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There is a growing interest in the offering of novel alternative choices to users of 

recommender systems. These recommendations should match the target query while at the 

same time they should be diverse with each other in order to provide useful alternatives to 

the user, i.e. novel recommendations. In this paper, the problem of extracting novel 

recommendations, under the similarity-diversity trade-off, is modeled as a facility location 

problem. We formulate this trade-off as a multiple p-median problem solved by using 

biclustering. The results from tests in the benchmark Travel Case Base were satisfactory 

when compared to well-known recommender techniques, in terms of both similarity and 

diversity. Moreover, the experimental tests have shown that the proposed method is 

flexible enough, since a parameter of the adopted facility location model constitutes a 

regulator for the trade-off between similarity and diversity. 

Keywords: Recommender Systems; similarity-diversity trade-off; facility location model; 

biclustering. 

 

 
1. Introduction 

The development of the Internet has resulted in an overload of data and users often 

find it difficult to extract information that best corresponds to their preferences or 

needs. Thus, recommender systems became part of life since they can manage and 

process the available information in order to filter the redundant part and extract 

useful knowledge (Perugini et al., 2004). Their applications can be found in different 

aspects of everyday life such as health (Trang Tran et al., 2017), music (Chen & 

Chen, 2005), movies (Golbeck, 2006), travel (Fesenmaier et al., 2003; Shih et al., 

2011), news (H. J. Lee & Park, 2007), e-learning (Bobadilla et al., 2009) etc. 

There are some major types of recommender systems that have been studied in the 

literature, such as the content-based systems (CBS), the collaborative filtering 

approaches (CF), the knowledge-based (KBS) systems, as well as hybrid approaches. 

Case-based recommender systems that are studied in this paper constitute a sub-class 

of knowledge-based systems (KBS). In a case-based recommender system, the user 

inserts a query and the system, based on a similarity measure, tries to match the query 

to the already recorded cases that exist in the Case Base. 
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It is a current trend that the recommendations provided to the user have to be quite 

similar to the inserted query, but also they have to be different to each other in order 

to offer diverse options to the user (Hurley & Zhang, 2011; Smyth & McClave, 2001; 

Zhou et al., 2010; Ziegler et al., 2005), since users may get bored after receiving 

many recommended objects under the same topic. However, the most common 

problem in the study of recommender systems, is the trade-off between similarity and 

diversity. 

In this work, we apply a facility location model to improve the similarity-diversity 

trade-off in recommender systems. Our work can broaden the perspectives of the 

interaction and combination of different scientific fields in order to achieve the best 

possible results. We evaluate the proposed approach by using a benchmark 

recommender system that offers alternative choices in order to propose diverse travel 

recommendation plans to users, by selecting a specific number of cases from the Case 

Base that match the user’s requirements and preferences expressed in the target query. 

An important characteristic of the proposed approach is that a specific parameter of 

the facility location model constitutes a regulator for the trade-off between similarity 

and diversity of the recommendation set. 

 
 

2. Background 

 

Most works in the literature related to diversity enhancement in recommendation lists 

refer to collaborative filtering approaches rather than to case-based approaches. Such 

approaches can be found in the papers of Abbassi et al. (2013), Adomavicius & Kwon 

(2012), Aytekin & Karakaya (2014), Boim et al. (2011), Choi & Han (2010), Zhang 

& Hurley (2008) and Ziegler et al. (2005). The common problem in recommendation 

strategies is the trade-off between similarity and diversity. The trade-off between 

diversity and similarity for case-based recommender systems has been studied much 

less than for collaborative filtering approaches. This is one of the reasons that 

motivated our research in this topic. However, it should be mentioned that there are 

some research works related to this trade-off in case-based recommender systems 

(Bradley & Smyth (2001); Hurley & Zhang, 2011; McSherry, 2002; Smyth & 

McClave, 2001). 

 

 

2.1 The P-median Problem (PMP) 

 

In this subsection, we give a brief overview of a well-known facility location  

problem, the 𝑝-median problem, which was introduced by Hakimi (1964). It consists 

of locating 𝑝 facilities that serve a given set of demand points such that the total 

distance between demand points and facilities is minimized. 

Since the PMP is NP-hard (Kariv & Hakimi, 1979), exact methods can be used 

efficiently for smaller instances. However, for larger instances, e.g. including 1000 

nodes, exact methods become inefficient and heuristic approaches have been proposed 
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by providing solutions slightly inferior to the optimal ones in much less computational 

time than the exact methods. The first formulation of the problem as a zero-one 

programming problem can be found in the paper of ReVelle & Swain (1970).  

