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Abstract. Recommender systems are increasingly used for personalised
navigation through large amounts of information, especially in the ecommerce domain for product purchase advice. Whilst much research
eﬀort is spent on developing recommenders further, there is little to no
eﬀort spent on analysing the impact of them – neither on the supply
(company) nor demand (consumer) side. In this article, we investigate
the diversity impact of a movie recommender. We deﬁne diversity for
diﬀerent parts of the domain and measure it in diﬀerent ways. The novelty of our work is the usage of real rating data (from Netﬂix) and a
recommender system for investigating the (hypothetical) eﬀects of various conﬁgurations of the system and users’ choice models. We consider
a number of diﬀerent scenarios (which diﬀer in agents’ choice models),
run extensive simulations, analyse various measurements regarding experimental validation and diversity, and report on selected ﬁndings. The
scenarios are an essential part of our work, since these can be inﬂuenced
by the owner of the recommender once deployed. This article contains an
overview of related work on data-mining, multi-agent systems, movie recommendation and measurement of diversity; we explain diﬀerent agents’
choice models (which are used to simulate how users react to recommenders); and we report on selected ﬁndings from an extensive series of
simulation experiments that we ran with real usage data (from Netﬂix).

1

Introduction

Recommender engines have made an overwhelming entrance in the world of
digital information. Here, electronic commerce is a front-runner, hoping to sell
more products with eﬀective recommenders. Still, not only commerce, but many
owners of other information systems also start to realise that recommenders
may beneﬁt the users in ﬁnding items of interest. Whether recommendations are
generated by algorithms (e.g., Amazon, Netﬂix) or in a more social way (e.g.,
Facebook, Twitter), owners ultimately want to know if their users can better
and faster navigate through the available information. On commercial sites, this
means whether users buy more items.
Besides tackling technical questions, e.g., on deployment, up-time and responsiveness guarantees and algorithmic optimisation, owners of a recommender want
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to know how users react to their engine, and, following from that, how they or
the engine can react to these user reactions. This will enable them to dynamically adapt to the customer within the purchasing process – similar to how a
human salesperson pitches in order to sell a product.
In this article, we look at the interaction eﬀects between recommendation and
user behaviour. We test a movie recommender in combination with a variety
of scenarios (i.e., the way that users react to suggestions of the recommender
engine) and report on the observed interaction eﬀects. In particular, we look at
diversity eﬀects, i.e., the property of being numerically distinct. We calculate
diversities for users, items and ratings. Later in this article, we deﬁne diﬀerent
diversity measurements and calculate user-, item-, and rating-diversities for our
recommender.
We are the ﬁrst to conduct such a study, to our best knowledge. Whilst other
works have investigated the combination of diversity and recommenders, e.g.,
[14,10,11], we are the ﬁrst ones to 1) do this with actual usage data (from Netﬂix), 2) perform a variety of diversity measurements for diﬀerent parts of the
recommender (item-, user-, and rating-based diversity), and 3) use a combination
of data-mining and multi-agent simulation techniques. Also, we are not aware of
other work that investigates this issue within the domain of movie recommendation, as we do.
Our work relies on two main technologies: data-mining techniques in the recommendation engine, and agent-based simulation for the user choice model in
the scenarios. Also in this respect, this article can be considered to be breaking
ground. Despite the fact that agents have earlier been used for recommendation purposes (as described extensively below), we use agents in a completely
diﬀerent way, namely in order to analyse possible user behaviours and to give
engine owners information on how to manage and react to these behaviours.
This approach is also novel to the ﬁeld of recommenders that is traditionally
more focused on design and development of optimisation algorithms. As such,
our work gives rise to new approaches for simulation-based recommender design
and deployment with the user-in-the-loop (by means of agents).
The objective of the study presented in this article is to systematically investigate item-, user-, and rating-diversity eﬀects of a movie recommender system
by means of a simulation. This simulation is based on real-world usage data.
With this study, we aim to obtain an insight into the eﬀects of recommenders
from the owner’s perspective (i.e., how can we set up the recommender such
that it generates maximum amount of added value?) as well as the consumer’s
perspective (i.e., what are the consequences of particular ways of reacting to
the predictions that recommenders give?). In particular, we aim to answer the
following three questions:

