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Abstract 

This paper presents a detailed study of the behavior of three 

different content-based collaborative filtering metrics 

(correlation, cosine and mean squared difference) when they 

are processed on several ratio matrices with different levels of 

sparsity. The total number of experiments carried out is 

648, in which the following parameters are varied: metric 

used, number of k-neighborhoods, sparsity level and type 

of result (mean absolute error, percentage of incorrect 

predictions, percentage of correct predictions and 

capacity to generate predictions). The results are 

illustrated in two and three-dimensional representative 

graphs. The conclusions of the paper emphasize the 

superiority of the correlation metric over the cosine 

metric, and the unusually good results of the mean 

squared difference metric when used on matrices with 

high sparsity levels, leading us to interesting future 

studies.  

Keywords: recommender systems, sparsity, collaborative 

filtering, metric  

1 Introduction 

At present, Recommender Systems (RS), are broadly 

used to implement Web 2.0 services (Janner 2007) as 

mentioned by Knights and Lin (2007), based on 

Collaborative Filtering (CF). RS make predictions about 

the preferences of each user based on the preferences of a 

set of “similar” users. 

This way, a trip to Canary Islands could be 

recommended to an individual who has rated different 

destinations in the Caribbean very highly, based on the 

positive ratings about the holiday destination of “Canary 

Islands” of an important number of individuals who also 

rated destinations in the Caribbean very highly. 

There are a large number of applications based on RS 

(Jinghua 2007, Baraglia 2004, and Fesenmaier 2002), 

some of which are centered on the movie 

recommendation area (Konstan 2004, Antonopoulus 

2006, Li 2005). 

The quality of the results offered by a RS greatly 

depends on the quality of the results provided by its CF 

(Adomavicius 2005, Herlocker 2004) phase; i.e. it is 

 

 

 

 

 

 

 

 

 

essential to be capable of adequately selecting the 

group of users most similar to a given individual. 

The similarity among users can be computed in three 

different ways: content-based methods, model-based 

methods and hybrid approaches. Content-based methods 

(Breese 1998, Kong 2005) use similarity metrics 

(Herlocker 2004) which operate directly on the 

individual user‟s ratios (in the trip recommender 

example, that is each value voted for each travel 

destination). Model-based methods (Breese 1998) use 

user ratios to create a computable model (Bayesian 

classifier (Cho 2007), neural network (Ingoo 2003), 

fuzzy system [16], etc.) and from this model they predict 

the clusters of similar users. 

At present, for reasons of predictability and 

efficiency, commercial RS (Linden 2003) are 

implemented using content-based CF metrics. Model-

based CF can usually be found in non-commercial 

research phases. 

The majority of CF research aims to increase the 

accuracy and coverage (Giaglis 2006, Li 2005, Fuyuki 

2006, and Manolopoulus 2007); nevertheless, it is 

advisable to improve certain other factors: effectiveness 

of recommendations, searching for good items, 

credibility of recommendations, precision and recall 

measures, etc.). 

Memory-based methods work on two-dimensional 

matrices of U users who have rated a number of items I. 

We can consider a RS running in an e-travel agency, 

where, over the years, thousands of travelers have rated 

hundreds of destinations, for example. 

An important problem in obtaining effective 

predictions using RS is the fact that most of the users 

only rate a very small proportion of the items; this is 

known as the sparsity problem. When the matrix is very 

sparse, it means there are many users who have rated 

very few items and this leads to two main negative 

effects: 

 The set of similar users (k-neighborhoods) 

(Herlocker 2002) does not suitably match the 

preferences of the recommended user (there are 

not enough common rated items to establish a 

reliable similarity result between two users).  

 It is not easy to recommend items to the user, as 

you are not likely to find enough k-

neighborhoods who had rated the same items 

positively.  
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Consequently, the accuracy and the majority of the main 

effectiveness measures of the CF predictions drop when 

they are applied to extremely sparse matrices, leading to 

the users losing confidence in the RS service as a whole. 

