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Abstract. As the media content industry is growing continuously, the content 
market has become very competitive. Various strategies such as advertising and 
Word-of-Mouth (WOM) have been used to draw people’s attention. It is hard 
for users to be completely free of others’ influences and thus to some extent 
their opinions become affected and biased. In the field of recommender 
systems, prior research on biased opinions has attempted to reduce and isolate 
the effects of external influences in recommendations. In this paper, we present 
a new measure to detect opinions that are distinct from the mainstream. This 
distinctness enables us to reduce biases formed by the majority and thus, to 
potentially increase the performance of recommendation results. To ensure 
robustness, we develop four new hybrid methods that are various mixtures of 
existing collaborative filtering (CF) methods and our new measure of 
Distinctness. In this way, the proposed methods can reflect the majority of 
opinions while considering distinct user opinions. We evaluate the methods 
using a real-life rating dataset with 5-fold cross validation. The experimental 
results clearly show that the proposed models outperform existing CF methods. 

Keywords: Distinctness, Bias, Content, Recommender system, Collaborative 
filtering 

1 Introduction 

With the advancement of technology, the media content industry has been growing 
continuously, and an enormous amount of content is now generated on a daily basis. 
Various strategies such as advertising and Word-of-Mouth (WOM) have been imple-
mented to draw people’s attention [1]. Indeed, it has become very common that con-
tent providers hire celebrities or well-known bloggers to promote their content and 
strive to shape mainstream opinions because most users simply follow the majority 
opinions [2]. In recent years, these promotion strategies have become more unnotice-
able and have been used to maneuver more people into biased choices for their pur-
chases without their awareness [3, 4].  

In this paper, we attempt to resolve the aforementioned problems by proposing a 
simple yet novel measure, called Distinctness, to estimate how unique a certain rating 
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of a user is from the major trend of ratings. In the field of recommender systems, 
there have been some prior attempts to exclude the effects of possible biases in sys-
tems by detecting users’ biased opinions [5, 6]. To the best of our knowledge, howev-
er, none of those studies have explored distinct opinions when biases exist, nor did 
they utilize such opinions for recommender systems.   

For instance, The Matrix, a well-known blockbuster movie, has 133,229 ratings 
from individual users in our dataset (obtained from MovieLens1), the distribution of 
ratings for the movie is (52, 32, 10, 3, 1) in percentages; the numbers correspond to a 
rating scale of (5, 4, 3, 2, 1). It should be noted that the rating 5, representing ‘strong-
ly like’, accounts for more than half of the total ratings and that the majority of rat-
ings, 94 percent, are positive ratings (above 3 out of 5). Let us assume that there are 
user A and user B, each of which rated the movie 5, and user C and user D, each of 
which rated the movie 1. In accordance with the rating distribution for the movie, it 
seems that the identical opinions made by users C and D are more distinct than the 
opinions made by users A and B: they are strongly against the movie while most users 
liked it. In other words, the two people who gave the movie a rating of 1 express dis-
tinct opinions (rating the movie ‘strongly dislike’), in contrast to the majority of users, 
who gave positive ratings. These unique ratings are powerful evidence to explain the 
characteristics of users. In spite of the potential usefulness of this type of distinctness 
feature, common CF approaches overlook the feature by assigning the same similarity 
value for the two user groups because the relations within groups are treated equally 
[7].  

Unlike the aforementioned CF approaches, we measure the relations of users while 
considering the degree of their differences from the majority. By doing so, we are 
able to identify distinct opinions that can be potentially highlighted to generate more 
accurate recommendation results. In our experiment, it is shown that, compared with 
the existing CF approaches, an approach that exploits the Distinctness feature can 
improve the accuracy for recommender systems. In addition, we introduce three hy-
brid collaborative filtering methods combined with Distinctness; the results show 
unanimous increases compared to the baselines. The experiment was conducted on a 
real-life movie dataset, MovieLens, which is well-known for containing reliable data 
that can verify the performance of recommender systems [8, 9, 10]. By choosing the 
common dataset, we expect that our work can be easily reproducible.  

The remainder of the paper is followed by related work on bias in recommender 
systems in Section 2. We then present the details of the proposed measure, Distinct-
ness, and four variations of the CF methods utilizing Distinctness in Section 3. In 
Section 4, we describe experiments and results. Finally, the conclusion and future 
work are given in Section 5. 