1. What happens if we force users to rate a certain number of items in a period
of time (e.g., everyone rates 5 movies a week)? Such a restriction is an
example of how the owner of the recommender can ‘inﬂuence’ the behaviour
of users.
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2. What is the eﬀect of changing the type of information that a recommender
gives to users? For example, a recommender can show to the user either
most popular movies, or movies that match best the user’s preferences, or
just a random selection of movies.
3. What is the inﬂuence of mixed groups of users in terms of how they react
to recommendations? We may assume that not all users of a recommender
react similarly to a recommender. We perform simulation experiments with
both homogeneous (everyone reacts the same to recommendations) and heterogeneous user groups.
It is worthwhile to mention that our work is closely related to what is also researched in social and political sciences on group dynamics and political systems
[4,9,12]. In these studies, it is also researched how individuals in groups react
to each other, both in direct interactions as well through an intermediate entity
(the government, or, in our case, the recommender system). The scenarios that
we have used are based on general social models concerning group dynamics on
peer inﬂuence, social networks and collective behaviour. Extensions of our study
include the investigation of the particular role of intermediators in this dynamic
process (e.g., recommenders/governments).
This article is organised as follows. In Section 2 we describe related work
on movie recommendation and multi-agent systems to position our work; we
also present background work on which we have based our work (e.g., speciﬁc
recommender algorithms). Following that, Section 3 contains the description of
the experimental design and setup as well as the simulation scenarios. In Section
4, we elaborate and analyse obtained results from the simulation experiments.
Finally, Section 5 concludes and provides pointers for future work.

2

Related Work

In this section, we overview the literature related to the study presented in
this article. In general, we focus on agent-based models in combination with
(data) mining techniques; and in particular with collaborative ﬁltering engines
for movie recommendation. We review literature on these topics among two
main dimensions: recommenders and agents. For the ﬁrst, we describe design and
development – which is about actually making and designing a recommendation
engine algorithm, software and/or framework; eﬀects of engines – about the
interaction eﬀects between recommendation engines and consumers; and users
– describing opinions about, the evaluation of and interfaces of recommenders.
For the latter, we discuss consumer behaviour – on how to realistically simulate
consumer behaviour; communities – about forming agent-user communities; and
clustering and mining – about the use of these techniques for recommendation
and collaborative ﬁltering.
Our objective is to give a concise overview of existing work at the cross section
of movie recommendation and multi-agent systems. This overview consists of a
number of exemplar articles at this intercross. We ﬁnish this section with an
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explanation on how our work relates to the described existing work. In the
following section, we go into details of the use of data mining techniques for the
Netﬂix movie recommendation dataset.
2.1

