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Abstract: There are more data on the web, thus it is 
hard to get relevant data and make good decisions. 
Recommendation systems provide suggestions to users 
about the various items. They are classified into four 
groups which are collaborative filtering, content-based 
filtering, knowledge-based recommender systems, 
and hybrid recommendation systems. There are some 
similarity measures such as Pearson Correlation, 
Euclidean, Uncentred Cosine, and LogLikelihood to 
calculate similarity between users or items. In this study, a 
user-based collaborative filtering recommendation system 
is developed on Eclipse platform using mahout library. 
To develop a recommendation system, different similarity 
measures such as Pearson Correlation, Euclidean, 
Uncentred Cosine, and LogLikelihood are used. After that, 
recommendation performances of them are compared. 
Movielens datasets are used to train and test the system. 
As a result, it is seen that while the best mean average 
error and the best root mean square error performances 
belong to Uncentred Cosine similarity measure, the best 
precision, recall, and f-measure performances belong to 
Pearson Correlation measurement.

Keywords: Euclidean, Loglikelihood, Pearson, 
Recommendation, Similarity. 

I. Introduction

Recommender systems are the systems that recommend an item 
or data using background data such as ratings from users of 
items and features of items in order to cope with information 
overload problem. This problem occurs when there is more data 
that exceed processing capability of the system [1]. As a result, 
it is hard to make efficient decisions [2]. On the other hand, 
people need intelligent techniques to filter and get relevant data. 
Recommender systems are applications that present intelligent 
suggestions on items and cope with information overload 
problem [1, 3, 4].

Recommender systems are classified into four groups which 
are based on used techniques and information to make 
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recommendations. These are collaborative filtering, content-
based filtering, knowledge-based recommender systems, and 
hybrid recommendation systems [1, 5-7].

Collaborative filtering systems make recommendations only by 
using users’ ratings [8]. They assume that users with similar 
interests and opinions tend to prefer similar items [1]. These 
systems are classified into two groups: memory-based and 
model-based algorithms. In the memory-based algorithm, 
similarities between users or items are calculated directly. On 
the other hand, in the model-based algorithm, firstly, predictive 
model from the user database is constructed, and secondly, it is 
used for making a prediction [9].

Content-based filtering systems recommend items with similar 
features that were much preferred by users in past [1].

Knowledge-based recommender systems make recommenda-
tions based on the knowledge which is based on how certain 
item features and attributes satisfy users’ needs [1, 4].

Hybrid recommendation systems make recommendations using 
two or more techniques [1].

According to Gunawardana and Shani [10], recommendation 
systems have two tasks: the prediction task and the 
recommendation task. In the prediction task, user opinion such 
as ratings is predicted. In the recommendation task, relevant 
items are recommended to the users.

Computer technology is getting more developed day by day. 
As a result, use of the internet for reading news or articles 
and e-commerce rates have been increasing. People want to 
get relevant data as soon as possible. Therefore, they need 
recommendation systems which recommend relevant data 
such as books, DVDs, clothes, news, or articles. In order to get 
relevant data and make good decisions, lot of studies are carried 
on and lot of recommendation systems are developed.

Collaborative filtering recommendation systems have some 
challenges such as cold start problem, data sparsity, scalabil-
ity, synonymy, gray sheep, and shilling attacks [11]. Cold start 
problem occurs when it is impossible to make a recommenda-
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tion for a new user because of having insufficient information 
[12, 13]. 

Scalability is the ability to make the recommendation of 
a system in real time or near real time [12, 14-15]. Sparsity 
problem occurs when a new user or item enters the system. The 
system cannot make good recommendation because of having 
insufficient information [11]. Synonymy is the tendency of a 
number of the same or very similar items which are represented 
with different names or entities. Recommender systems are not 
able to discover these words and, as a result, the performance 
of collaborative filtering systems is decreasing [11]. Gray 
sheep problem occurs when there are people whose tastes are 
different from others in the system. These people may affect 
recommender systems in a negative way and may not get a good 
recommendation [16]. Attacks on recommender systems are 
called shilling attacks. Push and nuke attacks are the two most 
common types of these attacks. In a push attack, the attacker 
wants to make specified item to be recommended more often by 
injecting biased ratings. On the other hand, in nuke attacks, the 
attacker wants to make specified item less often recommended 
[17].

