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Recommender Systems are a predictive model for personalized suggestions utilizing past interactions
and experiences. Collaborative filtering is the most popular and successful approach. The core idea
behind this approach is that the users expressing similar preferences in the past are considered similar
and will continue to like similar recommendations in future. The similarity among the items between
past and future references, however, affects diversity and coverage of the recommendation system. In this
work, we focus on a less usual direction for recommendation systems by increasing the probability of
retrieving unusual and novel items in the recommendation list, which are, or can be, also relevant to
the users. Most of prevailing techniques for incorporating diversity are based on re-ranking methodology,
which shrinks the domain of user’s exposure to serendipitous items. To overcome this issue, we propose a
methodology Clus-DR (Cluster-based Diversity Recommendation) that uses individual diversity of users
and then pre-trained model for diverse recommendation generation. Instead of relying on re-ranking
approach, we use different clustering techniques to have different groups of users with similar diversity.
Experimental results using datasets of diverse domains indicate the effectiveness of the proposed
Clus-DR methodology in diversity and coverage while maintaining acceptable level of accuracy.
� 2022 The Authors. Published by Elsevier B.V. on behalf of King Saud University. This is an open access

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Nowadays, users have access to extensive collections of items
from a wide variety of sources and devices that can be used from
anywhere and at any time because of the easy availability and easy
accessibility. With the emergence of many web and mobile appli-
cations like Amazon, Netflix, Pandora, Spotify, and Amazon Music,
Goodbooks, the use of recommender systems have facilitated both
the users and vendors alike and increased the business tremen-
dously in the last decade (Beel et al., 2016; Tavares and Collares,
2020). Early approaches for building Recommender Systems (RS)
were largely based on selecting a relevant and accurate item to
the user based on their past interaction with the system. There
are very well-known and popular techniques used for recom-
mender systems based on Collaborative Filtering (CF), Content-
Based Filtering (CBF), hybrid methods, and network-based
methods that are mainly used to predict ratings of non-rated items
for a user or a set of users (Ricci et al., 2011; Portugal et al., 2018;
Abdollahi and Nasraoui, 2018). Performance evaluation of these
approaches is typically done based on their ability to predict
accurate user-item interactions. In other words, the evaluation
set-up and, thus recommender systems are accuracy-centric. How-
ever, focus only on relevant and accurate items on a collaborative
basis often leads to recommendations too evident and less inter-
esting, and it may, over time, make user interaction with the sys-
tem monotonous. Introducing diversity is a way out of this
problem, which was introduced in 2001 by Bradley and Smyth
(2001). Therefore, the introduction of diversity offers a lot of
potential for enriching the experience from recommendation sys-
tems. A number of research works were motivated by the work
of Bradley and Smyth to introduce different algorithms for diversi-
fication of results in a recommender system (Bradley and Smyth,
2001; Adomavicius and Kwon, 2011; Karakaya and Aytekin, 2018).
Most methods that aim to improve the recommendation diversity
consider diversity optimization as a post-processing step regardless
of the recommendation generation model. At first, recommendations
are generated for each user. The list is then shortened and modified
with some re-ranking and intent-based methods that consider the
user’s intent and item diversity (Adomavicius and Kwon, 2011;
Ziegler et al., 2005; Wasilewski and Hurley, 2017).

Motivation- In the above works, the primary goal of the recom-
mender systems is considered to provide diverse recommenda-
tions to users with highly unique or personalized items. One
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major drawback of these approaches is the coverage of the dataset
in hand. If an algorithm recommends items from a specific domain,
then it will re-rank items within that list, so exploring a broad
domain is impossible (Kaminskas and Bridge, 2016). In CF based
algorithms, a recommendation list is generated from the user’s
past interaction history and like-minded users’ history. For exam-
ple, suppose a target user has restricted herself to only comedy
and horror movies, and her similar users’ movie genres are comedy
and action. In that case, the recommendation to the target user is
also generated from all the genres involving both the target user
and her collaborators. This means that existing re-ranking algo-
rithms can cover horror, action, and comedy domains and not
the other domains present in the dataset. We believe that diversity
is a personal requirement, and therefore, optimal diversity can vary
for each user based on their past interaction data. It can be justified
with an example. Suppose there are two users in a system. While
the first user restrictively prefers only classical music, the other
is interested in all kinds of music (including classical). The first
one has less diversity, while the second one’s taste is more diverse.
Most of the existing recommendation techniques do not consider
this personal preference of diversity. Even if they address diversity,
they consider during post-processing and at the macro-level taking
into account all the users together. But we argue that it should be
considered much before during recommendation, and at the indi-
vidual user level. We also strongly feel that it is important to bal-
ance accuracy and diversity during recommendations. We
therefore, calculate Individual Diversity Score (IDS) and use it at
the core of our recommendation generation algorithm.

Contribution- In this paper, we propose a model named
Cluster-based Diversity Recommendation (Clus-DR) that uses Indi-
vidual Diversity Score (IDS) and Item Feature Score (IFS) as two
decisive criteria for recommendation generation based on collabo-
rative filtering models. The novelty of our proposed approach lies
in presenting a unified matrix factorization model, utilizing meta-
data and rating information, and considering users’ personalized
diversification in rating prediction. The primary goal of the pro-
posed approach is to train the model for the automatic diverse rec-
ommendation generation for the target user. The key objective of
this approach is to train the model to provide a diverse recommen-
dation while keeping each user’s diversification level in mind using
their past interaction history and using feature information of
items rated by the users. We propose IDS and IFS scores for each
user. The IFS score considers item-feature information that each
item is associated with. E.g., for movies or music data, it can be
genre information, and for books data, it can be user-defined tags
information like good, bad, average etc. The concept behind this
IFS score is to generate a score for each user based on the user-
feature matrix. The user-feature matrix is generated using the
user-item interaction matrix and item-feature matrix. The user-
feature matrix contains the entry of IFS score. The IFS score is the
ratio of the number of total features used by the user in their past
preferences and the total number of unique features present in the
dataset. Both IDS and IFS are real numbers between 0 and 1 and
constant for a given user.

This research contributes to using personalized diversity scores
and item feature scores of each user for users clustering. To the
best of the authors’ knowledge, this is the first work that includes
personalized user diversity in collaborative filtering models for
diverse recommendation generation. IDS and IFS capture two
aspects of individual user’s diversity level and are used for cluster-
ing the users. Such clustering increase the model’s ability to find a
diverse set of items for users. However, in most approaches, accu-
racy and diversity have an inverse relation, i.e., diversity will
decrease for the accurate recommendation. Any attempt to
increase the diversity of the recommendations list for each user
will undoubtedly reduce their model accuracy. This may be seen
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as a problem with using accuracy (or similar personalized
preference-based metrics) as the main metric. Conceivably we
need better metrics for evaluating diversity in the context of accu-
racy. In the absence of that, apart from accuracy, we also validate
our results by reporting on various evaluation metrics commonly
used for recommendation systems. The principal contributions of
the paper are as follows.

� We propose individual diversity score (IDS) and individual fea-
ture score (IFS) for each user which are calculated from users’
past preferences. These two scores work as two decisive criteria
for each user’s diversity inclusion in their recommendation list.
� Next, we include a cluster-based algorithm to group users. The
basic strategy for user clustering is to quantify more diverse
users using their past interaction history. We used two cluster-
ing strategies for users: (1) individual diversity of the user and
(2) using a content feature of the item.
� Our proposed Clus-DR model involves a tunable hyper-
parameter (ILD-Score) that users can use to adjust the diversity
levels of their recommendations list. The goal of model training
for target users with more aggregate diversity is to include
interaction domains among diverse users so that the explo-
ration domain of the target user is increased.
� We also present an extensive experiments on three real-world
datasets to demonstrate our Clus-DR model effectiveness with
various baseline algorithms for diversification in the recom-
mendation system.