Recommenders

Design and Development. It is not surprising that much eﬀort in the area of
recommenders is spent on design and development, since most e-commerce shops
have incorporated such technology on their websites. Later in this article, we look
speciﬁcally if the recommender technology is worth investing in (intuition says
it is). First, we give a brief overview of recommender design and development
that we consider relevant within the context of this article, i.e., we concentrate
on multi-agent recommender design speciﬁcally for movies or television.
In [8], Dehuri et al. propose a multi-agent system for the multiple recommendation problem (mrp). In an mrp, several personalised recommendations
are conducted simultaneously, which can lead to churning: users being given
many uninteresting recommendations. The proposed multi-agent system is a
bio-inspired algorithm that mimics the behaviour of a wasp colony.
Another approach for sharing recommendations is proposed by Weng et al.
[29], where multiple engines are connected to each other. Although this is not
based on multi-agent technology, the developed system (the Ecommerce-oriented
Distributed Recommender System, edrs) has several agent-like properties. The
edrs consists of multiple recommenders from diﬀerent organisations, in order to
improve the service to users (i.e., compared to recommending in a single organisational basis). Among others, the edrs tries to tackle the cold-start problem:
instead of a new recommender starting from nothing, it can use collected information from other recommenders in order to form initial recommendations.
The distributed variant of recommending can also be seen as an alternative for
centralised recommenders that come with privacy and scalability issues, i.e., to
use distributed ones to avoid central server failure and protect user privacy. The
most signiﬁcant contribution of the paper is a novel peer proﬁling and selection
strategy.
Lee and Yang [19] propose another multi-agent framework, speciﬁcally suited
for TV programme recommendations. The framework consists of parts for information gathering, user modelling, and system adaptation; it incorporates a decision tree-based approach (combined with an overﬁtting-reduction technique) to
learn users’ preferences. The proposed system contains diﬀerent types of agents
for diﬀerent programme types (ﬁlms and news), as well as for learning, collaboration and adaptation. The agents collect information through the set-top-box
of the user, on-line (movie and news) sites, and agents of other users, in order to
proﬁle a user and oﬀer recommendations. The collaboration with other agents
is to overcome the problem of modelling users with only sparse samples.
Finally, Ono et al. [20] presents a recommender for constructing movie preference models. Here, data is explicitly acquired through a WWW questionnaire survey instead of collecting data implicitly (e.g., through weblog analysis).
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In the work, a novel way is presented of constructing context-aware and multiapplicable preference models using Bayesian networks. Context-awareness relates to a speciﬁc situation at hand (for example in a mobile internet scenario);
multi-applicability refers to item promotion in addition to recommendation. First
experimental results show that the approach is promising, despite that the improvement of prediction accuracy is only slight (according to the authors because
of the sparsity of the data used for model construction).
Algorithms. The main role of a recommender system is to provide its users
with recommendations concerning possible products (e.g., movies, books or services) that would match their preferences or needs. This can be achieved with
the help of various algorithms that analyse available data about products and
users, such as their (product or user) characteristics, purchase history, explicit
feedback provided by users in the form of ratings, product reviews. Within the
last two decades many algorithms for this task have been invented. We will provide here a brief overview of the most signiﬁcant types of these algorithms. A
more extensive overview of recommendation algorithms can be found in survey
articles of Adomavicius and Tuzhilin [1] or Su and Khoshgoftaar [27].
There are two main strategies for building recommendation engines. The ﬁrst
strategy, content ﬁltering, is used in situations when some information about
individual users or products is available. This information – attributes that describe various properties of users or products – is used to construct their proﬁles.
These proﬁles are then used to assign products to users. Another, more general
approach which does not rely on external information, collaborative ﬁltering, uses
information about the past user behaviour (such as users’ purchase history) to
group users that behave in a similar way and oﬀer them similar products. In
some cases both approaches can be combined, leading to hybrid recommender
systems. There are several ways of combining content-based and collaborative
methods; they are outlined in [1].
In some situations users evaluate products by assigning them a rating – usually an integer between 1 and 5 that expresses a user’s opinion about the given
product. When rating information is available, one can measure similarity between products or between users by comparing the row or column vectors of the
‘user by product’ matrix of ratings. In this way, two similarity measures can be
deﬁned: item-to-item and user-to-user, which can then be used for generating