1  http://movielens.org 
                                                           



2 Related Work 

In this section, we discuss some of the state-of-the-art recommendation models deal-
ing with possible influences within interactions between users and recommender sys-
tems, and examine the limitations of these systems.  

When users interact with a recommender system, it is possible that a variety of bi-
ases are involved in the interaction. User tendencies for rating and item selection are 
identified as biases in [11] and one work [12] pointed out user background and per-
sonal interest as potential sources of biases. In addition to the biases from individual 
users, context information influences opinions and responses. Regarding context in-
formation, many approaches have been studied. Context information such as weather, 
time, and companions does matter in recommender systems that have a multidimen-
sional perspective since it affects the way users react [14] and thus its influences cor-
respond to biases. The interactive methods that are used to detect context information 
and adapt to changes of information are able to reduce possible biases [15]. 

 Designs of recommender systems also lead to biases in interactions with users. For 
example, different kinds of interfaces of recommender systems are able to intentional-
ly instruct users in certain ways of expressing opinions and lead users’ behaviors 
without their perceptions [9, 16]. Visually effective readability drives presentation 
and temporal biases in online reviews and comments [9]. Different types of rating 
scales also guide users toward certain ways of interacting with recommender systems 
and a 1-to-5 star scale allows users to express extreme feelings with great ease [16]. 

In this paper, we specifically look into influences coming from outside of users and 
recommender systems. In terms of popularity biases, several models are suggested for 
improvement of recommendations. A recent work [10] analyzed the causes and ef-
fects of popularity bias and proposed an algorithm to weaken the phenomenon in 
which only popular items are frequently recommended to users regardless of users’ 
preferences. In [17], it was found that a function to penalize popular items in item-
based collaborative filtering was able to decrease the chances of popular items ap-
pearing as recommendations.  

Further, WOM both offline and online has an impact on users’ overall acceptance, 
purchases, and opinions. By continuously appearing on a front page, early written 
online reviews lead to sequential biases and finally influence others’ opinions [6]. 
Also, a greater volume of WOM results in a higher box office performance in the 
movie industry and directly connects to revenue in the field [2]. 

The aforementioned research has mainly attempted to identify types of biases and 
to exclude the effects of biases in the system. However, in this paper we explore im-
plicit and unbiased opinions and propose an efficient measure to build sophisticated 
relationships among users. To the best of our knowledge, unbiased and distinct opin-
ions have never been exploited in recommender systems, though use of such opinions 
can potentially be effective in bolstering relations among users. 



3 Proposed Methods 

In this section, we will first introduce the concepts of popularity and entropy. Based 
on those concepts, we first describe a new measure called Distinctness to estimate 
distinct similarities between users and then move on to explain four CF methods 
based upon Distinctness. 

 
Popularity. In content industries including movies and books, opinions about content 
are highly susceptible to advertising and WOM [1, 2]. This situation eventually leads 
to the Matthew Effect: “the rich get richer and the poor get poorer” [10]. As a result, 
once items become widespread and establish certain reputations, their images are 
accumulative and fossilized [5]. Therefore, when a major trend of opinion for an item 
is formed by the public, Distinctness of unique opinions increases. The total number 
of ratings can indicate the Popularity of a certain movie. The advantage of Popularity 
is that it is straightforward and easy to compute, but the possibility of prefix bias – 
popular items having enough ratings usually defeat unpopular items – is a disad-
vantage [18]. However, in this study, to lessen the influence of possible weakness, we 
take advantage of a property of the logarithm function, which can transform an expo-
nential-like curve to a linear-like curve by compressing large values. 

 
Entropy. Entropy of an item’s ratings indicates the distribution of ratings. For in-
stance, when ratings are evenly distributed on a 1-to-5 star rating scale, the value of 
Entropy is greater. In contrast, when the majority of ratings are positive ratings, 4 or 
5, the Entropy value is smaller. As the Entropy value decreases, the meanings of dis-
tinct ratings increase in terms of Distinctness. Entropy, however, does not imply the 
total number of ratings for items. Two rating distributions, (1, 0, 0, 0, 5) and (100, 0, 
0, 0, 500), have the same Entropy values, although the former distribution has fewer 
ratings. In other words, Entropy alone never enables us to completely represent the 
concept of Distinctness of ratings due to the total number of ratings. Entropy of item 
p’s rating distribution is calculated as follows: 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑝) = �𝑃(𝑖|𝑝) log2 𝑃(𝑖|𝑝)
𝑖

                                    (1) 

where 𝑃(𝑖|𝑝) denotes the relative frequency of rating i in an item p. In a 1-to-5 star 
rating scale, i can be 1, 2, 3, 4, or 5. 
 