Since uncertainty is inherent in most real life applications, there is often a 

possibility that each facility may fail and may not be able to satisfy the given demand 

due to weather, labor actions, electricity problems and other factors. In Panteli et al. 

(2019), an extension of the original p-median problem, the multiple p-median 

problem (MPMP), was solved. This problem focuses on the possibility of service of 

a demand point more than one times, expressed by a parameter (𝑚𝑐).  

The objective of the problem is to select 𝑝 facilities represented by columns in 

order to serve each demand point at least 𝑚𝑐 times, each time from a different facility. 

The facilities have to be selected in such a way that the total distance between demand 

points and facilities is the minimum possible. The decision variables of the problems 

have to be defined at first:  

 

1, if demand point j is served by a facility located at site i

0, otherwiseijx   

1, if a facility is located at candidate site i

0, otherwiseiy 
 

 

 

Thus, the formulation of the MPMP is the following: 
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The adopted heuristic algorithm for the MPMP takes as input a Boolean data 

matrix 𝐷(𝑅, 𝐶). Cell values of 𝐷(𝑅, 𝐶) represent the weight (e.g. distance) between 

specific demand points (represented by rows) and facilities (represented by columns).  

In this paper, we broaden the perspectives of applications of the MPMP since the 

backup option does not represent only the notion of facility failure in covering the 

demand but also it represents the notion of multiple options. Thus, it represents the 

alternative choices which are recommended to the user by a recommender system. 

These alternatives have to match the target query’s characteristics and at the same 



4  

time have to be diverse with each other, in order to constitute useful alternatives to the 

user, i.e. novel recommendations. 

The multiple p-median facility location problem can be applied to recommender 

systems in order to offer multiple case recommendations to the user, exploiting the 

parameter (𝑚𝑐) which refers to the number of times that a demand point should be 

served. The recommendation set presents higher or lower diversity and similarity 

ratios based on the values of the parameter 𝑚𝑐. 

 

3. Experimental Results 

 

In order to evaluate the proposed methodology, we used the standard benchmark case 

library for recommender systems, the Travel Case Base which contains categorical 

and numerical data. This case base has been appropriately transformed in order to be 

used by the adopted method for solving the MPMP model. 

Table 1 presents the experimental results of the application of the multiple p- 

median model to recommender systems. The similarity and diversity ratio are 

calculated as in Smyth & McClave (2001). 

The Travel Case Base contains 1024 cases but no real user queries. Thus, we used 

for our experiments the leave-one-out method to obtain queries.  

 
TABLE 1  Experimental Results 

 

mc p Diversity Similarity 
Similarity to Diversity 

Ratio 

3 5 0.33783 0.73169 2.166 

4 5 0.31407 0.73295 2.334 

5 5 0.25923 0.73321 2.828 

3 10 0.36108 0.70065 1.940 

5 10 0.35329 0.70068 1.983 

7 10 0.33663 0.69950 2.078 

10 10 0.30170 0.69990 2.320 

5 15 0.37412 0.67896 1.815 

10 15 0.35160 0.66820 1.900 

15 15 0.34350 0.66370 1.932 

5 20 0.42599 0.63301 1.486 

10 20 0.40553 0.63494 1.566 

20 20 0.38848 0.62245 1.602 

 

 

5.1. Comparison with other methods 

 

Table 2 presents the results of the proposed method with respect to the alternative 

diversity-preserving techniques in literature. 
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TABLE 2 Effectiveness of the proposed method with respect to alternative techniques in 

literature 

   

Standard 

 
Bounded 

Greedy 

 

Random 

 

Greedy 

Proposed 

Method 

(Leave-One- 

Out) 

Proposed 

Method 

(400 

Queries) 

  S BG R G PM PM 

p=5 
Similarity 0.78 0.753 0.748 0.7 0.73169 0.69 

Diversity 0.289 0.375 0.326 0.458 0.33783 0.41 

 

 

 

4. Conclusions 

The application of a facility location model to recommender systems provides 

effectiveness and flexibility in terms of similarity of the recommending set when 

compared to the target query and diversity between the recommended cases with each 

other. The 𝑚𝑐 parameter constitutes a regulator for the trade-off between similarity 

and diversity of the recommendation set. Moreover, the proposed approach performs 

well when compared to the alternative diversity preserving techniques, while at the 

same time it exhibits very fast computation times with respect to these approaches. 
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