2. Related work

We find that the related research done so far can be seen from
two viewpoints: i) recommendation generation and ii) personal-
ized diversification for users. While very little systematic research
are available on diversity, a number of studies in machine learning,
deep learning, and other related applications are highly relevant
and they inspire us to incorporate diversity in a recommendation
system. We consider to study diversity in the CF-based recom-
mender systems. We, therefore, consider the related work on var-
ious collaborative filtering approaches, and then on diversity in
recommender system.

2.1. Collaborative filtering

In the early 1990s, collaborative filtering began to arise as a
solution for a recommender system. In collaborative filtering, the
prediction step is to generate a relevance score for the items for
which the system does not have any precise information about
user preferences. We consider three representative and most suit-
able algorithms for our evaluations. The idea behind this proposal
is to reduce the user-item interaction matrix into low dimensional
latent space, from which we find a d-dimensional matrix. Advan-
tage of this approach is that it takes less computation time than
the original user-item interaction matrix. Another variant of matrix
factorization technique is SVD (Singular Value Decomposition).
SVD is a prominent algorithm in information retrieval for the iden-
tification of latent semantics (Ranjan et al., 2019). Another modifi-
cation of the matrix factorization approach is SVD++, where
implicit feedback is included for better accuracy and predictions.
Earlier in SVD, implicit feedback was absent, so data sparsity prob-
lem arose, but in SVD++, the inclusion of implicit feedback solves
this problem (Jia et al., 2014).

However, it may be claimed that both matrix factorization and
SVD suffer from the over-fitting problem (Koren et al., 2009), so
another variant of matrix factorization is used, like regularized ker-
nel matrix factorization and non-negative matrix factorization
(NNMF), which can avoid the issue efficiently. NNMF is used to
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extract latent vectors from non-negative large sparse matrices
using an intrinsically non-negative latent factor model (Luo et al.,
2016; Bobadilla et al., 2017). The CF-based techniques cannot give
recommendations for the real-time user, so a Reinforcement Learn-
ing (RL) based technique has been introduced in the recommender
system to overcome these issues.

Chen et al. (2019) proposed a method based on RL to overcome
the inconsistency between the continuous action representation
using the tree-based policy gradient (TPGR) method. Choi et al.
(2018) proposed a method for an RL-based recommender system
using the bi-clustering technique. They use the Markov-decision
process (MDP) and the RL technique to solve the large space dis-
crete action problem in the recommender system. Chen et al.
(2020a) proposed an approach for itinerary planning. They used
the RL technique to model recommendations for an itinerary
where users will enter their beginning and end destination with
budget constraints.

They formulate route recommendation problems using MDP
and variational agents optimized through a deep Q-learning algo-
rithm. Ie et al. (2019) proposed an approach for a slate recommen-
dation system using Q-learning. In a slate-based recommender
system, recommended items are selected from an extensive collec-
tion of items and ranked basis user behavior and interests. The
model is based on MDP and Q-learning, where Deep Q Network
with experience replay is used to learn these Q-values. Liu et al.
(2018) proposed an approach for a slate recommendation system
using Q-learning. In a slate-based recommender system, recom-
mended items are selected from an extensive collection of items
and ranked basis user behavior and interests. The model is based
on MDP and Q-learning, where Deep Q Network with experience
replay is used to learn these Q-values.

2.2. Diversity in recommender system

As mentioned above, this study is a go-between of two research
areas on the use of diversity in the collaborative filtering models in
recommendation generation. In this section, studies related to
diversity have been reviewed for recommender systems. Here,
we first discuss the various definitions of diversity and multiple
algorithms to increase diversification in the recommendation sys-
tem. Subsequently, we also review numerous metrics for measur-
ing the diversity of recommendations.

2.2.1. Definitions and diversity metrics
Diversity was first introduced in IR (Information Retrieval). In

IR, it has been noted that the retrieved document is influenced
by the document similarity with another document as well as with
the query posted by the user. Suppose a user searches for ‘apple’,
the term apple may refer to an fruit or an electronics brand. If there
were not much information to disambiguate the user’s interest for
a respective search, then at that point the diversity plays a signif-
icant role by suggesting both the items at the same time. Ziegler
et al. (2005) define diversity as intra-list dis-similarity metric.
Diversity in the recommendation system refers to individual diver-
sity and aggregate diversity. Individual diversity aims to maximize
the coverage and diversity for each user individually. Individual
diversity measure is defined as topic coverage as well as a- nDCG
(variant of Normalised Discounted Cumulative Gain). Vargas
(2014) proposed an approach for diversity that uses the intent as
users requirement. They proposed a measure for diversity, which
includes ambiguity, diversity, redundancy, and novelty into a sin-
gle action. Lathia et al. (2010) define individual diversity using
temporal information of users because the data changes over time
as users behavior towards their preferences. Castells et al. (2015)
define diversity as a product of items relevance, similarity value,
and rank in the recommendation list. Fleder and Hosanagar
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(2009) also use diversity to assess the effect of the recommender
system in sales diversity. The authors only focused to provide
diversity for a specific domain in terms of sales diversity. Some
recent research in diversity includes the personalized diversity
measure as an algorithm basically for long-tail item recommenda-
tion (Yadav et al., 2019).

2.3. Recent work on diversity in recommendation systems

Diversity in recommendation system has mostly been seen as a
post-processing procedure by many researchers (Anelli et al.,
2021; Wasilewski and Hurley, 2017; Hamedani and Kaedi, 2019;
Hu et al., 2017; Kyriakidi et al., 2017; Abdollahpouri et al., 2021).
Here we discuss some recent and promising approaches for diver-
sity in the recommendation system. Apart from the greedy re-
ranking algorithm, intent-Aware Diversification is used in recom-
mendation systems to re-rank the recommendation list using var-
ious aspects of users. These aspects can be defined explicitly or
implicitly. Implicit aspects can be derived from the user’s history,
like latent factors, and explicit aspects are a set of features that
are used as a description for items and users. These are some
machine learning-based approaches. Apart from these, some deep
learning approaches are also used for diversity awareness in the
recommender system. Esmeli et al. (2019) proposed a session-
based personalization for diverse recommendation. Diversity was
included in the recommendation list by adding items that depend
on the diversity level of the last interacted item of the session. Sim-
ilarly Hu et al. (2017) also proposed a deep learning model for a
session-based recommender system that uses the context informa-
tion to personalized diversity. This approach is also a rearranging
approach which re-rank the recommendation list using the rele-
vance of users to the item based on some given context. Apart from
single context consideration in RS, many authors incorporated
multiple aspects in improving diversity in the recommendation.
Oliveira et al. proposed a multiobjective method for diversity and
accuracy consideration, which includes content information like
contemporaneity, gender, genre, and locality. The multiobjective
optimization is achieved using Pareto optimality (Oliveira et al.,
2017). Nassife et al. proposed a diversification method in music
recommendation using the Jaccard swap diversity and submodular
diversity optimization method (Nassif et al., 2018). Volokhin et al.
proposed a diversity infused recommendation model based on
users intent. The user’s intent is obtained from a survey and used
as a context value for music recommendations (Volokhin and
Agichtein, 2018). He et al. proposed multi-source subtopics, a
framework for subtopic modeling that uses a random walk-based
approach to estimate the similarity between subtopics extracted
from multiple Web sources and then regularize the similarity rela-
tions to construct document content (He et al., 2012). Recent works
are using the traditional approach for a recommender system. Su
et al. (2013) propose a set-oriented framework for diversity using
a matrix-factorization method based on users context information
explicitly for acquiring personalized diversity. Wang et al. (2016)
included personalized diversity using the similarity network for
better user influence on the recommender system. This approach
connects the similarity function and bipartite graph to improve
the resource-allocation process using a similarity network. Chen
et al. (2020b) proposed a deep learning approach for diversifica-
tion. They used a sequential recommendation model with intent
mining for diversity enhancement. The method uses an implicit
intent mining approach to mine user intent automatically. Another
concept introduced in recommendation system for diversity using
a machine learning algorithm, is called DPP (Determinantal Point
Process). DPP is a complementary and encouraging approach used
as a probabilistic model for the negative correlation, sampling, con-
ditioning, marginalization, and many other inference tasks.
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Wilhelm et al. (2018) included the DPP process in their work for
YouTube video recommendation. DPP is a naive approach for learn-
ing diversity without using any side information, so the computa-
tional cost of this model grows exponentially because possible sets
of items also increase exponentially.