Distinctness. Both Popularity and Entropy are correlated with Distinctness. We esti-
mate Distinctness, 𝐷𝑝𝑖 for each rating i in an item p, using Bayes’ theorem [13] and as 
follows: 

𝐷𝑝𝑖 =  log𝑁𝑝 ×
1

𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑝) × �1 −
𝑁𝑝𝑖
𝑁𝑝

�                                (2) 



where 𝑁𝑝 = �𝑁𝑝𝑖
𝑖

                                                             

where 𝑁𝑝 is the total number of given ratings to item p and 𝑁𝑝𝑖 is the number of rating 
i in an item p. 

𝐷𝑝 = �𝐷𝑝𝑖
𝑖

                                                              (3) 

The total Distinctness value for item p, denoted by 𝐷𝑝, is derived from the sum of 𝐷𝑝𝑖.  
𝑁𝑝 is the total number of given ratings to item p and 𝑁𝑝𝑖 is the number of rating i in 
an item p. In order to apply Bayes’ theorem in Distinctness, Popularity and Entropy 
have less correlation [8, 18]. Unlike the previous studies applying the concepts of 
Popularity and Entropy [8, 10, 18], this research exploits the idea of Entropy in re-
verse. Skewed distributions of ratings represented in smaller values of Entropy play a 
crucial role in Distinctness. 

 
Distinctness-based Collaborative Filtering (DISTINCT). All the ratings i of every 
item p can be represented by Distinctness values, 𝐷𝑝𝑖. We use the Distinctness values 
to calculate Distinctness-based user-user similarity, 𝑆𝐷 as follows:  

𝑆𝐷(𝑢,  𝑣) = � min {𝐷𝑝𝑟𝑢,𝑝 ,𝐷𝑝𝑟𝑣,𝑝}
𝑝∈P

                                     (5) 

where P is a set of items rated by both users, u and v, and p is each item included in P.  
𝑟𝑢,𝑝 and 𝑟𝑣,𝑝 are user u’s and v’s ratings for p, respectively. Based on the similarity, 
𝑆𝐷, the predicted rating of an unknown item i for the target user u is computed as 
follows: 

𝑟𝑢,𝚤�𝐷 = 𝑟𝑢� +
∑ 𝑆𝐷(𝑢, 𝑣) ∗ (𝑟𝑣,𝑖 − 𝑟𝑣�)𝑣∈𝐾

∑ 𝑆𝐷(𝑢, 𝑣)𝑣∈𝐾
                                    (6) 

where 𝑟𝑣,𝑖 is user v’s rating for item i, 𝑟𝑢�  and 𝑟𝑣�  are user u’s and v’ average ratings, 
and K is a set of u’s neighbors who rated the target item i, and at the same time satis-
fied with a parameter k from 0.1 to 1.0 which is detailed in Section 4.3. 
 
Further, we present three hybrid methods combined with Distinctness and conven-
tional rating-based collaborative filtering in recommender systems. Generally, in the 
conventional collaborative filtering, which directly uses ratings, user-user similarity 
using Pearson Correlation Coefficient is derived as follows: 

𝑆𝑅(𝑢, 𝑣) =  
∑ �𝑟′𝑢,𝑝 − 𝑟′𝑢������𝑟′𝑣,𝑝 − 𝑟′𝑣�����𝑝∈𝑃

�∑ �𝑟′𝑢,𝑝 − 𝑟′𝑢�����
2

𝑝∈𝑃 �∑ �𝑟′𝑣,𝑝 − 𝑟′𝑣�����
2

𝑝∈𝑃

                   (7) 

The predicted ratings are computed in the same way as shown in Equation 6 except 
SR  replaces SD . In the first two hybrid algorithms, the Distinctness-based CF 
(DISTINCT) and the conventional CF are linearly combined together.  



