 

dataset to create an estimated model for presenting 

recommendations. 
One of the most important techniques in these algorithms is 

matrix factorization, useful whenever high data sparsity is 

present. This is based on the representation of users and items 

as vectors of preferences or unknown features, respectively. 



After a training these vectors, it is simple to get a prediction 

based on the inner product of those vectors. 

There are two main techniques of matrix factorization, 

presented below. 

 

1) Singular Value Decomposition (SVD) 

This method decomposes a matrix X of dimension 𝑚 × 𝑛 of 

rank 𝑟 ≤ min  (𝑚, 𝑛), as a product of three matrices, 

represented by (7), 

 
X= USVT          (7) 

 

Where matrices U and V, of dimensions 𝑚 × 𝑟 and 𝑛 × 𝑟, 

respectively, are orthogonals matrices, i.e., UTU = VTV = I, 
being I the identity matrix of dimension 𝑟. 

Matrix S represents a diagonal matrix 𝑟 × 𝑟 where all entries 

are non-negative real numbers [18]. The entries 𝑟 of the 

diagonal of 𝐒 (𝑠1, 𝑠2, …, 𝑠𝑟) relate to the  singular values. 

In this work, singular values are sorted as follows: 

 

𝑠𝑖 > 0 

𝑠1 ≥ 𝑠2 ≥ ⋯ ≥ 𝑠𝑟 > 0         (8) 

 

The first 𝑟 columns of U e V represent the eigenvector 

associated with the 𝑟 nonzero eigenvalues of XXT and XTX, 

respectively [19]. 
In figure 1 is represented a schematic diagram of the SVD of 

a complete matrix. 

 

 

Figure 1.  Complete SVD of a matrix X. 

The complete SVD cannot be applied in recommendation 
because in a real system it is not possible to know all the entries 

of the ratings matrix, therefore, the complete SVD is not 

defined. 

 

2) Low-rank SVD 

Decomposition in singular values may be used to generate 

low-rank approximations of the original matrix [20], which 

enables the reduction of the matrix rank through the selection 

of the higher 𝑘 singular values. 

The reconstructed matrix is the closest approximation to the 
original matrix, minimizing the Frobenius norm [20] [19]. It is 

possible to retain only 𝑘 ≪ 𝑟 singular values by discarding 

other entries, resulting a reduced matrix [19]. 

The Frobenius norm is defined by (9): 

 

 ‖𝐗‖F = √∑ 𝑠𝑖
2min {𝑚,𝑛}

𝑖=1
= √∑ ∑ |𝑥𝑖𝑗|

2𝑛
𝑗=1

𝑚
𝑖=1     (9) 

 

Where 𝑠𝑖 refers to the singular values of X, and 𝑥𝑖𝑗 represents 

the elements of the matrix. 

If the matrices U and V are reduced the same way as matrix S, 

i tis obtained U𝑘 e V𝑘 , being U𝑘 resultant from the remotion of 

the last 𝑟 − 𝑘 columns of U, and V𝑘  resultant of the remotion of 

the last 𝑟 − 𝑘 rows of the matrix V𝑇 [19]. Multiplying the three 

reduced matrices U𝑘, S𝑘 and V𝑘 , one obtains the matriz X𝑘 given 

by (10).  

 

X𝑘 = U𝑘S𝑘V
T
𝑘        (10) 

 

X𝑘 minimizes the Frobenius norm  
‖𝐗 − 𝐗𝒌‖F over all rank-k matrices. 

 

The schematic process of reduction of a matrix is presented in 
figure 2. 

 

Figure 2.  Low-rank SVD of matrix X. 

 

3) Formulation of the problem 

As stated previously, the implementation of an SVD cannot 

be made because not all the entries of the matrix are known 

[21]. 
In this work, will be implemented a matrix factorization 

technique, based on a solution presented by a competitor of the 

Netflix Prize, Simon Funk [4]. 