2.4. Diversity trends in recommendation system

In recent years lots of research work based on temporal dynam-
ics in recommender systems have been proposed. In these works,
most of the research focuses on adding temporal dynamics of the
users and their interaction with the item. Another trend in recom-
mendation is to include multiple aspects of users and items in rec-
ommendation generation. In a recommendation system, the user’s
interests may change during the time. Recently, lots of studies have
been performed that included the users temporal dynamics infor-
mation. At the very early stage, Lathia et al. (2010) proposed an
approach for temporal diversity measure and their impact on the
recommendation. They offered a standard for temporal diversity
based on users surveys for different time span. Wang et al.
(2019) proposed an approach for repeat consumption of items that
consider the users temporal dynamics. They offered a model based
on Hawkes Process into Collaborative Filtering considering long
and short-term effects. Ma et al. (2020) proposed an approach
named HRNN-meta based on contextual features of users and
items with varying time effects. The model is based on the
session-based matrix factorization approach, which considers tem-
poral orders of events, contextual features, and metadata about
items. You et al. (2019) proposed an approach HierTCN for sequen-
tial multi-session interactions with items based on a temporal con-
volution network utilizing both the long-term and the short-term
interactions within sessions to predict the next interaction.
Najafipour et al. (2020) proposed an approach based on a neural
network that generated the sub-graph from the short micro blog
text. This approach calculated a relevance score between two users
as an edge weight for community detection among users. We also
summarize related work in the Table 1.

2.5. Diversification algorithms: baseline

In this section we discuss the diversification algorithm that we
use as part of a comparative analysis with some accuracy centric
Table 1
Summary of literature review.

Ref Category Approach Description

Ribeiro et al.
(2012)

Machine
learning

Reranking
method

They proposed a relevance sc
a joint model that includes t
generation.

Hurley (2013) Machine
learning

Reranking
Method

Proposed a pairwise rerankin
that includes item dissimilar

Su et al. (2013) Machine
learning

Reranking
method

Proposed a pairwise rerankin
item sets and comparing eac

Xie et al. (2021) Graph Neural
Network

Reranking
method

The model builds a heteroge
graph attention network for
and the ranking module mor

Anderson et al.
(2020)

Deep Learning Classification They proposed a method to
specialist. They investigate h

Karako and
Manggala
(2018)

Deep Learning Reranking
method

They proposed a method to
method using the user’s dem
fairness in the recommendat

Abdollahpouri
et al. (2019)

Machine
learning

Reranking
method

They proposed a model xQuA
control of popularity bias in

Sonboli et al.
(2020)

Deep Learning Multi-aspect This work is used to find out
temporal context (time, day,

Najafipour et al.,
2020

Deep Learning Multi-aspect
re-ranking

They proposed a re-ranking a
across multiple fairness dim
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approaches. Greedy Re-ranking Approach is used as a post-
processing step to improve diversity in the recommender system.
The underlying assumption for this approach is that it takes a con-
ventional recommender system to generate a prediction score and
generate a recommendation list. Using the Greedy Re-rank algo-
rithm, we explicitly re-rank the items in the recommendation list
based on the dissimilarity value. Ziegler and Cai-Nicolas proposed
the greedy re-rank algorithm in 2005 (Ziegler et al., 2005). Next
approach is xQuAD (Explicit Query Aspect Diversification) pro-
posed by Abdollahpouri et al. (2019) and Abdollahpouri et al.
(2021) uses the personalized diversification to improve the recom-
mendation and reduce the popularity bias. They use the concept of
re-ranking the recommendation list using a sub-profile aware
diversification method with accuracy and diversity at the same
time. In addition to this, for better diversity, they included the rel-
evance for long tail and short head using marginal likelihood over
both categories for each user. Another diversity-centric baseline for
our model is Maximal Marginal Relevance (MMR) which is a con-
cept used in the Information Retrieval process to re-rank docu-
ments based on the query relevance. MMR attempts to reduce
the redundancy of the retrieved documents and increase the diver-
sity of the documents (Carbonell and Goldstein, 1998). The goal of
this proposed algorithm is to maximize the objective function
which is used to balance the trade-off between accuracy and diver-
sity using a single function.

3. Problem description

Let us have a set of users U ¼ fu1; u2; u3 . . .umg and a set of items
I ¼ fi1; i2; i3 . . . ing and we have set of item features
F ¼ ff 1; f 2; f 3 . . . f kg. Therefore we have a user-item interaction
matrix R of size m� n and item-feature matrix of size ðn� kÞ. In
interaction matrix each user has rated some items, the rating for
item i by user u is rui, the rating value ranges between integer value
1 to 5 (5 being the best and 1 the worst). The item feature matrix S
is a binary matrix, the entry ðsikÞ is either 1 if item i has feature k
else 0 (item I does not have feature k).

Given the interaction matrix Rm�n, item-feature matrix Sn�k, we
generate user-feature matrix ðGm�kÞ. For a set of target users, the
goal of our proposed model is to predict the ratings of all the
non-rated items for the target users and recommend top-N items
for each of the target users.
ore, a combination of accuracy, diversity, and novelty. Then used this score within
hree variants of the matrix factorization approach for diverse recommendation

g model that learns user and item factors by minimizing an objective function
ity irrespective of recommendation list size.
g model that works on item set level. Training data is prepared based on pairs of
h pair of item sets using both relevance and diversity criteria.
neous preference network to record user preferences and uses a heterogeneous
node aggregation. Two different stages matching stage concentrate on accuracy,
e concentrate on diversity.
quantify users based on their music consumption diversity, i.e., generalist and
ow algorithmic recommendations relate to consumption diversity.
fairness-aware variation of the Maximal Marginal Relevance (MMR) reranking
ographic information. They used a pre-trained CNN model with MMR to obtain
ion.
D based on the re-ranking method for long-tail items. The model is used for the
the recommendation system.
the subgraph of a similar author for the target author using multiple aspects like
etc.), short text (tweets).
pproach to a fairness-aware recommendation that learns individual preferences
ensions for users (gender, sector, rate, etc.) to provide a fair recommendation.



Fig. 2. Flow-chart of the proposed Clus-DR recommendation model.
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4. Proposed methodology

This section presents the overall architecture and operational
methodology of our proposed Clus-DR model (Fig. 1). We use
two inputs: a user-item interaction matrix (Rm�n), and item-
feature matrix (Sn�k). While Rm�n can be readily used, Sn�k needs
to be processed to transform to a user-feature matrix.

The workflow of our proposed Clus-DR model can be divided
into three parts. First, individual diversity calculation and item fea-
ture score calculation for the user; second, clustering of users
based on item features and individual user’s diversity score; and
third, training our model using Non-Negative Matrix Factorization
(NNMF) technique to generate a diverse recommendation. Apart
from NNMF, we also evaluate our model performance for SVD
and SVDpp algorithms. Our goal is to exhibit the personalized
diversity that should be included in the recommendation system
before rating prediction. The flow chart of the proposed Clus-DR
model is shown in the Fig. 2. The overall architecture of our pro-
posed methodology is divided into two parts online and offline
part. The online part contains input where we calculate IDS and
IFS scores. These scores will update whenever a new user and item
are introduced in the system, and in the offline part, we train these
input information for recommendation generation.

4.1. Individual diversity score for user

We describe here an attempt to quantify the user’s need for
diversity. Every user has different preferences in their daily life.
For example, in the movie domain users have different choices in
terms of artists, genres etc. We factor in this user-specific prefer-
ences for diversity into our model and introduce an Individual
Diversity Score (IDS) for users, representing how a user liked diver-
sity in her past preferences. This diversity score of an user is used
as a minimum threshold for diversification of our recommenda-
tion. We define the diversity in terms of cosine similarity. The sim-
ilarity between items will be calculated using the Eq. (2). The
average dissimilarity between items rated by user u is considered
as the individual diversity score for the user u. In Eq. (1), diversity
is calculated for the user u, where ij and ik are two different items
rated by user u from their past interacted item list of size n.