 
Linearly Combined Similarities CF (LCS). The two similarities from each CF 
method are joined together in the first hybrid CF as follows:  

𝛼 × 𝑆𝐷(𝑢,  𝑣) + (1 − 𝛼) × 𝑆𝑅(𝑢,  𝑣) → 𝑆′(𝑢,  𝑣)                         (8) 

where 𝑆𝐷(𝑢, 𝑣) and 𝑆𝑅(𝑢, 𝑣) are similarity values from Equation 5 and Equation 7, 
and α is simply set as 0.5 to balance the two similarity scores. The new combined 
similarity value 𝑆′ is used to compute the predicted rating, 𝑟𝑢,𝚤�  as follows: 

𝑟𝑢,𝚤� = 𝑟𝑢� +
∑ 𝑆′(𝑢, 𝑣) ∗ (𝑟𝑣,𝑖 − 𝑟𝑣�)𝑣∈𝐾

∑ 𝑆′(𝑢, 𝑣)𝑣∈𝐾
                                    (9) 

 
Linearly Combined Ratings CF (LCR). The second hybrid method linearly com-
bines two predicted ratings coming from the different CF strategies based on Equation 
5 and Equation 7. The combination of two predicted ratings of an unknown item i for 
the target user u is then calculated as: 

𝛼 × 𝑟𝑢,𝚤�𝐷 + (1 − 𝛼) × 𝑟𝑢,𝚤�𝑅 → 𝑟𝑢,𝚤
′�                                          (10) 

where 𝑟𝑢,𝚤
′�  is the final predicted rating as a result of the second hybrid CF.  

 
Distinctness Weighted CF (DWCF). In the last hybrid CF method, the Distinctness 
values are applied to 𝑆𝑅 as weighting parameters to control the contributions of rating-
based relationships as follows:  

∑ min �𝐷𝑝𝑟𝑢,𝑝 ,𝐷𝑝𝑟𝑣,𝑝�𝑝∈𝑃

∑ 𝐷𝑝𝑝∈𝑃
× 𝑆𝑅(𝑢,  𝑣) → 𝑆′(𝑢, 𝑣)                           (11) 

In DWCF, 𝑆′(𝑢, 𝑣) from Equation 11 is used to compute the final predicted rating in 
Equation 9. 

4 Experiment 

4.1 Experiment Setup 

To evaluate our approach, we carry out experiments on the MovieLens dataset, which 
consists of more than 10 million ratings given by 70,250 active users for approximate-
ly 10,000 movies. This dataset is commonly used to evaluate recommendation tasks, 
and thus, we expect that our work can be easily reproducible. The ratings are on a 1-
to-5 star scale. In order to focus on the users having common rating behaviors, we 
randomly chose 1,000 users who rated individual movies between 1,000 and 5,000 
times. For users having given a myriad of ratings, the rating behaviors show stricter 
standards in rating [12], and in the case of users who have rated movies only a few 
rating times, the cold start problem occurs [8], so such types of users are excluded 



from this study. We then follow 5-fold cross validation by categorizing 80 percent of 
the data as training data which generates recommendations and the rest of the data as 
test data to evaluate the recommendation results. 

To compare the performance of the proposed methods, Pearson Correlation Coeffi-
cient CF (PEARSON) and Cosine Similarity CF (COSINE) are used as baseline mod-
els. All experiments are evaluated for two types of accuracies. Mean Absolute Error 
(MAE) and Root-Mean-Square Error (RMSE) are used to evaluate the prediction 
accuracy and Normalized Discounted Cumulative Gain (NDCG) is used to assess the 
ranking accuracy. Due to the limits of space, details of the measures are referred to [7, 
19].  

4.2 Experiment Results 

In this section, we analyze the performances of our approaches, which adopt Distinct-
ness: DISTINCT, LCS, LCR, and DWCF compared with the baselines. Figure 1 (a) 
shows MAE values from the different methods; and Figure 1 (b) displays RMSE val-
ues. Note that lower values indicate better performances for those metrics and all the 
improvements are significant with a confidence level of 0.01. From the two graphs, 
the baselines show lower performances than the methods using the Distinctness fea-
ture. DISTINCT using the Distinctness feature alone outperforms the COSINE and 
PEARSON in 5.5 and 4.56 percent, respectively. This is due to the fact that the meth-
od contains not only the Distinctness feature that detects the unique characteristics of 
the users, but also the popularity feature that reflects the major trend of ratings. Fur-
thermore, we can see that adopting the hybrid approaches boosts the overall perfor-
mance. DWCF especially presents the highest performance among our approaches, as 
it indeed outperforms the baselines in 9.32 and 9.28 percent, respectively. 