recommendations, Sarwar et al. [24].
In 2006 the DVD rental company, Netﬂix, announced a big competition (with
a $1 million prize) that was aimed at improving the accuracy of their movie recommender system, Cinematch [5]. This competition attracted the attention of
thousands of researchers from all over the world, leading to the development of
several new approaches. Eventually, these eﬀorts led to the improvement of the
accuracy of the original Netﬂix recommendation engine by more than 10%. The
new approaches are based on the concept of matrix factorisation of a huge matrix
that contains ratings given to items by users. The concept of matrix factorisation,
also called low rank matrix approximation, Singular Value Decomposition, or
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latent factor model, had already been known and used earlier, for example, in the
context of information retrieval [7], but it was Simon Funk (real name Brandyn
Webb) who described, on his blog [13], a very simple and eﬃcient modiﬁcation of
this method in the context of the Netﬂix competition. His algorithm (just a few
lines of code!) was good enough to beat the Cinematch baseline ratings by 5%.
Not surprisingly, Funk’s approach attracted the attention of other competitors,
which resulted in numerous improvements of the original method, and ﬁnally,
in reaching the main objective of the Netﬂix Challenge (improvement by 10%).
Several modiﬁcations of Funk’s method are described in [18,28].
Eﬀects. In this article, we concentrate on the eﬀects of recommenders, rather
than design and development. We are particularly interested in the impact of
recommenders on item-, user- and rating-diversity, but others have looked at
other eﬀects, mainly regarding added business value. We consider three such
other works here.
Firstly, Garﬁnkel et al. [14] have developed an empirical method to evaluate
the relationship between recommendations and sales. It incorporates 1) indirect impact of recommendations on sales through retailer pricing, 2) potential
simultaneity between sales and recommendations, and 3) a comprehensive measure of the strength of recommendations. It was found that the recommendation
strengths have a positive impact on sales; sales aﬀect the recommendations; and
recommendations have a positive impact on the prices. The authors emphasise
and conﬁrm that the research on the business value of recommenders to retailers
is only nascent. In the article, a research model is constructed that consists of a
set of equations with sales, prices, and recommendation strength as dependent
variables. Based on an empirical investigation with panel data, the aforementioned conclusions are derived.
In [10], Benjamin Dias et al. look at the business value of a personal recommender in the area of consumer packaged goods. The study was conducted
in collaboration with a Swiss e-grocer. The analysis involved shopper penetration, and the (in)direct extra generated revenue. From the analysis it could be
concluded that the eﬀect of a recommender is larger than only the direct extra
generated revenue (e.g., introducing new categories of products to shoppers). It
was also found that accurately updating the model was key to generating extra
revenue.
Finally, the work of Fleder and Hosanagar [11] is very closely related to the
topic of our paper: it concerns the eﬀect of recommender systems on the diversity
of sales. In their work, they investigate (by means of modelling and simulation)
whether recommenders help consumers discover new products, or if they reinforce the popularity of already-popular products. The study involves two stages:
ﬁrstly, path-dependent eﬀects are explored by means of analytical modelling;
secondly, by means of simulation, the results are validated with a combination
of speciﬁc choice models and particular recommender implementations. Results
of the study are threefold: ﬁrstly, recommenders can indeed create a rich-getricher eﬀect and reduce sales diversity; secondly, there is a diﬀerence between
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individual (consumer) and aggregate (overall) diversity: while the former decreases, the latter can actually increase; ﬁnally, diﬀerent recommender design
choices aﬀect sales diversity diﬀerently.
Users. Another type of recommender eﬀects concerns the way that users interact with the system, e.g., how do users evaluate a particular recommender,
does the interface aﬀect a consumer in particular choices, does it inﬂuence the
opinions of users? Cosley et al. [6] investigate how users’ opinions are inﬂuenced
by recommenders. Two features of interfaces are looked at: the rating scale and
the display of predictions at the time that users rate items. The study shows
that users do not react much to diﬀerent rating scales, but that they can be
manipulated to tend to rate toward the system’s recommendations. But users
know when the systems tries to manipulate them. An experimental study with
536 users was conducted to answer questions on the way that people respond to
recommendations and to see if they noticed when being manipulated. For the
ﬁrst, it was found that users respond to the way the predictions are shown, but
it is unknown how long this change in ratings last; for the second, although users
would not consciously know they were manipulated, user satisfaction suﬀered in
case the predictions were tinkered with. The study is a ﬁrst step towards knowing how to deliver accurate predictions to users in a way that creates the best
experience for them.
2.2