IDSðuÞ ¼ 1
nðn� 1Þ

Xn
j¼1

Xn
k¼1ðj–kÞ

ð1� simðij; ikÞÞ ð1Þ
Fig. 1. Architecture of the proposed C
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similarityðij; ikÞ ¼
Pm

p¼1rpj:rpkffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPm
p¼1ðrpjÞ2:

Pm
p¼1ðrpkÞ2

q ð2Þ

In Eq. (2) we calculate a cosine similarity between two items ij
and ik rated by user u where rpj and rpk are the ratings for item ij
and ik by user p and m is the number of users present in the data-
set. IDS(u) is calculated for each user and is termed as individual
diversity score for user u. We consider IDS(u) as a threshold for
the user u, which decide the user u’s minimum diversity level.

4.2. Item feature score for user

In users item selection, items features information also plays a
significant role. Users often select items based on their content
lus-DR recommendation model.
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information like genre, year, artist, etc. So we argue that item fea-
ture information will also be a decisive criterion in diversity
enhancement in the recommendation system. We propose an item
feature score for each user based on this assumption. Here in our
proposed algorithm, we use genre information of movies and
music and tags information of books to calculate a feature score
for each user, which defines each user’s preference for a
particularized genre. For generalization apart from genre score,
we can also use other content information of items like in music
domain, artists, genre, language, etc. We use MovieLens, LastFM,
and Goodbooks datasets, where each movie has at least two gen-
res, and in LastFM and Goodbooks, we use the tag information of
each artist to calculate the feature score. The tags are the user-
defined tags/shelves/genres in each artist/book dataset. In other
terms, we encode the item’s metadata information for clustering
of users.

ItemFeatureSourceðuÞ is calculated for each user based on a por-
tion of particular user interaction information. Let user u has rated
n1 items from a complete set of n items (n1 <¼ n). The calculation
ItemFeatureSourceðuÞ is calculated as follows-

Item Feature Source ðuÞ ¼
Pn1

j¼1
PQ

k¼1Gðij; f kÞPn
j¼1

PQ
k¼1Gðij; f kÞ

ð3Þ

Here in Eq. (3) we calculate ItemFeatureSourceðuÞ for user u. where
function Gðij; f kÞ is a boolean function defined as follows-

Gðij; f kÞ ¼
1; if ij has feature f k
0; otherwise

�
ð4Þ

and f 1; f 2; . . . f Q represents a set of Q distinct features (genre) and
j 2 f1; . . . ;ng where n is total number of items present in the
dataset.

4.3. Clustering algorithm

The second step of our proposed algorithm is the clustering of
users based on IDS and IFS. In our proposed algorithm, clustering
is performed using two different techniques:

1. Clustering is first performed using IFS
2. Clustering is also performed using IDS.

The flexibility of our approach is that we can use any feature
information apart from genre value and use any unsupervised clus-
tering algorithm. First clustering is performed using the feature
information of an item, i.e., the genre information of the movie
and second clustering is performed using individual diversity of a
user. The agenda for both the algorithm is different. Inclusion of
genre score will carry items that have the similar genre-ratio infor-
mation. Similarly, the other clustering will cluster users with the
same diversity level. We use k-means clustering algorithm. How-
ever, any unsupervised algorithm can also used instead. The k-
means algorithm in our approach works as follows.

� Define the number of clusters as total number of distinct genres
present in the data-set.
� Selecting a random set of k data points and then calculate the
centroid without data shuffling.
� Keep iterating until the centroid value stops changing. It also
means that the data value assigned to the cluster is not
changed.
� Compute Euclidean distance from one data point to other data
points and assign data points to each cluster with which they
have the minimum distance and then compute the centroid.
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4.4. Aggregate cluster diversity

Next, in our proposed algorithm, we need to calculate aggregate
cluster diversity. The aggregate cluster diversity is the average of
each user’s individual diversity present in the cluster. The urge
behind the calculation of aggregate cluster diversity is that it
includes users with similar diversity levels. The further use of
aggregate cluster diversity is to make cluster pairs for the training
of our model. The intention behind the training of our model with
these clusters having more diverse users will help other less
diverse users so that the interaction domain of these users will
expand, and the model will generate more diverse recommenda-
tions. The pseudo code for aggregate cluster diversity is described
in Algorithm 1.
The aggregate diversity for the ML-1M dataset is calculated
after applying the k-means clustering algorithm for clusters size
(k) = 18. The optimal value for cluster size(k) is chosen form a
set of experiment performed from various k values, the detailed
analysis is present in the Section 6. The aggregate cluster diversity
for clusters are shown in Tables 2 and 3 and their graphical repre-
sentation is also presented in Figs. 4 and 5.

4.5. Clus-DR model

In this section, we explain the different prediction algorithms
used for our Clus-DR model training. After finding the clusters of
users and individual diversity scores for the users, three types of
the prediction models are used for recommendation generation.
The proposed Clus-DR model generates the top-k prediction for
each user which are more diverse than the other state-of-the-art
recommendation algorithm. The architecture of the proposed
approach is depicted in Fig. 1. The pre-processing for the Clus-DR
model is the calculation of feature score for each user, where we
first calculate the individual diversity score and item feature score
for each user. This score is further used to cluster users into groups
based on the assumption that more diverse users will be in the
same group. The user clusters Ci ¼ ðC1;C2; . . .CkÞ are obtained by
using unsupervised clustering algorithm, in our proposed model,
we use the k-means algorithm. Once we obtained the clusters,
the model training comes in the role where we adopt the SVD,
SVDpp and non-negative matrix factorization approach. The train-
ing of our proposed model is based on constraint non-negative
matrix factorization approach. Our approach considers NMF with



Fig. 3. The Long-tail of popularity of items in the MovieLens dataset.
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a constraint that defines additional data apart from the user-item
input matrix, cluster information for each user. In our proposed
method, clusters obtained from pre-processing of data in the Sec-
tion 4.3 worked as training pairs for Clus-DR model. We used typ-
ical matrix factorization algorithms (SVD, SVDpp and NNMF) to
generate diverse recommendation. We achieved the best predic-
tions using the NNMF model. A typical NNMF is used as a dimen-
sionality reduction algorithm which can be written as R � U:V
where U and V are two matrices having non-negative values
(Aghdam et al., 2015). In recommendation system U and V are
the column matrices used for user and item representation. In gen-
eral matrix R contains some unknown value which are the values
of user-item rating information which is not available in dataset.
The data is represented into a user-item interaction matrix
R 2 Rm�n. Our goal is to represent it by the product of two low
dimensional matrices where U 2 Rm�dand V 2 Rd�n. The NNMF
problem is minUP0VP0 R� ðU:VÞk k. The objective of the cost func-
tion is to minimize the error between the original rating matrix R
and the product of the latent vectors of user U and item V. The cost
function for NNMF is often depends on the probability distribution
Table 2
Aggregate Diversity of Clusters based on Genre-score Clustering for ML-1M dataset.

Cluster_ID Agg-Diversity Cluster_ID Agg-Diversity

1 0.9934 7 0.9535
17 0.9905 4 0.9277
12 0.9838 0 0.9231
5 0.9810 2 0.9221
16 0.9741 6 0.9101
9 0.9717 10 0.9087
11 0.9580 13 0.8899
3 0.9569 8 0.8758
15 0.8750 14 0.8581

Table 3
Aggregate Diversity of Clusters based on user individual diversity score clustering for
ML-1M dataset.