In this study, a user-based recommendation system is developed 
using mahout library on Eclipse platform. Pearson, Euclidean, 
Uncentred Cosine, and LogLikelihood similarity measures are 
used to calculate similarities between users. Recommendation 
performance of these measures are focused. MovieLens 100K 
Dataset which has 100,000 ratings and 1 million ratings of 
MovieLens 20M Dataset  are used to train and test the system. 
While randomly 70% of the dataset is used as a training test, 
30% of the dataset is used as a test set. Performance of the 
system is evaluated using mean average error, root mean square 
error, precision, recall, and f-measure performance evaluation 
criterions.

The rest of the paper is structured as follows: Section II gives 
information about studies carried on about recommender 
systems. Section III explains materials and methods. Section 
IV shows results and Section V concludes the paper.

II. Lıterature Revıew

There are a lot of studies about recommender systems. In 
general, they use fuzzy or genetic algorithm to make 
recommendations.

For example, Siddiquee et al. [18] make recommendations 
using fuzzy logic. As a similarity measure, Euclidean Distance, 
Manhattan Distance, Pearson Coefficient, and Cosine Similarity 
measures are used. As a result, it is observed that results with 
Euclidean Distance show the best performance. On the other 
hand, Parvin et al. [19] make recommendations using genetic 
algorithm and trust statements. As a results, it is observed 
that the proposed two-step Collaborative Filtering method 
called TCFGA shows better performance. Alhijawi and Kilani 
[20] used genetic algorithm in their studies. They proposed a 

recommender system which is called Simgen. They calculate 
similarity between users using genetic algorithm. As a result, 46 
and 38% improvements in prediction quality and performance, 
respectively, are observed when it is compared with other 
techniques. On the other hand, Verma et al. [21] and Jeon et 
al. [22] propose a recommendation system using fuzzy logic. 
Verma et al. [21] propose a recommender system based on 
collaborative filtering and fuzzy c-means clustering algorithms. 
This system handles sparsity and cold start problems. As a 
result, it is observed that fuzzy clustering algorithm shows 
better performance overk-means method. Jeon et al. [22] 
propose a prediction system based on collaborative filtering 
and fuzzy system. As a result, it is observed that fuzzy system 
complements defects of collaborative filtering.

There are some studies which combine fuzzy logic and 
genetic algorithm. For example, Shivhare et al. [23] propose 
a recommendation system based on fuzzy c-means clustering 
and genetic algorithm-based weighted similarity measure. After 
the experiments, it is observed that recommender system using 
fuzzy c-means clustering and weighted similarity measure 
with genetic algorithm shows better performance than the 
recommender system using weighted similarity measure with 
genetic algorithm.

Scalability is defined as ability of making recommendation of 
a system in real time or near real time [12, 14-15]. Shou-qiang 
and Ming [24] focus on this problem and propose paralleled 
transform based on the Hadoop MapReduce. In addition to 
it, they develop Hadoop cluster recommender system using 
hybrid collaborative filtering algorithm based on Genetic 
algorithm optimization. After the experiments, it is observed 
that performance of the system is improved.

Content-based filtering systems recommend items with similar 
features that preferred by users in the past [1]. Kim et al. [25] 
propose a recommender system based on content-based filtering 
technique and genetic algorithm. After the experiments, it is 
observed that the proposed system can recommend suitable 
items.

There are some techniques to calculate similarities between 
users and items such as Cosine-based similarity, correlation-
based similarity, adjusted cosine similarity, Euclidean distance, 
Manhattan distance, and Minkowski distance. While Sarwar 
et al. [18, 26] design an item-based recommender system and 
use cosine-based similarity, correlation-based similarity and 
adjusted cosine similarity techniques. Roy and Kundu [18, 
27] recommend a recommendation system using collaborative 
filtering and data clustering, and measure the similarities 
between users using Euclidean distance, Manhattan distance, 
and Minkowski distance.