Agents

Simulation of Consumer Behaviour. Multi-agent models can be used to
model consumer behaviour in an intuitive, straightforward way. In our work
reported here, we employ a multi-agent system to model choices that users make
for watching movies and how they respond to recommended predictions. In the
literature, more simulations on consumer behaviour can be found, of which we
describe 3 articles here.
Ahn [2] presents a way to use agent-based modelling to imitate user behaviour
in internet stores regarding browsing and collecting information. Through this,
the rational behaviour of each user is found, which is used to simulate shopping
and evaluate diﬀerent target customer aid functions, e.g., personalised pages.
Results indicate that personalised pages might not be the best aid function
compared to simpler ones.
Ben Said et al. [21,23,22] present the CUBES project (CUstomer BEhaviour
Simulator) with which one can simulate a consumer population and investigate
eﬀects of marketing strategies in a competing market. The project is on the intersection of sociology, marketing and psychology. In CUBES, one can represent
observed behaviours as well as simulate large consumer populations. It is possible to simulate behavioural attitudes, impacts of consumption acts, retroactive
eﬀects of these acts, and brand reactions. It is shown in [23] through a series
of experiments that macro-emergent market phenomena can be explained by
behavioural attitudes such as imitation and innovation.
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Finally, Ishigaki [17] models consumer behaviour with the help of real-world
datasets. The underlying model is a Bayesian network (thus not multi-agent,
but because it still concerns simulation of consumer behaviour, we included it
here). The model assumes a large-scale dataset (e.g., weblog data, questionnaire
data) and tries to explain certain consumer-related factors (e.g., satisfaction
level and product valuation). The paper distinguishes diﬀerent types of models
which are increasingly elaborative: process models (e.g., advertisement models),
utility models (including data mining) and psychological models (e.g., StimulusResponse models, information processing models). The proposed computational
model ﬁlls gaps that these other models have: it is quantative, it is constructed
on actual data, and it deals with uncertainty of consumer behaviour. The model
is applied in a retail service application and a content providing service (i.e.,
movie recommendation). For the latter, details are described in [20].
Communities. Agent communities are a big area of research in multi-agent systems. An agent community is a stable, adaptive group of self-interested agents
that share common resources and must coordinate their eﬀorts to eﬀectively develop, utilize and nurture group resources and organization [26]. Sen et al. [26]
have looked at various issues in such communities, e.g., trust-based computing,
negotiation, and learning. In recent work [25,15,16], they introduce the Social
Network-based Item Recommendation (SNIR) system that consists of agents
that are situated in a social network to ﬁnd items for their peers. The system
was used to search and recommend photos on the Flickr photo-sharing social
network based on the use of tag lists as search queries. In an experimental
study, SNIR outperforms a content-based approach and other recommendation
schemes.
Search, Clustering and Mining. The last category of related literature concerns clustering and mining techniques for web data (aka web usage mining) as
well as search in social networks. This is a wide area of research, and we focus
particularly on the combination of such techniques and multi-agent systems.
Alam et al. [3] present a web clustering technique for session data based on
swarm intelligence, speciﬁcally particle swarm optimisation (PSO). The technique clusters on time and browsing sequence dimensions of the web usage data
set. Sessions are modelled as particles for the PSO algorithm; the swarm of
agents represents the complete clustering solution. It is demonstrated by means
of a series of simulation experiments that the algorithm performs better than
k-means clustering.
Following up on the previous category of work (agent communities), Gursel
et al. [15] have developed an agent-based system (closely related to the beforementioned SNIR) to mine social networks of users to improve search results. In
this system, agents observe users’ activities as well as the ratings and comments
provided by the user to items retrieved from the social network. The process
reﬁnes search results based on preferences (categories × contacts), the learning of
preferences with mining, category determination, and recommendation (ranking
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the items). An experimental study investigates this system to see whether a user
has diﬀerent preferences for the same friend based on item topics. The study
shows that the mechanism 1) ﬁlters search results by contacts, and 2) ranks
results according to user preferences for the users who posted those items.
2.3