The sparsity problem has traditionally been tackled 

using user profile information to reinforce the similarity 

measure. The CF techniques called demographic filtering 

(Pazzani 1999) use all the possible additional information 

to establish the similarity among users such as gender, 

age, education, area code, etc. 

Another approach in order to reduce the sparsity 

problem is the use of a dimensionality reduction 

technique such as Singular Value Decomposition (SVD) 

(Sarwar 2000). 

The demographic filtering approach has two important 

restrictions:  

 More often than not there is no demographic 

information (or not enough demographic 

information) in the RS database. 

 Establishing similarities based on demographic 

information is very risky and can easily lead to 

incorrect recommendations. 

The dimensionality reduction approach removes 

unrepresentative users or items. At present some research 

works use statistical techniques such as Principle 

Component Analysis (PCA) (Goldbergh 2001) and 

information retrieval techniques such as Latent Semantic 

Indexing (LSI) (Deerwester 1990, and Hofmann 2003). 

The main problem with the reduction approach is the 

inherent loss of information in the reduction process. 

Alternatively, other approaches exist with which to 

deal with the sparsity problem, such as the use of trust 

inferences (Papagelis 2005), attraction-weighted 

information filtering (Bruyn 2004) and topographic 

organization of user preferences patterns (Polcicova 

2004). 

2 Content-Based Metrics 

Content-based methods work on a table of U users who 

have rated a number of items I. The prediction of a non-

rated item i for a user u is computed as an aggregate of 

the ratings of the K most similar users (k-neighborhoods) 

for the same item i, where  denotes the set of k-

neighborhoods. 

The most common aggregation approaches are the 

average (1) and the weighted sum (2). 
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Where μ acts as a normalizing factor, usually computed 

as: 
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The similarity approaches usually compute the similarity 

between two users x and y: sim(x,y) based on their ratings 

of items that both users have rated (4).  
 

  iyix randrIi ,,|           (4) 

 

The most popular similarity metrics are Pearson 

correlation (5) and cosine (6), although we will complete 

the experiments in this paper by adding the least known 

Mean Squared Difference (MSD) metric (7). 
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The research work shown in this paper is based on 

comparative experiments using Pearson (5), cosine (6) 

and MSD (7) metrics, the average aggregation approach 

(1), and the Mean Absolute Error (8). 

MSD has been selected due to its unique behavior, 

which is very different to the correlation and cosine 

metrics, mainly when it is used in sparse ratio matrices. 

3 Design of Experiments  

In order to discover the behavior of each of the three 

metrics analyzed, we used the MovieLens database 1  as a 

base, which has been a reference for many years in 

research carried out in the area of CF. 

The database contains 943 users, 1682 items and 

100,000 ratings, with a minimum of 20 items rated per 

user. The items represent cinema films and the rating 

ranges vary from 1 to 5 stars. 

In all the experiments carried out, for each film that 

each user has rated, the average value of the ratios given 

by their k-neighborhoods for that film has been 

calculated and the prediction has been compared with the 

value rated by the user, thus obtaining the calculation of 

the mean absolute error (MAE) [8]. 

                                                                 

1 Our acknowledgements to the GroupLens Research Group  
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The previous process was carried out for each of the 

following k-neighborhoods values: 15, 30, 60, 90, 120, 

150, 180, 210 and 240, covering from 1.6% to 25.4% of 

the total number of users. 

In order to obtain comparable results based on 

different sparsity levels, we have made several 

reductions on the original database containing 100,000 

ratings; each reduction process has removed a fixed 

number of database ratios using a random function. In 

this way, we have obtained five additional databases: 

80,000 ratings, 60,000 ratings, 40,000 ratings, 20,000 

ratings and 10,000 ratings. 

The MovieLens original database presents a 100-

107/(943*1682) percentage of sparsity, the 80,000 

database presents a 100-8*106/(943*1682) percentage of 

sparsity, and so on. Therefore, the sparsity range covered 

in the experiments is: 93.7%, 94.96%, 96.22%, 97.48%, 

98.74% and 99.37%. 