Clustering algorithms are used to find similarity and nearest 
neighborhood in recommendation systems. Li and Zhou [21, 
28] and Gong [9] use clustering algorithms in their study. Li 
and Zhou [21, 28] use content-based and collaborative filtering 
technique for a recommendation. Firstly, they discover similar 
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users using k-means clustering algorithm. Secondly, they find 
the contents which are rated high by users in the same cluster. 
Then, they add the content to the content list and use fuzzy 
c-means algorithm for the contents with the aim of finding 
contents in the same cluster which is requested. Gong [9] 
proposes a new collaborative recommendation system based 
on fuzzy similar-priority comparison and fuzzy clustering. 
While fuzzy similar-priority comparison is used to compute 
user similarity, fuzzy clustering technology is used to find 
nearest neighborhood. After that, recommendations are made. 
Experiments show that the system’s recommendation quality 
and accuracy of the predicted values are increased.

Summary of used datasets and performance evaluation 
criterions in the literature are shown in Table I.

Table I: Datasets and Performance Evaluatıon Crıterıons

Paper Dataset Performance 
Evaluation 
Criterion

Siddiquee et al. 
[18]

Movielens Root mean square 
error

Parvin et al. [19] FilmTrust and 
Epinions datasets

Root mean square 
error and mean 
absolute error

Alhijawi and 
Kilani [20]

Synthetic data 
and Movielens 
datasets

Mean absolute 
error, precision, 
and recall

Verma et al. [21] Movielens Root mean square 
error and mean 
absolute error

Jeon et al. [22] Dataset is offered 
by Netflix

Root mean square 
error

Shivhare et al. 
[23]

Movielens Mean absolute 
error, precision, 
recall and coverage

Li and Zhou 
[21, 28] 

Movielens Mean absolute 
error

Gong [9] Movielens Mean absolute 
error

III. Materials and Methods

In this study, a user-based recommendation system is developed 
using mahout libraries on Eclipse platform. Movielens dataset 
is used to train and test the system. While 70% of the data is 
used as a training set, 30% of the data is used as a test set. All 
the experiments are carried on three times with training and test 
sets which are created randomly. After that, the average of the 
results is taken.

There are a lot of similarity measures to calculate similarity 
between users or items. Pearson Correlation, Cosine Vector 

Similarity, Euclidean, LogLikelihood and Extended Jaccard 
Coefficient are some of them [29]. In this study, Pearson, 
Euclidean, Uncentred Cosine, and LogLikelihood similarity 
measures are used to calculate similarities between users. Mean 
average error, root mean square error, precision, recall, and 
f-measures are used as performance evaluation criteria.

A. Distance Measures

1) Pearson Correlation

Pearson correlation measures the linear correlation between 
two vectors of ratings. It is formulated in Eq. (1) [9].
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In Eq. (1), Ri,c is the rating of item c by user i. Ai is the 
average rating of user i for all the co-rated items. Ii,j is the 
items set both rated user i and j. Rj,c is the rating of item c by 
user j. Aj is the average rating of user j for all the co-rated 
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2) Cosine Similarity 
Cosine similarity focus on angle between two vectors of 
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In Eq. (2), Ri,k is rating of item k by user i. Rj,k is rating of 
item k by user j. n is the number of items co-rated by both 
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average rating of user i for all the co-rated items. Ii,j is the 
items set both rated user i and j. Rj,c is the rating of item c by 
user j. Aj is the average rating of user j for all the co-rated 
items. 
 

2) Cosine Similarity 
Cosine similarity focus on angle between two vectors of 
ratings. Smaller angle means better similarity. It is formulated 
in Eq. (2) [9]. 

 

𝑠𝑠𝑠𝑠𝑠𝑠 (𝑖𝑖, 𝑗𝑗) = ∑ 𝑅𝑅𝑅𝑅,𝑘𝑘∗𝑅𝑅𝑅𝑅,𝑘𝑘𝑛𝑛
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In Eq. (2), Ri,k is rating of item k by user i. Rj,k is rating of 
item k by user j. n is the number of items co-rated by both 
users. 

 
3) Euclidean Distance Measurement 

It is formulated in Eq. (3) [18]. 
 