Cluster_ID Agg-Diversity Cluster_ID Agg-Diversity

17 0.9956 14 0.9702
15 0.9928 4 0.9603
5 0.9905 12 0.9381
6 0.9898 9 0.9046
0 0.9808 1 0.9001
2 0.9799 8 0.8948
16 0.9758 7 0.8814
3 0.9748 11 0.8604
10 0.9708 13 0.8582
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of data so the simple way is to use the Frobenius-norm measure.
The NNMF cost function for error minimization is defined as fol-
lows -

DFðRjjUVTÞ ¼ R� UVT
��� ���2

F
¼

X
u;v
ðRuv �

Xk

d¼1
Uuf :VfvÞ ð5Þ

In Eq. (5) we calculated the error for NNMF algorithmwhere the
error is nothing but the l2 norm of the matrix of size ðM � NÞwhich
is a difference matrix obtained from original matrix R and the
Fig. 4. Clustering of a user based on item feature score using k-means.

Fig. 5. Clustering of a user based on individual diversity score using k-means.



1 https://files.grouplens.org/datasets/movielens/ml-1m.zip.
2 https://files.grouplens.org/datasets/movielens/ml-100k.zip.
3 http://millionsongdataset.com/lastfm
4 https://www.kaggle.com/zygmunt/goodbooks-10k.
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resultant matrix of U:VT where U and V are the latent vectors of the
users and items respectively. Here M is the total number of users
and N is the total items in the dataset and Ruv is the original rating
of item v given by the user u. The above cost functions are convex
concerning either the entries of the matrix U or the matrix V, but
not both. Therefore, it is impossible to solve this problem in the
sense of finding a global minimum. However, many numerical
optimization methods can be applied to discover local minimums,
so we adopted gradient descent for faster convergence.

The update rule for the user ðUÞ and item ðVÞ is derived using
gradient descent. Gradient descent for multi variable function
FðaÞ is defined and differentiable in a neighborhood of a point A.
So it follows rule b a� gOf ðaÞ for very small learning rate (g)
then f ðaÞP f ðbÞ. Now the update rules for U and V that reduce
the divergence are as follows:

Uuf ¼ Uuf þ guf

XM
m¼1

VT
fm

Rum

ðU:VTÞum
�
XM
m¼1

VT
fm

" #
ð6Þ

Vfv ¼ Vfv þ gfv

XN
n¼1

UT
nf

Rnu

ðU:VTÞnu
�
XN
n¼1

UT
nf

" #
ð7Þ

These rules are used to calculate the user and item latent factor.
The update rule for user Uuf is defined in Eq. (6) and update for
item Vfv is defined in Eq. (7), where guf and gfv are the learning
rate. We have used divergence based cost function to minimize
the difference between the original rating matrix R and the matrix
obtained from user and item latent factors. In Eq. (6), (7) we have
set the value of learning rate as follows-

guf ¼ Uuf =
XM
g¼1

VT
fg ð8Þ

gfi ¼ Vfv=
XN
g¼1

UT
gf ð9Þ

Still, the main aim is to increase the diversity of the algorithm,
so training of the algorithm is the core part that induces diversity,
which we discussed below in the Section 4.6.

4.6. Clus-DR model training and recommendation generation

In this section we define our training procedure for the Clus-DR
model. We use movie, book and music domain data to train our
model. We first calculate the user-item interaction matrix, then
we calculate individual diversity and item feature scores for each
user discussed in Section 4.1 and 4.2 respectively. After that, we
apply the k-means algorithm for user clustering based on individ-
ual diversity and item feature scores. The assumption over the
clustering algorithm using individual diversity score is to group
users following the same diversity levels. The speculation over
the clustering of the using item feature score is users following
the same item features will be in one group. At a time, we use only
one score for clustering to check which score performs better in
terms of diversity. Another essential motive is to check whether
content information is important or not for diversification in rec-
ommendation. Once we get the clusters of users, after that we cal-
culate aggregate cluster diversity for each cluster which is defined
in Algorithm 1. The overall goal of the aggregate cluster diversity is
used as a threshold value for training pair generation for users
based on their diversity level. The aggregate value for each cluster
is nothing but an average of the individual diversity score of each
user present in the cluster. Suppose there are three clusters
C1;C2 and C3 and their aggregate diversity are 0:988;0:899 and
0:901, then training pairs are ðC1;C2Þ; ðC2;C3Þ and ðC1;C3Þ. So the
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input for our Clus-DR model training are the clusters pairs, and
their corresponding user-item interaction pairs which will process
according to the model description discussed in Section 4.5. For
model training we need to define some hyper-parameter for model
training first is k value defines number of clusters. We set k ¼ 18
for our model and also check our results for k ¼ 10. Another
hyper-parameter is learning rate g ¼ 0:01. After cluster pair gener-
ation and hyper-parameter setting we train our model for three
prediction algorithms. First we use (Clus-NMF) algorithm to train
our model, apart from Clus-NMF we also use SVD (Clus-SVD), and
SVDpp (Clus-SVDpp) algorithm for our proposed model, but the
result obtained from Clus-NMF are good enough. In the Clus-DR
model, training is based on the cluster of more diverse users, which
leads to sparsity. We strictly limit ourselves to only those users
who belong to the same cluster or more diverse cluster for recom-
mendation generation. This may lead to some information loss in
the model and leads to sparsity. The cluster-pair formation
restricts our model in search for similar users for target user rec-
ommendation generation. For explanation, unlike the traditional
CF-based algorithm, while searching for similar users from the
complete list of user sets, we will search similar users in clusters.
So this might be the reason for information loss and leads to the
accuracy drop of our proposed model.

5. Experiments

In this section, the experiment setup and the dataset used for
the proposed algorithm are described. Later on, performance com-
parison of the proposed model with the baseline recommendation
model is reported. The baseline for the recommendation model is
described in Section 2.5.

5.1. Dataset

The recommender system is based on the purchase history of
users items and their interaction history. Based on that, it predicts
the best suitable item for users. So, an essential requirement for
these models is a set of user items and their feedback that describe
the products. To prove the efficiency of our proposed methodology,
We use ML-1M1 and ML-100k,2 an established dataset for movie
recommender systems, LastFM(2k)3 dataset for the music domain
and Goodbooks(10k)4 dataset form book domain. The statistics of
the datasets are present in Table 4. The 2(k) and 10(k) are abbrevia-
tions used in the dataset, indicating the number of distinct users and
interaction. The LastFM(2k) is a music dataset for 2000 different
users’ music listening datasets. Similarly, the Movielens(100k) is a
movie dataset for 943 distinct users having 100000 interactions of
user and movie in the dataset. For ML-1M and ML-100k dataset,
every movie is marked with genre information. In these datasets, a
total of 18 different genres are present, and every movie is described
with more than one genre, e.g. Genre Fantasy, Sci-fi describe the
movie Star Wars. Before using our approach for recommendation
generation the first step is to preprocess the raw dataset. Similarly,
we also use a different domain dataset for our model’s flexibility,
and we use a music dataset LastFM. In this dataset, there is a play
count value that describes each user’s total number of plays for a
particular artist instead of rating. As a pre-processing step, we con-
verted the play count value into a rating scale of 1 to 5. Similarly
in Goodbook dataset we have user, book and their corresponding rat-
ing with author and tag information of each book. For result gener-
ation, we need to transform this every preprocessed dataset into a

https://files.grouplens.org/datasets/movielens/ml-1m.zip
https://files.grouplens.org/datasets/movielens/ml-100k.zip
https://www.kaggle.com/zygmunt/goodbooks-10k


Table 4
Statistics of the dataset used for evaluation of our approach.

Dataset Users Movies Interaction

LastFM (2k) 1892 17632 92834
ML-1M 71567 10681 10000054
Goodbooks (10k) 53424 10000 981756
ML-100k 943 1682 100000

Table 5
Comparison of error evaluation metrics for the proposed Clus-DR model in terms of
RMSE (Lower the better value) and MAE (Lower the better value).