 
(a) 

 
(b) 

Fig. 1. Performance evaluation on (a) MAE and (b) RMSE 

By looking at the NDCG scores, we also can observe which method consistently 
performs well in the higher ranking predicted accuracy. In detail, Figure 2 (a) repre-
sents NDCG score at N while N varies from 1 to 10; and it shows that distinctness 
methods including DWCF return higher NDCG score at every N compared to the 
baselines. Figure 2 (b) shows that this tendency still resides while N increases from 10 
to 40. A cursory look at the results is that utilizing the Distinctness feature reaps bene-



fits in recommendations as the algorithms including the feature show better perfor-
mances than the baselines. Especially, in both graphs, DWCF presents the highest 
performances in most cases of N compared to all the methods, implying that using the 
Distinctness feature as a weighting parameter mixed with the conventional CF meth-
ods promises the best recommendation results. Our proposed method DWCF outper-
forms baselines by approximately 1.48 percent and 1.64 percent on average for 
NDCG at 5 and 10, respectively. Note that the improvements are significant with a 
confidence level of 0.01. 

 
(a) 

 
(b) 

Fig. 2. Performance evaluation on NDCG at N varying from (a) 1 to 10 and (b) 10 to 40 

Our assumption for Distinctness is that the relationship exhibited in a unique trend 
is stronger than the relationship in major trend. By focusing on the information on the 
minor rating on users, Distinctness enables us to successfully predict the minor ratings 
of users, although they have been hardly exploited for rating the movies. To verify the 
assumption and understand why the performance of the certain algorithm surpasses 
the other methods, we looked into how accurate the predicted ratings are in each rat-
ing scale. Let us denote HIT (is a counting measure) if an error value, the difference 
between a predicted rating and a target rating, lies in the range from zero to the MAE. 
HIT can be regarded as the number of correct predictions since the predicted rating 
values are quite close to the target answers within the setup error range; HIT Ratio is 
calculated that the number of the ratings is divided by the number of HITs. The higher 
the HIT Ratio is, the more precise prediction the method generates.  

Table 1 shows a partial rating distribution for randomly chosen 40 users and HIT 
and HIT Ratio performances. In this random set, users frequently used 3 and 4 when 
rating the movies compared to 1, 2, and 5. The common ratings such as 3 and 4 have 
more opportunities to be predicted and obtain higher HITs. Nevertheless, if a method 
has higher HIT Ratio values for minor ratings like 1, 2, and 5, the method incorpo-
rates the information buried in ratings data including the distinct feature in efficient 
ways for recommender systems. 

Table 1 demonstrates HIT and HIT Ratio of the methods for each rating scale as 
well as the rating distribution. In Table 1, a † indicate that the value is significantly 
higher within each method. From the table we can see that PEARSON has noticeable 
HIT accuracy when the target ratings to predict are 3 and 4 rather than 1 and 5. On the 



contrary, when the answer ratings are 1 and 5, the algorithm DISTINCT which uses 
only the Distinctness values has far higher HIT numbers than the baseline models (the 
HIT for 5 is reasonably better than PEARSON and COSINE).  

Table 1. Partial rating distribution and HIT and HIT Ratio performances 

Rating scale 1 2 3 4 5 Total 
# of ratings 68 244 639 745 285 1981 

COSINE HIT 1 62 466 329 50 908 
HIT Ratio 0.014 0.254 0.729 0.441 0.175 1.615 

PEARSON HIT 1 63 498 540 44 1146 
HIT Ratio 0.014 0.258 0.779† 0.724† 0.154 1.931 

DISTINCT HIT 48 62 480 540 64 1194 
HIT Ratio 0.706† 0.254 0.752 0.725 0.225† 2.665 

LCS HIT 23 62 498 555 64 1202 
HIT Ratio 0.338 0.254 0.779 0.745 0.224 2.341 

LCR HIT 22 66 498 555 73 1214 
HIT Ratio 0.324 0.270 0.779 0.745 0.256 2.374 

DWCF HIT 42 183 498 555 72 1350 
HIT Ratio 0.618† 0.750† 0.779† 0.745† 0.253† 3.145 