Each movie from the dataset is represented by a vector v𝑗 ∈

ℝ𝑓, with a set of features 𝑓 which defines it. Each user is 

represented by a vector u𝑖 ∈ ℝ𝑓with a set of preferences 
associated [4]. 

For a triplet (𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑑𝑜𝑟, 𝑖𝑡𝑒𝑚, 𝑟), the prediction computed 

by the system for the rating 𝑟 is given by (11): 

 
�̂�𝑖𝑗 = 𝐮𝑖

T 𝐯𝑗          (11) 

 

where �̂�𝑖𝑗  represents na estimate of the rating computed based 

on the inner product of the vectors of users preferences, 𝐮𝑖
T, 

with the vectors of the items features, 𝒗𝑗 . 

 The challenge is to compute the features and preferences of 

the vectors 𝐯𝑗 and 𝐮𝑖 for each item/user, respectively, through 

the minimization of (12) [22]: 

 
1

2
‖R − UTV‖F

2          (12) 

 

Where ‖ ∙ ‖F
2 represents the Frobenius norm, R refers to the 

matrix of ratings with all the data of the dataset, UT the matrix 



with all the vectors of preferences of the users uT, and V the 

matrix with all the vectors of the features of the items, v. 

As the ratings matrix R is sparse, the minimization can only 

be done for the known elements of the matrix[22], so equation 

(12) e rendered in (13): 

 

E = min
U,V

1

2
∑ (R𝑖𝑗 − U𝑖

T 𝑉𝑗)
2

(𝑖,𝑗)∈𝜓      (13) 

 

 Where 𝜓 represents the pair (𝑖, 𝑗), to which 𝑟𝑖𝑗  is known. 

 In order to avoid the overfitting effect, two regularization 

terms to the previous equation (13), 𝜆u, 𝜆v > 0, leading to 

(14)[22]. 

 

E = min
U,V

1

2
∑ (R𝑖𝑗 − U𝑖

T 𝑉𝑗)
2

(𝑖,𝑗)∈𝜓

+
𝜆u

2
∑‖U𝑖‖

2

𝑛

𝑖=1

 

+
𝜆v

2
∑ ‖V𝑗‖

2𝑚
𝑗=1          (14) 

 

The optimization of 𝐔 e 𝐕 is represented by the below 

equations (15), (16): 

 

−
𝜕E

𝜕𝑈𝑖
= ∑ (R𝑖𝑗 − U𝑖

T V𝑗)V𝑗
𝑚
𝑗=1 − 𝜆uU𝑖  , 𝑖 = 1, … , 𝑛,  (15) 

 

−
𝜕E

𝜕𝑉𝑗
= ∑ (R𝑖𝑗 − U𝑖

T V𝑗)U𝑖
𝑛
𝑖=1 − 𝜆vV𝑗  , 𝑗 = 1, … ,𝑚,  (16) 

 

 If there is not regularization, the terms 𝜆u e 𝜆v are zero. 

 

 

IV. EXPERIMENTAL EVALUATIONS 

A. Description of data 

 

The implementation of the methods specified in section III 

was applied on two different datasets: Netflix and MovieLens. 

All the analysis and measures of data presented here were 

performed using Python on a Linux based PC with Intel i5 and 

6GB of RAM. 

 

Netflix: 

 According to the information available on the Netflix 

website, the dataset consists of all ratings collected between 

October 1998 and December 2005. 

As the training set of Netflix dataset is approximately 2 

gigabytes size, it was done a data partition to a smaller one. This 

new small subset was used in the algorithms implementation 

presented in this section, and it consists on approximately 3000 

items and 6000 users randomly selected from the original 

dataset. 

The dataset partition is shown in figure 3. 

 

 

Figure 3 - Representation of the original dataset partition on a 

smaller subset 

As shown in figure 3, it was used a small partition for training 

and development set, train+dev set, and a test set for the final 

evaluation results. 