Dataset Proposed Model Algorithm RMSE MAE

ML-1M Clus-DR (IDS) Clus-SVD 1.1107 0.9707
Clus-SVDpp 1.1181 0.8987
Clus-NMF 1.1107 0.9250

Clus-DR (IFS) Clus-SVD 1.1120 0.8906
Clus-SVDpp 1.1181 0.8987
Clus-NMF 1.1141 0.9765

ML-100k Clus-DR (IDS) Clus-SVD 1.0783 0.866
Clus-SVDpp 1.0776 0.8649
Clus-NMF 1.1228 0.9296

Clus-DR (IFS) Clus-SVD 1.0991 0.8772
Clus-SVDpp 1.0891 0.9055
Clus-NMF 1.1196 0.8866

LastFM (2k) Clus-DR (IDS) Clus-SVD 1.1196 0.8866
Clus-SVDpp 1.1228 0.8833
Clus-NMF 1.1008 0.9368

Clus-DR (IFS) Clus-SVD 1.1233 0.8987
Clus-SVDpp 1.1229 0.9033
Clus-NMF 1.0988 0.9299

Goodbooks (10k) Clus-DR (IDS) Clus-SVD 1.2026 0.9885
Clus-SVDpp 1.2118 0.9442
Clus-NMF 1.1803 0.9003

Clus-DR (IFS) Clus-SVD 1.2103 0.9987
Clus-SVDpp 1.2269 0.9893
Clus-NMF 1.1991 0.9221

Clus-DR(IDS) and Clus-DR(IFS) are the model based on IDS score and item feature
score respectively.
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user-item interaction matrix. This matrix is then used for recom-
mendation generation.

5.2. Evaluation metrics

In this section, we discuss evaluation metrics used for the eval-
uation of our proposed model. There are numerous metrics avail-
able for evaluation of a recommendation model. We use Root
Mean Square Error (RMSE) and MAE (Mean Absolute Error) to eval-
uate our model’s accuracy. The accuracy metric for this model is
not sufficient because the fundamental goal for this proposed
model is to generate some set of diverse as well as accurate recom-
mendations. Aggregate diversity is an essential feature of the
diversity of recommendation systems. Aggregate Diversity of a rec-
ommended list is calculated using the average dissimilarity
between items present in the list. Diversity for top-n recommenda-
tion is calculated using the intralist similarity measure defined in
Eq. (10). We also include user coverage result which shows the
coverage of item set for each user. For further evaluation we use
accuracy measure in terms of RMSE and MAE (mean absolute
error) with top-k Precision, Recall and nDCG (Normalized Dis-
counted Cumulative Gain) which are important measure for rec-
ommender system evaluation. Aggregate Diversity of a
recommended list is calculated using Intralist Diversity (IL-D) mea-
sure defined in Eq. (10). IL-D is the average dissimilarity between
items present in the recommendation list size of R for each user.

IL� D ¼ 1
Rj j R� 1j j

X
i2R

X
j2R;i–j

1� dði; jÞ ð10Þ

In recommendation, system coverage is how many items
appear in the recommended results or top-n recommended result.
Coverage is define as below-

CoverageðMÞ ¼
[
u

RM;kðuÞ ð11Þ

Coverage for model M is RM;k is test set R for user u retrieved
from model M. The higher value for coverage is better and shows
that the model recommends a wide range of items.

5.3. Experimental results and baseline

In this Section, the results of the experiments are presented.
Here, we shows our model’s performance for different evaluation
metrics used for the recommendation model, followed by compar-
ative analysis with baseline algorithms used for diversification of
the recommendation system.

5.3.1. Performance of the Clus-DR model
In the experiment of our Clus-DR model, we selected SVD,

SVDpp, and NNMF approach for training the model. The number
of clusters ðkÞ chosen to be 18 with a learning rate of 0.01. The
value of cluster size has been experimented with several hyper-
parameters, and the optimal value is 18 for our proposed model,
so, for further evaluation, we use cluster size(k) =18. The accuracy
of the Clus-DR model is calculated using RMSE and MAE in Table 5.
The best accuracy of our model is for ML-1M dataset where RMSE
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is 1:1107 and MAE is 0:9250 is for Clus-NMF algorithm. We used
three different datasets of the movie, books and music domain to
prove the generalization of our approach. Statistics of these data-
sets are shown in Table 4. The MovieLens dataset suffers from
the long tail problem. The long-tail graph for ML-1M dataset is
shown in Fig. 3. The long-tail graph shows the distribution of items
popularity in the dataset, where the x-axis shows the items, and y-
axis shows the popularity of items in terms of rating provided by
the users. This long-tail problem shows the uneven distribution
of the rating behavior of the user, which makes the dataset sparse.
Next, following our Clus-DR model algorithm, we need to group
users based on the individual diversity and item-feature score.
For this, we applied k-means clustering algorithm, and users clus-
ters for the ML-1M dataset are depicted in Figs. 4 and 5. After clus-
ter generation, we need to calculate the aggregate diversity of
clusters, which is nothing but the average of the individual diver-
sity of users present in the cluster. For each datasets, we created
18 clusters, so the aggregate diversity for each cluster for ML-1M
dataset are represented in Tables 2, 3. We create 18 clusters
because, in this MovieLens dataset, there are 18 different genres
available. The flexibility of our approach is we can use any unsu-
pervised clustering algorithm in place of the k-means. The reason
to use the k-means algorithm is because we can maximize users
similarity within clusters by utilizing this algorithm and minimize
the similarity of users in different clusters. Moving forward, we
need to check our model’s efficiency in terms of accuracy and
diversity. As per the accuracy-diversity trade-off, our model loses
some accuracy compared with the baseline algorithms for the rec-
ommender system. For our comparative model study, we use RMSE
and MAE for accuracy analysis. All the results for our Clus-DR
model over various dataset are presented in Table 5. Table 5 shows
our models accuracy measures in context of different datasets. This
article’s main aim is to propose an approach that gives diverse rec-
ommendations for each user. Apart from using any post-processing
step, we tried to train our model to generate diverse recommenda-
tions. The table shows our model’s accuracy in terms of RMSE and
MAE for ML-1M, Ml-100k, LastFM(2k), Goodbooks(10k) dataset.
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From Table 5, we can conclude that the ML-1M is the best perform-
ing dataset for our Clus-DR model. For performance evaluation of
the proposed Clus-DR model, we use precision, nDCG, IL-D (intral-
ist diversity), and coverage. The complete result is shown in
Table 6. The results discussed in Table 6 are for top-15 recommen-
dations for each user.

5.3.2. Comparative analysis
The comparison of our proposed model Clus-DR model for

diverse recommendation system is conducted over a large and
real-time dataset MovieLens-1M, ML-100k, LastFM (2k) and Good-
books (10k) datasets. We compare our model with two different
techniques:

1. Accuracy Centric – We use basic collaborative algorithms like
SVD (Singular value decomposition) (Ranjan et al., 2019),
SVDpp (Singular value decomposition++) (Jia et al., 2014),
NNMF (Non-negative Matrix Factorization) (Koren et al.,
2009). All are discussed in Section 2. We also evaluated our pro-
Table 6
Comparison of various accuracy metrics for the proposed Clus-DR model for precision (hi

Dataset Proposed Model Algorithm

Clus-SVD
Clus-SVDpp

Clus-DR (IDS) Clus-NMF
Clus-SVD
Clus-SVDpp

ML-1M Clus-DR (IFS) Clus-NMF

Clus-SVD
Clus-SVDpp

Clus-DR (IDS) Clus-NMF
Clus-SVD
Clus-SVDpp

ML-100k Clus-DR (IFS) Clus-NMF

Clus-SVD
Clus-SVDpp

Clus-DR (IDS) Clus-NMF
Clus-SVD
Clus-SVDpp

LastFM (2k) Clus-DR (IFS) Clus-NMF

Clus-SVD
Clus-SVDpp

Clus-DR (IDS) Clus-NMF
Clus-SVD
Clus-SVDpp

Goodbooks (10k) Clus-DR (IFS) Clus-NMF

The diversity value ranges from 01 and higher values are better and values for coverage

Table 7
Comparison of accuracy measures and top-15 results for the proposed model with the ba

Proposed Model Algorithm

SVD (Ranjan et al., 2019)
SVDpp (Jia et al., 2014)
NMF (Koren et al., 2009)
TPGR (Chen et al., 2019)

Baseline (Accuracy based algorithm) SlateQ (Ie et al., 2019)

xQuAD (Abdollahpouri et al., 2019)
MMR (Carbonell and Goldstein, 1998

Baseline (Diversity based algorithm) Greedy (Ziegler et al., 2005)

Clus-SVD
Clus-SVDpp

Clus-DR (individual diversity score) Clus-NMF

Clus-SVD
Clus-SVDpp

Clus-DR (item feature) Clus-NMF

6394
posed approach with reinforcement learning-based recommen-
dation model’s TPGR (Chen et al., 2019) and SlateQ (Ie et al.,
2019) for three datasets ML-100k, Ml-1M, and LastFM (2k).