𝐷𝐷𝐷𝐷𝐷𝐷 = √∑ |𝑎𝑎𝑎𝑎𝑎𝑎 − 𝑎𝑎𝑎𝑎𝑎𝑎|2𝑛𝑛
𝑖𝑖=1  (3) 

 
In Eq. (3), while U is set of all users, Duv is distance between 
user u and v based on their movie ratings. aui and avi are 
ratings of user u and v for item i. 

 
4) LogLikelihood 

If series y has Fourier coefficients (pi,qi), periodogram of y 
is equal to 𝑎𝑎𝑎𝑎 = 𝑝𝑝𝑝𝑝2 + 𝑞𝑞𝑞𝑞2. Loglikelihood is defined in Eq. (4) 
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[18]. 
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6) Uncentred Cosine Similarity 

Uncentred cosine similarity measures cosine of the angle 
formed between the two preference vectors. In addition, 
instead of centering its data, similarity shifts the user's 
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In Eq. (3), while U is set of all users, Duv is distance between 
user u and v based on their movie ratings. aui and avi are ratings 
of user u and v for item i.

4) LogLikelihood

If series y has Fourier coefficients (pi,qi), periodogram of y is 
equal to ai = pi2 + qi2. Loglikelihood is defined in Eq. (4) [30].

 

quality and accuracy of the predicted values are increased. 
 
Summary of used datasets and performance evaluation 
criterions in the literature are shown in Table I. 

 

TABLE I: DATASETS AND PERFORMANCE EVALUATION 
CRITERIONS 

Paper Dataset Performance 
Evaluation 
Criterion 

Siddiquee et al. 
[18] 

Movielens Root mean square 
error 

Parvin et al. [19] FilmTrust and 
Epinions 
datasets 

Root mean square 
error and mean 
absolute error 

Alhijawi and 
Kilani [20] 

Synthetic data 
and Movielens 
datasets 

Mean absolute 
error, precision, 
and recall 

Verma et al. [21] Movielens Root mean square 
error and mean 
absolute error 

Jeon et al. [22] Dataset is 
offered by 
Netflix 

Root mean square 
error 

Shivhare et al. 
[23] 

Movielens Mean absolute 
error, precision, 
recall and 
coverage 

Li and Zhou 
[21,28] 

Movielens Mean absolute 
error 

Gong [29] Movielens Mean absolute 
error 

 

III. MATERIALS AND METHODS 
In this study, a user-based recommendation system is 
developed using mahout libraries on Eclipse platform. 
Movielens dataset is used to train and test the system. While 
70% of the data is used as a training set, 30% of the data is 
used as a test set. All the experiments are carried on three 
times with training and test sets which are created randomly. 
After that, the average of the results is taken. 
 
There are a lot of similarity measures to calculate similarity 
between users or items. Pearson correlation, cosine vector 
similarity, Euclidean, and LogLikelihood are some of them 
[29]. In this study, Pearson, Euclidean, Uncentred Cosine, and 
LogLikelihood similarity measures are used to calculate 
similarities between users. Mean average error, root mean 
square error, precision, recall, and f-measures are used as 
performance evaluation criteria. 

A. Distance Measures 
 
1) Pearson Correlation 

Pearson correlation measures the linear correlation between 

two vectors of ratings. It is formulated in Eq. (1) [9]. 
 
𝑠𝑠𝑠𝑠𝑠𝑠 (𝑖𝑖, 𝑗𝑗) =
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√∑ (𝑅𝑅𝑅𝑅,𝑐𝑐−𝐴𝐴𝐴𝐴)2∗𝑐𝑐∈𝐼𝐼𝐼𝐼,𝑗𝑗 ∑ (𝑅𝑅𝑅𝑅,𝑐𝑐−𝐴𝐴𝐴𝐴)2𝑐𝑐∈𝐼𝐼𝐼𝐼,𝑗𝑗
(1) 

 
In Eq. (1), Ri,c is the rating of item c by user i. Ai is the 
average rating of user i for all the co-rated items. Ii,j is the 
items set both rated user i and j. Rj,c is the rating of item c by 
user j. Aj is the average rating of user j for all the co-rated 
items. 
 