In turn, all of these calculations have been carried out 

3 times (one for each metric included in the study). 

The total number of experiments carried out is 648 (9 

k-neighborhoods * 6 sparsity levels * 3 metrics * 4 types 

of results). 
The experiments have been grouped in such a way that the 

following can be determined: 

 Accuracy. 

 Number of recommendations made. 

 Number of perfect predictions.  

 Number of bad predictions. 

 

We consider a perfect prediction to be each situation in 

which the prediction of the number of stars 

recommended for one user in one film matches the value 

rated by that user for that film. 

We consider a bad prediction to be each situation in 

which the prediction of the number of stars 

recommended for one user in one film is different by 

more than 2 stars from the value rated by that user for 

that film. 

We consider a recommendation made to be each 

situation in which a user has rated an item and at least 

one of the user’s k-neighborhoods has also rated it, in 

such a way that a prediction could be made and an MAE 

error obtained. 

4 Results 

The results section has been divided into six subsections: 

the first one shows comparatives of the three metrics 

studied, processed using different levels of sparsity; in 

this case no detailed information on k-neighborhoods is 

included as each result (each graph) has been obtained by 

calculating the average of the individual results of all 

nine (15 to 240) k-neighborhoods. 

The remaining three subsections refer to each one of 

the three metrics, respectively, and they contain all the 

detailed information obtained when processing all the 

possible variations: range of k-neighborhoods / range of 

sparsity levels. 

The last subsections illustrate the details obtained by 

comparing the correlation metric with the cosine and the 

MSD metrics. 

4. 1  Comparison of CF Metrics using 

different sparsity levels 

The first results presented here refer to accuracy, processed 

using the Mean Absolute Error. The x-axis represents the 

different percentages of sparsity.  

Figure 1 shows better results with the correlation 

metric than with the cosine metric. In fact, there is an 

improvement in the correlation results, in contrast to the 

cosine results, where the error increases as the sparsity 

percentage increases. 

The Mean Squared Difference metric shows much 

better results than the cosine and correlation metrics; 

nevertheless it is necessary to adjust this good result with 

the very poor behavior obtained in Figure 2.  

The MAE values indicate the mean absolute 

difference between predictions and real rated values, 

consequently, a value of 0.5 on the MAE axis means a 

half-star error in the values predicted from the 

„MovieLens‟ database. 

 

Figure 1. Mean Absolute Error 
 

Figure 2 shows the percentage of recommendations that 

each metric is able to produce. These percentages are 

obtained by dividing each number of predictions 

obtained by computing the different levels of sparsity by 

the number of ratios of each database (10,000, 80,000, 

etc.), for example, using the 10,000-ratio database 

(99.37% of sparsity) the cosine metric was able to 

compute an average of 8688 predictions, thus the last 

diamond position in Figure 2 has the value 86.88%. 

The correlation metric once again shows better 

behavior than the cosine metric as it is able to obtain a 

larger number of recommendations; nevertheless, as 

expected, the amount of predictions decreases as the 

sparsity level increases (it is more difficult to obtain 



recommendations when the quantity of information 

available to make predictions decreases). 

The rising section of the cosine function in Figure 2 

can be explained by the erroneous behavior of the cosine 

metric when the sparsity of the vectors is too high, which 

is the case when the sparsity of the database is high. 

The MSD metric provides very poor results as it 

obtains a low quantity of predictions. This is this metric‟s 

Achilles‟ heel and is the aspect that should be improved 

in any metric derived from it.  

Figure 3 shows that the correlation metric is able to 

achieve a greater number of prediction hits than the 

cosine metric. Whereas the cosine hits drop in line with 

the sparsity level, the correlation metric even manages to 

improve its results when the percentage of sparsity is 

high.  