2. Diversity Centric – Next we evaluation our model for diversity
so we use state of the art diversification algorithm first is
Greedy algorithm (Ziegler et al., 2005) second is xQuAD
(Abdollahpouri et al., 2019) and the third one is MMR (Maximal
Marginal Relevance) (Carbonell and Goldstein, 1998). All
approach’s are discussed in Section 2.5. These algorithms are
used as re-ranking approaches used as a post-processing step
for diversity in the recommendation system.

For comparative analysis of our Clus-DR model, we use two dif-
ferent decisive algorithms. First, we use state-of-the-art algorithms
for accurate recommendation generation, and second, algorithms
are used for diversity enhancement of the recommendation sys-
tem. Results for our proposed approach are shown in Tables 7
and 8. In terms of accuracy, our model performance is limited.
The accuracy of the reinforcement-based learning methods is
gher value is better), nDCG (higher value is better), diversity, and coverage.

Precision nDCG IL-D Coverage

0.2831 0.2781 0.7336 53.98
0.2646 0.2358 0.7703 50.33
0.2697 0.2361 0.8028 55.62
0.2557 0.2667 0.7674 51.41
0.2203 0.2273 0.7872 52.41
0.2332 0.2443 0.8058 55.67

0.3435 0.3552 0.7138 52.16
0.2422 0.2398 0.7071 49.32
0.1900 0.2039 0.7875 82.67
0.3214 0.3364 0.6621 41.03
0.2215 0.1933 0.6229 42.93
0.1792 0.1822 0.7003 48.55

0.2245 0.2247 0.5336 39.22
0.2117 0.2338 0.5662 40.33
0.2998 0.2445 0.6028 41.22
0.2007 0.1998 0.5028 37.44
0.2109 0.2188 0.5331 35.22
0.2398 0.2239 0.5773 39.88

0.2008 0.1947 0.4036 29.83
0.1988 0.2038 0.4632 25.09
0.2198 0.2105 0.5088 38.98
0.1992 0.2083 0.4108 27.38
0.1889 0.1798 0.3931 25.07
0.2038 0.2089 0.4273 35.88

are given in percentage (%). All results are for top-5 value.

seline model for precision and nDCG measure.

RMSE MAE Precision nDCG

0.974 0.8319 0.1572 0.1654
0.8648 0.6022 0.1361 0.1444
1.1058 0.9928 0.1453 0.1579
1.0998 0.9823 0.2544 0.2779
1.0811 0.9466 0.2311 0.2841

– – 0.2422 0.2422
) – – 0.2196 0.2347

– – 0.2016 0.2051

1.1107 0.9707 0.2831 0.2781
1.1181 0.8987 0.2646 0.2358
1.1107 0.925 0.2697 0.2361

1.112 0.8906 0.2557 0.2667
1.1181 0.8987 0.2203 0.2273
1.1141 0.9765 0.2332 0.2443
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perfect. The reason behind this accuracy drop in our proposed
model is the diversity-accuracy trade-off and the sparsity of the
dataset which is insignificantly enhanced due to the clustering
and pair-wise training. However, the main aim of our approach is
to increase the model performance for diversity and coverage,
and our model performs best in terms of diversity and coverage
which is shown in Table 6. The comparison of the diversity in
top-n recommendation generation is calculated using intralist-
diversity (IL-D) measure defined in the Eq. (10). The experiment
Table 8
Comparison of various results for the proposed model with the baseline model for diversi

Proposed Model Algorithm

SVD (Ranjan et al., 2019)
SVDpp (Jia et al., 2014)
NMF (Koren et al., 2009)
TPGR (Chen et al., 2019)

Baseline (Accuracy based algorithm) SlateQ (Ie et al., 2019)

xQuAD (Abdollahpouri et al., 2019)
MMR (Carbonell and Goldstein, 1998)

Baseline (Diversity based algorithm) Greedy (Ziegler et al., 2005)

Clust-SVD
Clust-SVDpp

Clus-DR (Individual Diversity) Clust-NMF

Clust-SVD
Clust-SVDpp

Clus-DR (item feature) Clust-NMF

Fig. 6. A demonstration for top-k diversity and coverage analysis for

Fig. 7. A demonstration for top-k diversity and coverage analysis fo

6395
of the proposed diverse recommendation generation method with
other baseline methods is implemented with the ML-1M dataset.
The results obtained from the Clus-DR model are analyzed using
various accuracy metrics. In Table 6 shows that precision and
nDCG for the Clus-DR model are more reliable than the baseline
recommendation model. From Table 6, we concluded that using
an individual diversity score for user clustering is good enough
for diversity and accuracy instead of item feature scores. Accuracy
drop in Clus-NMF and Clus-SVD are almost similar, but in terms of
ty and coverage for top 5,10,15 recommendations.

Intralist Diversity Coverage

Top-5 Top-10 Top-15 Top-5 Top-10 Top-15

0.4794 0.4582 0.5535 15.65 31.11 47.41
0.4688 0.4492 0.4788 17.86 32.95 49.41
0.3928 0.4632 0.4923 25.12 38.88 51.92
0.3885 0.3221 0.4008 32.19 34.25 35.22
0.4002 0.4229 0.4771 45.22 52.14 51.29

0.4293 0.4311 0.4398 20.33 30.22 39.11
0.5233 0.5227 0.5103 23.74 30.55 40.33
0.4482 0.5299 0.5512 19.33 28.22 34.22

0.7601 0.7489 0.7336 28.9 41.53 54.16
0.7069 0.7607 0.7703 27.5 40.34 53.32
0.687 0.713 0.8028 71.48 80.92 85.67

0.7571 0.745 0.7036 25.65 41.11 51.41
0.7244 0.7641 0.7223 27.86 42.95 52.41
0.4251 0.7531 0.7728 41.48 50.92 55.67

ML-100k dataset for baseline and our proposed Clus-DR model.

r ML-1M dataset for baseline and our proposed Clus-DR model.



Fig. 10. A demonstration for top-k precision analysis for ML-1M dataset for
baselines and proposed Clus-DR model.
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diversity and coverage, Clus-NMF performance is better than Clus-
SVD.

We also compared our model’s diversity with other baseline
algorithms (Accuracy Centric, Diversity Centric) using intra-list
diversity measure defined in Eq. (10). Table 8 shows the compar-
ison result for diversity for various recommendation list size, and
it presents a better result for the Clus-DR model. From the compar-
ative results, it is notable that we got on average 51.2% more
diverse items in the top-15 recommendation list than items rec-
ommended from the basic collaborative algorithm. Next, the com-
parative results are for Coverage analysis, which are for item space
coverage, and shows the range of items that a recommender sys-
tem can predict. Here, in this comparison graph, item space cover-
age is evaluated based on the genre of movies. We evaluated Clus-
DR model for coverage analysis, and Table 8 shows the comparison
result for Clus-DR model and another recommendation model for
various recommendation list sizes. In coverage also we got average
improvement in 29.8% in item space. The comparative analysis for
diversity and coverage for datasets ML-1M, ML-100k, LastFM and
Goodbooks (10k) are shown in Figs. 6–9. Similarly, Figs. 10–12 rep-
resent the obtained results and their comparison graph of preci-
sion, recall, nDCG measures using a bar graph for ML-1M dataset.