2) Cosine Similarity 
Cosine similarity focus on angle between two vectors of 
ratings. Smaller angle means better similarity. It is formulated 
in Eq. (2) [9]. 
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𝑘𝑘=1

2∗𝑅𝑅𝑅𝑅,𝑘𝑘2
(2) 

 
In Eq. (2), Ri,k is rating of item k by user i. Rj,k is rating of 
item k by user j. n is the number of items co-rated by both 
users. 

 
3) Euclidean Distance Measurement 

It is formulated in Eq. (3) [18]. 
 

𝐷𝐷𝐷𝐷𝐷𝐷 = √∑ |𝑎𝑎𝑎𝑎𝑎𝑎 − 𝑎𝑎𝑎𝑎𝑎𝑎|2𝑛𝑛
𝑖𝑖=1  (3) 

 
In Eq. (3), while U is set of all users, Duv is distance between 
user u and v based on their movie ratings. aui and avi are 
ratings of user u and v for item i. 

 
4) LogLikelihood 

If series y has Fourier coefficients (pi,qi), periodogram of y 
is equal to 𝑎𝑎𝑎𝑎 = 𝑝𝑝𝑝𝑝2 + 𝑞𝑞𝑞𝑞2. Loglikelihood is defined in Eq. (4) 
[30]. 
 

𝑙𝑙(𝑎𝑎) = ∑ 𝑎𝑎𝑎𝑎𝑛𝑛−1
𝑖𝑖=1
2𝑎𝑎𝑎𝑎 log (2𝑎𝑎𝑎𝑎) (4) 

  
5) Manhattan Distance Measurement 

Manhattan measurement measures dissimilarity between 
users. Dissimilarity between user u and v is defined in Eq. (5) 
[18]. 
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𝑖𝑖=1  (5) 
 
 
6) Uncentred Cosine Similarity 

Uncentred cosine similarity measures cosine of the angle 
formed between the two preference vectors. In addition, 
instead of centering its data, similarity shifts the user's 
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5) Manhattan Distance Measurement

Manhattan measurement measures dissimilarity between users. 
Dissimilarity between user u and v is defined in Eq. (5) [18].
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Summary of used datasets and performance evaluation 
criterions in the literature are shown in Table I. 
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III. MATERIALS AND METHODS 
In this study, a user-based recommendation system is 
developed using mahout libraries on Eclipse platform. 
Movielens dataset is used to train and test the system. While 
70% of the data is used as a training set, 30% of the data is 
used as a test set. All the experiments are carried on three 
times with training and test sets which are created randomly. 
After that, the average of the results is taken. 
 
There are a lot of similarity measures to calculate similarity 
between users or items. Pearson correlation, cosine vector 
similarity, Euclidean, and LogLikelihood are some of them 
[29]. In this study, Pearson, Euclidean, Uncentred Cosine, and 
LogLikelihood similarity measures are used to calculate 
similarities between users. Mean average error, root mean 
square error, precision, recall, and f-measures are used as 
performance evaluation criteria. 

A. Distance Measures 
 
1) Pearson Correlation 

Pearson correlation measures the linear correlation between 

two vectors of ratings. It is formulated in Eq. (1) [9]. 
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In Eq. (1), Ri,c is the rating of item c by user i. Ai is the 
average rating of user i for all the co-rated items. Ii,j is the 
items set both rated user i and j. Rj,c is the rating of item c by 
user j. Aj is the average rating of user j for all the co-rated 
items. 
 

2) Cosine Similarity 
Cosine similarity focus on angle between two vectors of 
ratings. Smaller angle means better similarity. It is formulated 
in Eq. (2) [9]. 
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In Eq. (2), Ri,k is rating of item k by user i. Rj,k is rating of 
item k by user j. n is the number of items co-rated by both 
users. 

 
3) Euclidean Distance Measurement 

It is formulated in Eq. (3) [18]. 
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In Eq. (3), while U is set of all users, Duv is distance between 
user u and v based on their movie ratings. aui and avi are 
ratings of user u and v for item i. 

 
4) LogLikelihood 

If series y has Fourier coefficients (pi,qi), periodogram of y 
is equal to 𝑎𝑎𝑎𝑎 = 𝑝𝑝𝑝𝑝2 + 𝑞𝑞𝑞𝑞2. Loglikelihood is defined in Eq. (4) 
[30]. 
 