 

MovieLens: 

The dataset used was collected between September 1997 and 

April 1998, and is formed by 943 users and 1682 movies. 

It was applied the same dataset partition that was done for the 

case of Netflix. 

 

B. Evaluation metrics 

The evaluation metrics provide how well the predictions 

calculated by the algorithm fit the actual ratings of the whole 

development set. In other words, the calculation of error metrics 

can be made from the comparison of the rating assigned by a 

user to an item with a predict rating calculated by the 

recommendation system. 

This work will approach two different evaluation systems: 

 Root Mean Square Error (RMSE) 

 Mean Absolute Error (MAE) 
 

RMSE: 

 Probably the most used evaluation metric in recommendation 

systems and is given by [22]. 

 

𝑅𝑀𝑆𝐸 = √
1

|𝜏|
∑ (�̂�𝑢𝑖 − 𝑟𝑢𝑖)

2
(𝑢,𝑖)∈𝜏              (15) 

In (15), �̂�𝑢𝑖 means a prediction rating for an user-item 
pair that belongs to the test set, 𝜏, wich |𝜏| is the number of 

ratings. 𝑟𝑢𝑖 is the real rating assigned by user u to item i. 

 

MAE: 

As an alternative to RMSE, MAE is given by: 

 

𝑀𝐴𝐸 =
∑ |�̂�𝑢𝑖−𝑟𝑢𝑖|(𝑢,𝑖)∈𝜏

|𝜏|
                       (16) 

 

The terms �̂�𝑢𝑖, 𝑟𝑢𝑖 and 𝜏 were detailed in RMSE section. 

 
 

C. Experimental Procedure 

First, both MovieLens and Netflix dataset were divided 

into a train+dev set, and then an initial preprocessing of data 

was done. This preprocessing of the data allow saving time 

in re-reading the dataset for different similarity measures 
when compared to the time to run an original dataset.  



This process was doing by using the Cpickle packet 

available in Python. The next table shows the time 

differences between using or not Cpickle. 

 

 MovieLens Netflix 

 Running Time (s) 

Normal Data Reading 3.54 7.15 

Data Reading with 

Cpickle 
0.23 0.78 

Table 1 - Running time differences 

The next step to be taken was the variation of neighbor’s 

number and the correlation to the evaluation metrics, both for 

MovieLens and Netflix dataset using the algorithms 

presented in section III-1 and 2. Then, it was implemented a 

matrix factorization technique and made some comparisons 

with the results obtain with memory-based algorithms. 

 

V. EXPERIMENTAL RESULTS 

 

A.  User-based Algorithms 

As mentioned in section III-A, the calculation of 

neighborhood size, k, determines the quality of the predictions 

calculated. As can be seen from Figure 4  the quality of the 
predictions measured from the values of MAE and RMSE were 

obtained by varying the value of k on the development set of 

MovieLens. 

For each experiment performed below, as soon as the best 

value of k in the development test is found, that k value is 

reported in the test set as the best value to consider. 

 

 

Figure 4 – Sensitivity of the predictions to the size of the 

neighborhood in the MovieLens data set.  

For the example shown in Figure 4, the best k value is 

obtained for the lowest value of MAE, i.e., for k=50. It can be 

observed that the quality of the prediction increases with k 

values contained between 10 and 50.   

 For the Netflix the variation of evaluation measures was 

shown in  

 

 

Figure 5 - Sensitivity of the predictions to the size of the 

neighborhood in the Netflix data set. 

In the Netflix case, the k value starts decreasing until k=100, 

and the best k value is achieved at k=100. 

 Once obtained the best k values for the development set, 

these k values are used to get the MAE and RMSE results on 

the test set as shown in Figure 6 for MovieLens and Figure 7 

for Netflix. 

 

 

Figure 6 - Comparison of MAE and RMSE results for 

different similarity measures for the MovieLens. 