 

Figure 2. Percentage of recommendations made 
 

It is important to realize that the cosine metric 

improves the MAE and the percentage of perfect 

prediction results compared to the correlation metric 

when the sparsity percentage is not very high (database 

of 100,000 ratings). 

The MSD exhibits excellent behavior when the 

sparsity levels are high; nevertheless, it is important to 

realize that the overspecialization effect (recommending 

items that are too well-known) can be easily produced. 

 

Figure 3. Percentage of perfect predictions 
 

A very important objective of CF metrics is to avoid 

incorrect recommendations, to prevent users from losing 

confidence in the system. 

Figure 4 presents the percentage of incorrect 

recommendations (more than two stars of difference 

between predictions and real ratios). As we can see, the 

cosine metric does not respond well to an increase in 

sparsity, whereas the correlation metric responds well. 

The MSD metric does not produce a high quantity of 

predictions (Figure 2), but it appears to achieve a good 

number of hits with its recommendations (Figures 3 and 

4), particularly when the sparsity levels are high. 

 

Figure 4. Percentage of bad predictions 

 

4.2  Correlation Metric 

This section shows the detailed results obtained from the 

correlation metric experiments. As in the previous 

section, the aspects of study are: MAE accuracy, 

percentage of recommendations made, percentage of 

perfect predictions and percentage of bad predictions. 

Each result is presented as a three-dimensional graph 

where the x-axis represents the number of k-

neighborhoods computed in each experiment and the z-

axis represents the percentage of sparsity (i.e. the 

100,000, 80,000, … databases used).  

Figure 5a) shows an even decline of the MAE when 

the sparsity percentage increases (as we saw in Figure 1). 

In this case we can observe that correlation works better 

when the number of k-neighborhoods is not low. 

Figure 5b) shows the poorest results when the number 

of k-neighborhoods is low (less than 60). The evolution 

presented in Figure 2 would improve by selecting more 

than 60 k-neighborhoods. The same is true when the 

correlation metric obtains perfect predictions (Figure 5c) 

and bad predictions (Figure 5d). As a result of this, we 

can highlight the good results obtained by this metric, 

especially when the number of neighborhoods is not low 

and the sparsity level is high.  

Figure 5c) shows how the rising correlation slope 

presented in Figure 3 can be enhanced by selecting a 

number of k-neighborhoods higher than 120. 



 

Figure 5. Results of the correlation metric: a) Mean Absolute Error, b) percentage of recommendations made, c) 

percentage of perfect predictions, d) percentage of bad predictions 
 

 

4.3  Cosine Metric 
 

Although it was previously established that the 

correlation metric presented better behavior than the 

cosine metric, it is relevant to point out the details of the 

cosine, which is much less regular than the Pearson 

metric. 

In general, it can be said that the cosine metric works 

better when the sparsity level is low and the number of k-

neighborhoods is high. This fact can be observed in 

Figure 6, where the best results are given in the quadrant: 

k-neighborhoods from 150 to 240 and sparsity from 93.7 

to 96.22. 

Figure 6a) shows the best results when the values are 

smaller (from 0.65 to 0.75); the same situation is 

presented in Figure 6d) (from 0.5 to 1.5). Figures 6b) and 

6c) give the best results when the values are larger (from 

80 to 100 and from 68 to 78, respectively). 

By studying Figures 6a) to 6d) (cosine) we can 

observe that the slopes of the surfaces are higher than 

those corresponding to Figures 5a) to 5d) (correlation), 

both on the sparsity axis and the k-neighborhoods axis 

(when k>60); this means that the influence of both 

parameters is higher in the cosine metric.  

 

4.4  Mean Squared Differences Metric 

The results obtained by applying the MSD metric are 

significantly different to those obtained by the cosine and 

correlation metrics. The mean absolute error (Figure 7a) 

presents very low (good) values for all the k-

neighborhoods and the percentage of sparsity ranges. We 

can observe that the best results (lowest errors) are 

obtained by selecting the lowest k-neighborhood values 

and, particularly, when the sparsity percentage is high. 