𝑙𝑙(𝑎𝑎) = ∑ 𝑎𝑎𝑎𝑎𝑛𝑛−1
𝑖𝑖=1
2𝑎𝑎𝑎𝑎 log (2𝑎𝑎𝑎𝑎) (4) 

  
5) Manhattan Distance Measurement 

Manhattan measurement measures dissimilarity between 
users. Dissimilarity between user u and v is defined in Eq. (5) 
[18]. 
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6) Uncentred Cosine Similarity 

Uncentred cosine similarity measures cosine of the angle 
formed between the two preference vectors. In addition, 
instead of centering its data, similarity shifts the user's 

	 (5)

6) Uncentred Cosine Similarity

Uncentred cosine similarity measures cosine of the angle 
formed between the two preference vectors. In addition, instead 
of centering its data, similarity shifts the user’s preference 
values to make each of their means 0 [31].

B. Performance Evaluation Criterions

1) Root Mean Squared Error (RMSE)

It is defined in Eq. (6) [32].

 

preference values to make each of their means 0 [31]. 
 

B. Performance Evaluation Criterions 
 

1) Root Mean Squared Error (RMSE) 
 

It is defined in Eq. (6) [32]. 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = √1
𝑁𝑁 ∗ ∑ (𝑝𝑝𝑝𝑝(𝑢𝑢) − 𝑟𝑟𝑟𝑟(𝑢𝑢))2𝑢𝑢,𝑖𝑖 (6) 

 
In Eq. (6), while N is the total number of ratings, pi(u) is the 
predicted rating of user u on item i. ri(u) is actual rating. 
Smaller values of root mean square error means better 
performance [31]. 

 
 
2) Mean Average Error 

 
In this study, to calculate mean average error, mahout classes 
and methods are used. 
org.apache.mahout.cf.taste.impl.eval.AbstractDifferenceReco
mmenderEvaluator class, 
AverageAbsoluteDifferenceRecommenderEvaluator class and 
evaluate () method are used [33, 34]. 
 
This method evaluates the recommendation quality of the 
system. Lower values mean better performance. 0 means the 
best evaluation. 
 
RecommenderEvaluatorcalculates average absolute difference 
between predicted and actual ratings for users which is called 
mean average error [35]. 

 
3) Precision 

Precision is defined in Eq. (7). 
 

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = 𝑡𝑡𝑡𝑡
𝑡𝑡𝑡𝑡+𝑓𝑓𝑓𝑓(7) 

 
In Eq. (7), 𝑡𝑡𝑡𝑡 is the number of movies which are liked by 
active users and recommended in the recommended list. 𝑓𝑓𝑓𝑓 is 
the amount of movies which are unliked by active users, but 
not recommended in recommended list [36]. 

 
4) Recall 

Recall is defined in Eq. (8). 

𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = 𝑡𝑡𝑡𝑡
𝑡𝑡𝑡𝑡+𝑓𝑓𝑓𝑓 (8) 

 
In Eq. (8), 𝑡𝑡𝑡𝑡 is the number of movies which are liked by 
active users and recommended in the recommended list. 𝑓𝑓𝑓𝑓 is 
the amount of movies which are liked by active users, but not 
recommended in recommended list [36]. 
 

5) F-measure 
F-measure is the harmonic mean of precision and recall. It 
is shown in Eq. (9) [37]. 

 

𝐹𝐹 − 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 = 2∗𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝∗𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝+𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 (9) 

 

C. Dataset 
 
In this study, Movielens 100K and a part of Movielens 20M 
[38] datasets are used. Movielens 100K dataset consists 
of100000 ratings from 1000 users on 1700 movies. All of the 
data of Movielens 100K are used. Movielens 20M dataset 
consists of 20 million ratings and 465000 tag applications 
applied to 27000 movies by 138000 users. In this study, 1 
million of the data are used. 