5.4. Accuracy-diversity trade-off

We first study the trade-off when the models are trained for rat-
ing prediction using ranking technique. The descending order of
predicted rating gives a ranking of recommendation list generated
for the user. Now we evaluate the trade-off between accuracy and
Fig. 8. A demonstration for top-k diversity and coverage analysis fo

Fig. 9. A demonstration for top-k diversity and coverage analysis for Goo
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diversity. The trade-off is plotted for the top-k recommendation
list evaluation using nDCG and intralist diversity in Fig. 13a. The
higher value of nDCG leads to a decrease in IL-D and vice versa.
Similarly, we plotted a trade-off between nDCG and coverage in
Fig. 13b, showing similar behavior like IL-D, where coverage
increases while nDCG decreases.

6. Ablation study

Effect of cluster size and algorithm- In our approach, we prove
the flexibility of the approach by changing the cluster number and
the clustering algorithm. We evaluated our model’s performance
r LastFM dataset for baseline and our proposed Clus-DR model.

dbooks (10k) dataset for baseline and our proposed Clus-DR model.



Fig. 14. Performance analysis for various latent factor for our proposed approach.
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for various k (cluster size) values, and the results are shown in the
Fig. 15. In Table 10, we show the result obtained from k = 10 using
k-means algorithm. Similarly, we also shift the clustering algo-
rithm from k-means to MiniBatchk-means, all the comparative
results are shown in Table 11. The coverage result for cluster size
(k = 10) and for cluster algorithm (Minibatchk-means) are shown
in the Table 12. The results were obtained by changing the number
of clusters value ðk ¼ 10Þ and replacing k-means with MiniBatchk-
means shows some improvement in RMSE and MAE value. Still,
IL-D and coverage results are almost similar to proposed results
discussed in the subSection 5.3.1.
Fig. 11. A demonstration for top-k recall analysis for ML-1M dataset for baselines
and proposed Clus-DR model.

Fig. 12. A demonstration for top-k nDCG analysis for ML-1M dataset for baselines
and proposed Clus-DR model.

Fig. 13. Accuracy-diversity trade-off for top-k

Fig. 15. Effect of cluster value (k) on RMSE, MAE and on diversity for top 5
recommendation.

Table 9
Cold-start prediction performance for the Clus-DR model.

Group Approach RMSE MAE

Group 1 (0–5) SVD 1.9662 0.9985
Group 2 (5–15) SVD 1.8112 0.9887
Group 3 (15–30) SVD 1.7665 0.9668
Group 1 (0–5) Clus-DR 1.1985 0.9089
Group 2 (5–15) Clus-DR 1.1507 0.9205
Group 3 (15–30) Clus-DR 1.0797 0.9021
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Effect of user and item latent vector- We obtained the best
result for the individual diversity score for the Clus-NMF approach,
where the rating prediction is based on the user and item latent
factor size. We performed an analysis for accuracy using various
latent factor sizes (20,50,100,150,200,250). The accuracy results
obtained from Clus-NMF are shown using a line graph in Fig. 14
where we conclude that for latent factor size 100, we got the best
results.

Online Experiment- The online evaluation of the recommenda-
tion system is a more realistic experiment. Our proposed model
recommendation for Clus-NMF algorithm.



Table 10
Comparison of various results for the proposed Clus-DR model with the different
cluster k ¼ 10 value.

Clus-SVD Clus-SVDpp Clus-NMF

RMSE 1.2141 1.1281 1.0529
MAE 0.9765 0.8987 0.8280
MAP@20 0.0131 0.0145 0.0197
nDCG@20 0.2300 0.2245 0.2522
Precision@20 0.2198 0.2200 0.2489
Recall@20 0.0330 0.0379 0.0473
IL-D Top-20 0.7985 0.7861 0.7735

Table 11
Comparison of various results for the proposed model with the Minibatchk-means
algorithm.

Clus-SVD Clus-SVDpp Clus-NMF

RMSE 1.2141 1.1281 1.0506
MAE 0.9765 0.8987 0.8298
MAP-20 0.0134 0.0166 0.0173
nDCG-20 0.2363 0.2384 0.2241
Precision-20 0.2255 0.2326 0.2164
Recall-20 0.0337 0.0407 0.0416
IL-D Top-20 0.7985 0.7861 0.7735

Table 12
Comparison of coverage results (%) for the proposed Clus-DR model for cluster size (k)
= 10 and for Minibatachk-means algorithm.

Clus-SVD Clus-SVDpp Clus-NMF

k = 10 46.47 48.57 49.20
Minibatchk-means 15.59 51.57 52.35
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focuses on the top-n recommendation generation for each user, so
we need to find out models efficiency for the new user and unseen
items. For new user and unseen item, we experiment with leaving
one out cross-validation where we remove one data from each
user’s top-n training data list and use that data to evaluate our
model’s performance. For cold-start prediction we followed the
experimental analysis followed by Shi et al. (2018) where they
divided users into three groups according to their rating records
ð0;5Þ; ð5;15Þ and ð15;30Þ. We compare our results with traditional
SVD, SVDpp and NMF approach. The comparative performance of
our proposed Clus-DR model is shown in the Table 9.
7. Statistical significance test

We perform a statistical significance test for performance com-
parison of our proposed approach Clus-DR and the second-best
performing approach. A statistical significance test is based on a
few simple ideas: hypothesis testing, the normal distribution,
and p values. We performed a significance test for analysis of
results obtained from Clus-DR to check whether they are signifi-
cant or not. We did a paired t-test as a shred of statistical evidence,
which shows that the mean difference between different paired
results on a distinct outcome is significantly different from zero.
The parametric t-test is defined as-

t ¼ m
s=

ffiffiffi
n
p ð12Þ

where m is mean s is standard deviation of the difference between
all pairs and n is the total number of samples we taken for testing.
We test our hypothesis using a one-sided t-test where our hypoth-
esis says that the difference between the mean of two different
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samples is greater than zero. For this test, we considered preci-
sion@k and nDCG@k values for top 5, 10, 15, 20 respectively. We
also use the actual and predicted rating mean for the Clus-DR for
the same hypothesis to check the stability and prove the signifi-
cance of the proposed Clus-DR against other state-of-the-art tech-
niques. For null hypothesis prove the statistic is supposed to
follow the t-distribution with n-1 degree of freedom for a total
number of samples. The p-value should be less than the x
(x = 0.01, 0.05). We reject the null hypothesis for nDCG@k value
paired samples and observed effect size d is medium 0:4 and
SDðstandard dev iationÞ ¼ 0:017221 and for second group
mean ¼ 0:34080 and SD ¼ 0:00509. We reject the null hypothesis
with a 95% confidence interval of this difference from �0:01121
to 0:01121. Similarity we rejected the hypothesis for precision with
95% confidence interval with t value = 0:007638.
8. Conclusion and future work

The primary objective of the recommender system is to provide
a better recommendation to users through users’ interest and rel-
evance, which may change with time. This paper proposes a model
based on the clustering of users to include a diverse and accurate
recommendation to address the accuracy-diversity trade-off. Also,
we achieved better results for the Clus-DR model for coverage and
diversity and good comparative accuracy from other diversification
algorithms. The proposed approach gives recommendations, which
balances accuracy and diversity simultaneously. The experiments
performed by our proposed algorithm suggest that a clustering-
based collaborative algorithm provides comparable diverse recom-
mendations and improves online performance significantly. In the
future, we plan to include diversity based on session information
with temporal dynamics in the recommendation system as future
work. In our experimental analysis, we use reinforcement learning
approaches for comparative analysis; from this, we can conclude
consideration of reinforcement in the future for diversity enhance-
ment will lead to a better recommendation. We also intend to
extend our approach using a graph neural network to include
diverse users’ self-identification in the training phase for recom-
mendation generation. We use four datasets from the movie and
music domain to compare and evaluate our approach in this pro-
posed work. However, there are many domains for user interaction
in real-time applications like book and e-commerce, explored
through different datasets like Amazon, Book-crossing, etc.
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