 

Figure 7 - Comparison of MAE and RMSE results for 

different similarity measures for the Netflix. 

 

 

 

 

 



B. Item-based Algorithms 

 

The method is similar to that performed for the user-based 

algorithms, so it has for MovieLens:  

 

 

Figure 8 - Sensitivity of the predictions to the size of the 

neighborhood in the MovieLens data set. 

As can be seen by Figure 8, the best value for MAE is 

achieved for k=80, and the MAE and RMSE obtained in the test 

set is shown in Figure 9. 

 

Figure 9 - Impact of similarity measures in collaborative 

systems based on the relationship between items for the test set of 

MovieLens 

It could be seen a similar behavior for the Netflix case, Figure 
10. In this case, the best k value is k=20 for MAE and k=30 for 

RMSE. 

 

Figure 10 - Sensitivity of the predictions to the size of the 

neighborhood, k, in the MovieLens data set. 

C. Model-based Algorithms 

This part of the work is based on the implementation of a 

matrix factorization algorithm as presented by Simon Funk 

during the Netflix Prize [4]. 

Were made some initial experiments in order to find the 

parameters that produce the best MAE and RMSE value. 

In this work, there will be an approach on the four most 

important aspects: the variation of the number of epochs shown 

in Figure 1, the number of features, Figure 22, learning rate, 

Figure 33, and regularization term, Figure 44 

These matrix factorization algorithm experience began with 

changing the number of epochs, with the best value at 

epochs=100. Then, using this value and changing the number 

of features, the best number of features achieved was 10.  
So, changing the previous terms, the best value for learning 

rate is 0.007 whereas the regularization term is 0.1. Thus, 

replacing this four values in the test set parameters field will 

give a MAE equal to 0.72 and RMSE equal to 0.92. 

And the procedures are basically the same for Netflix.  

 

Figure 11 - Variation of MAE and RMSE with the number of 

epochs for the MovieLens. 

 

Figure 22 - Variation of MAE and RMSE with the number of 

features for the MovieLens. 

 

Figure 33 - Variation of MAE and RMSE with the learning 

rate for the MovieLens. 



 

Figure 44 - Variation of MAE and RMSE with the 

regularization term for the MovieLens. 

D. Discussion 

From the experimental results of user and item-based for 

the MovieLens, it appears that aren´t so much differences in 

the results as previously thought, although the MAE values 

for cosine and correlation are higher than the ones obtained 

in the research paper [3].  

The obtained results in the model-based algorithm are 

better than the ones obtained with memory-based algorithms 

as expected. Looking at Figure 33, when the error starts to 

decrease in the training set, the error value in the dev test 

increase. This effect is called overfitting. Notice that the 
overfitting effect decrease when the learning rate starts 

growth since 0.02. So it can be said that the overfitting affects 

more the lowest learning rate values. 

Observing Figure 44, the overfitting effect starts 

decreasing when the regularization term growth, but if the 

regularization term is large, the performance of the results 

start decreasing. 

 

VI. CONCLUSIONS 

 

This work presented the main role of recomendation systems 

as mecanisms of prediction and recommendation of items to 

users, based on their history of purchases or ratings. 

The obtained results were expected for both the algorithms 

used, however there are some considerations to be made. 

As expected by the conclusions of related articles, the 

memory-based algorithm using cosine similarity and adjusted-

cosine similarity have the lowest error metrics, MAE and 

RMSE; item-based algorithms compute item predictions with 
higher quality than user-based algorithms; SVD is able to 

improve the quality of ratings prediction in comparison with the 

algorithms based on memory, and there is a strong dependence 

of the prediction quality on the adjustment of the algorithm 

parameters. 

More work is to be done in this area and it would be important 

to reduce training time on model-based algorithm and raise the 

number of recommendations per second, along with testing and 

comparing other model-based algorithms, namely the 

probabilistic ones. 
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