 

 
Fig. 3. Accumulated HIT accuracy graph 

 
DWCF is the combination of DISTINCT and one of the baseline models, 

PEARSON, since it exploits the Distinctness feature as weights on the conventional 
CF method. The performances of DWCF for 1 and 5 are as good as DISTINCT and 
for 2, 3, and 4 are more superb than PEARSON. This implies that DWCF mutually 
adopts both strengths from DISTINCT and PEARSON. A clear summarization of the 
above statements is given in Figure 3 as it indicates how much each method generates 
HIT prediction for target ratings. In Figure 3, the methods COSINE and PEARSON 
fail to predict the target rating 1 and 2, while DWCF yields the much better predic-
tions in the target ratings. Again, as DWCF is the hybrid technique based upon 



PEARSON, it also shows a robust performance in predicting the major ratings such as 
3 and 4 like PEARSON does. 

4.3 Impact of Parameter for Selecting Neighbors 

Previously we introduced a parameter k in order to choose the size of similar neigh-
bors for a certain user. It has been believed that the parameter plays a vital role to 
generate precise recommendations [11]. If the value of k is too small, some of the 
neighbors’ ratings that match with the current user might be completely overlooked. 
On the other hand, if the value of k is too large, the ratings of users who have strongly 
the opposite tendency against the user might be potentially regarded for prediction. To 
evaluate the impact of the parameter, we observe the MAE, RMSE, NDCG at 5 and 
NDCG at 10 results by slowly increasing the parameter from 0.1 to 1.0. Note that the 
value of 1.0 indicates that all users are used as neighbors. Meanwhile, the value of 0.1 
indicates that, after sorting all users in a descending order of each similarity method: 
COSINE, PEARSON, and DWCF, top 10 percent of the users are chosen to be a set 
of neighbors with the target user.   

 
(a) 

 
(b) 

Fig. 4. Parameter k graph on (a) MAE and (b) RMSE 

 
(a) 

 
(b) 

Fig. 5. Parameter k graph on NDCG at (a) 5 and (b) 10 

Figure 4 and Figure 5 present the effect of varying the parameter k. In specific, the 
MAE performance for each k is shown in Figure 4 (a), the RMSE performance is 



given in Figure 4 (b), and the NDCG performance is given in Figure 5. In terms of 
DWCF, we observe that the overall performance for each metric peaks approximately 
between 0.4 and 0.5, gradually decreasing afterwards. On the other hand, PEARSON 
and COSINE show lower performances than DWCF except for few cases. Although 
the performance varies depending on the value of k, we still can observe that the best 
value for DWCF presents the best performance compared to the best cases of the 
compared methods. Another observation is that each method peaks at different k and 
thus, we set the parameter to its best performing value in accordance with the method 
chosen for our experiment. 

5 Conclusion and Future Work 

The goal of this paper is to suggest a new collaborative filtering method for content 
recommender systems. To achieve this goal, we have presented a novel measure, 
Distinctness, to estimate unique and distinct ratings that do not follow major trends. 
Using Distinctness, we have developed four CF approaches: DISTINCT, LCS, LCR, 
and DWCF. Following the proposed approaches, similarity and predicted ratings have 
been computed while considering the degree of Distinctness. Throughout our experi-
ment, we have showed that our models effectively utilize data and clearly outperform 
comparable models. Especially, by exploiting the concept of HIT and HIT Ratio, we 
have detailed an investigation of superior results from DWCF. 

Our study needs further work. We will have to apply classification of users on the 
basis of analyzing rating patterns. We assume that there might be different types of 
users in terms of ways of reacting to external influences according to rating times and 
experiences. In our experiment, we have chosen only common users who have a cer-
tain range of rating times, to avoid cases of the cold-start problem and unusual rating 
behaviors. Additionally, in order to focus on discovering the distinctness information 
and validating this new feature for the first time, we have used easily computable 
algorithms as the baselines. Based on improvements from the distinctness feature 
proposed in this study, we believe that it is also worthwhile to incorporate sophisticat-
ed algorithms like Matrix Factorization approach into this feature in future. Despite 
the need for the further work, the proposed methods show the promising potential of 
Distinctness to improve the overall performance of recommendation results.  
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