 
 
 

IV. RESULTS 
Results are shown in Tables II and III. 
 
TABLE II: RESULTS FOR THE DATASET WITH 100000 RATINGS 
 Pearson Euclidea

n 
LogLikelihoo
d 

Uncentre
d Cosine 

Mean 
Average 
Error 

0.903667 0.894758 0.815834 0.830392 

Root 
Mean 
Square 
Error 

1.122772 1.123979 1.037744 1.04070 

Precisio
n 

0.015982 0.014580 0.000507 0.000253 

Recall 0.014890
0 

0.012035 0.000508 0.000254 

F-
measure 

0.015417 0.013186 0.000508 0.000254 

 

TABLE III: RESULTS FOR THE DATASET WITH 1000000 
RATINGS 

 Pearson Euclidea
n 

LogLikelihoo
d 

Uncentre
d Cosine 

Mean 
Average 
Error 

0.81216
5 

0.789041 0.738430 0.728047 

Root 
Mean 
Square 

1.04470
3 

1.03509 0.9579285 0.951552 

	 (6)

In Eq. (6), while N is the total number of ratings, pi(u) is the 
predicted rating of user u on item i. ri(u) is actual rating. Smaller 
values of root mean square error means better performance [31].

2) Mean Average Error

In this study to calculate mean absolute error, mahout classes and 
methods are used. Average Absolute Difference Recommender 
Evaluator class, Abstract Difference Recommender Evaluator 
class and evaluate() method are one of them [33, 34].

This method evaluates the recommendation quality of the 
system. Lower values mean better performance. 0 means the 
best evaluation.

Recommender Evaluator calculates average absolute difference 
between predicted and actual ratings for users which is called 
mean average error [35].

3) Precision

Precision is defined in Eq. (7).

precision = 
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In Eq. (7), tp is the number of movies which are liked by active 
users and recommended in the recommended list. fp is the 
amount of movies which are unliked by active users, but not 
recommended in recommended list [36].
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C. Dataset

In this study, Movielens 100K and a part of Movielens 20M 
[38] datasets are used. Movielens 100K dataset consists of 
100000 ratings from 1000 users on 1700 movies. All of the data 
of Movielens 100K are used. Movielens 20M dataset consists 
of 20 million ratings and 465000 tag applications applied to 
27000 movies by 138000 users. In this study, 1 million of the 
data are used.

                               IV. Results

Results are shown in Tables II and III.

Table II: Results for the Dataset with 100000 Ratıngs

Pearson Euclidean LogLikelihood Uncentred Cosine
Mean Average Error 0.903667 0.894758 0.815834 0.830392
Root Mean Square Error 1.122772 1.123979 1.037744 1.04070
Precision 0.015982 0.014580 0.000507 0.000253
Recall 0.0148900 0.012035 0.000508 0.000254
F-measure 0.015417 0.013186 0.000508 0.000254
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Table III: Results for the Dataset with 1000000 Ratıngs

Pearson Euclidean LogLikelihood Uncentred Cosine
Mean Average Error 0.812165 0.789041 0.738430 0.728047
Root Mean Square Error 1.044703 1.03509 0.9579285 0.951552
Precision 0.002436 0.005986 0.000013 0.000018
Recall 0.002442 0.005589 0.000010 0.000011
F-measure 0.00244 0.005936 0.000011 0.000010

As it seen in Table II, the performance of Loglikelihood 
similarity measure is better than the others based on mean 
average error and root mean square error. On the other hand, 
performance of Pearson similarity measure is better than the 
others based on precision, recall, and f-measure performance 
evaluation criteria.

As it is seen in Table III, uncentred cosine similarity measure 
shows the best performance based on mean average error and 
root mean square error. The best precision, recall, and f-measure 
values are obtained using Euclidean similarity measure.

When Tables II and III are compared, it is seen that the best 
mean average error and root mean square error belong to 
uncentred cosine similarity measure. The best precision, recall, 
and f-measure belong to Pearson measurement.

V. Conclusıons

In this study, a user-based recommendation system is developed 
using Pearson, Euclidean, uncentred cosine, and LogLikelihood 
similarity measures. Recommendation performances of these 
similarity measurements are observed. Mean average error, root 
mean square error, precision, recall, and f-measure are used as 
performance evaluation criteria. Movielens dataset is used to 
train and test the system.

In the future, it is planned to develop a recommender system 
using genetic algorithm and fuzzy clustering algorithms.
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