There can be no doubt that the weak point of the 

MSD metric is its poor capacity to generate a large  



  

Figure 6. Results of the cosine metric: a) Mean Absolute Error, b) percentage of recommendations made, c) 

percentage of perfect predictions, d) percentage of bad predictions 

 

 

 

number of predictions. As can be seen in Figure 7b), 

the percentage of recommendations obtained using the 

MSD metric is lower than that obtained using the cosine 

metric and even more so in the case of the correlation 

metrics. In this aspect, it can be observed that the 

function‟s slope is much more significant in the k-

neighborhoods axis than in the percentage of sparsity 

axis; therefore, this aspect can be improved by choosing a 

high k-neighborhood value as opposed to working with 

high sparsity databases. 

The quality of the recommendations (measured as 

high levels of perfect predictions combined with low 

levels of bad predictions) is very good when using the 

MSD metric, in comparison to the cosine and correlation 

metrics; this is mainly due to the low percentage of bad 

recommendations. By observing Figures 7c)  and 7d) it 

can be determined that the best results (more perfect 

predictions and fewer bad predictions) are obtained at the 

highest values of sparsity. The poorest results occur when 

the highest k-neighborhood values are combined with the 

lowest percentages of sparsity levels. 

In short, when using the MSD metric with low values 

of sparsity, it is necessary to choose a suitable k-

neighborhood value to obtain a balance between quality 

(Figures 7a,c,d) and capacity to recommend (Figure 7b); 

the highest values of the k-neighborhood parameter offer 

us a better capacity for recommendation, while the lowest 

values of the k-neighborhood parameter lead to an 

improvement in the quality. 

The most interesting observation in Figure 7 is that all 

the objectives (low error, high capacity to recommend, 

high percentage of perfect predictions and low percentage 

of bad predictions) are improved at the same time when 

the sparsity value increases. This characteristic confers a 

special importance to the MSD metric to be used in very 

sparse RS databases and it opens a way to creating new 

specialized MSD-based metrics. 



  

Figure 6. Results of the cosine metric: a) Mean Absolute Error, b) percentage of recommendations made, c) 

percentage of perfect predictions, d) percentage of bad predictions 

 

5 Conclusions 

The sparsity levels of RS databases have an important 

influence on the results of content-based collaborative 

filtering metrics. The impact of the sparsity influence 

depends on the k-neighborhood value selected, the main 

objective we want to maximize (MAE, capacity to 

recommend, etc) and, logically, on the metric used.  

When the sparsity level increases: 

 The Pearson correlation metric improves its 

MAE and has a negative effect on the capacity 

to recommend. In addition, its percentage of 

good predictions shows a slight increase. 

 The cosine metric has a negative effect on all the 

aspects studied (MAE, capacity to recommend, 

correct predictions, incorrect predictions); this  

negative behavior can be reduced by selecting 

high k-neighborhood values.  

 The Mean Squared Difference (MSD) greatly 

improves all the results except for the capacity 

to recommend. 

 

The correlation metric obtains much better results than 

the cosine metric when working with sparse RS 

databases, especially when the k-neighborhood value is 

not high (preferably 60 and 90). 

By using databases with a high degree of sparsity, the 

MSD metric obtains better results than the correlation 

metric in all the aspects studied except for the capacity to 

generate a large number of predictions. 

The MSD metric presents unusually good behavior 

when applied to sparse RS ratio matrices. However, it 

should be used with caution due its very poor capacity to 

generate recommendations and its high probability of 

suffering from the effects of overspecialization; 

nevertheless, the MSD metric offers a serious alternative 

to the standard metrics when it is used in sparse ratio 

matrices and can be selected as a reference in designing 

new content-based CF metrics capable of satisfactorily 

tackling the RS sparsity problem. 



  

 

Figure 7. Results of the MSD metric: a) Mean Absolute Error, b) percentage of recommendations made, c) 

percentage of perfect predictions, d) percentage of bad predictions 
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