Summary

We overviewed related work here. Of these related works, we consider the work
of Fleder et al. [11] most relevant. However, our conducted analysis is diﬀerent
from theirs in an important aspect: whilst their ﬁndings are based on theoretical
conduct (still, with actual recommendation engines), we based ourselves on real
usage data. Also, our scenarios are related to the choice models of Fleder et al.
but are broader and more ﬂexible: whilst the deﬁnition of Fleder et al. considers
user behaviour (i.e., the way users react to recommendation), we also allow for
the owner of the recommendation engine to change its conﬁguration. Therefore,
the ‘recommender part’ of a scenario concerns the information that is shown
to the user (i.e., most popular items, random items, most relevant items). If
we know how users react to speciﬁc information (e.g., buy more items if most
popular items are shown), then the engine owner can anticipate on this.
Our extended notion of ‘choice model’ then makes the work of Cosley et
al. [6] (described above) very relevant. Without going into the details of that
study again, remember that it shows that there are speciﬁc eﬀects of how users
react to recommendations. This demonstrates that an engine owner has to put
signiﬁcant eﬀorts into deciding what an engine should show to users in order
to give them the best experience. For ‘creating such a best experience’, the
speciﬁc type of collaborative ﬁltering (explained below) that we use here (i.e.,
by means of ratings) is a complicated one. Ratings are a much-used way to elicit
and show users’ preferences for items. But these preferences are complicated
– people do not necessarily always desire to maximise these in the context of
recommendation. A rating expresses how good a user ﬁnds a particular item
– for example, a complicated art-house movie would, in general, be considered
better than an average blockbuster. However, this does not mean that users
always want to watch art-house movies, e.g., after a week of hard work, one might
prefer to settle for a 3-stars blockbuster. Hence, users do not always maximise
rating when choosing movies. In comparison with other types of collaborative
ﬁltering (e.g., those that show what other items users have seen or bought), this
aspect of preferences must always be kept in mind.

3

Experiments

In this section, we describe the data used as the basis of our experiments (Section
3.1), the recommender algorithm we used (Section 3.2), the various simulation
scenarios considered (Section 3.3), the setup of our simulations (Section 3.4),
and ﬁnally, the various aspects of diversity we measured (Section 3.5).
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The Netﬂix Data

In our experiments we used the original data from Netﬂix and the basic variant
of Funk’s algorithm. Now we will describe the data and the algorithm in more
detail.
The dataset used in the Netﬂix Challenge [5] consists of about 100 million
records which represent ratings given by about 500.000 users to 17.700 movies
over a period of about 6 years. Each record consists of four items: user id,
movie id, date, and rating. Ratings are integers between 1 and 5 that reﬂect
users’ satisfaction levels (the higher the better). This dataset served as a training
set: a recommender algorithm was supposed to use this set to learn how to predict
ratings that could be given by users to movies in the future. To test the accuracy
of various algorithms Netﬂix also provided a test set: around 3 million records
with actual ratings (known to Netﬂix, but not disclosed to the public) replaced
by question marks. The quality of recommender algorithms was measured using
Root-Mean-Squared-Error:


N
1 
RM SE = 
(pi − ti )2
N i=1

(1)

where the sum ranges over all N test records, pi denotes the predicted rating
(which is produced by the tested recommender algorithm) and ti is the true
rating that was given by the user to the movie.
3.2

The SVD Algorithm

The algorithm that we decided to use in our experiments is described in [13]. It
is based on an assumption that the taste of a user can be captured by a vector
of a few numbers called user features, while the corresponding characteristics of
a movie can be expressed by another vector of the same length, movie features.
More formally, we assume that for every user u and movie m, there are two
vectors of length d: user features, fu , and movie features, fm . Additionally, we
assume (and this is a very strong assumption!) that the preference (possible
rating) of user u with respect to movie m, pu,m , can be expressed by a dot
product of both vectors:

pu,m =

d


fu (i)fm (i)

(2)

i=1

The values of feature vectors are unknown, but they can be estimated from the
training data. Let ru,m denote the actual rating given by user u to movie m (as
recorded in the training set). Then the error made by our recommender on the
training set is a function of feature vectors:
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d
1 
RM SE = 
(
fu (i)fm (i) − tu,m )2
N u,m i=1
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(3)

This function, although it involves a huge number of unknowns (d times the
number of users plus d times the number of movies), is relatively simple (after
ignoring the sqrt symbol it becomes a polynomial), so its minimum can be found,
for example, with the help of the gradient descent algorithm.
When optimal values of feature vectors of movies and users are found, Equation 2 can be used for calculating, for any user and movie, the expected rating
the user could give to the movie.
In our simulations we will often have to generate predictions for users or
movies that are new and do not have corresponding feature vectors. In such
situations we use the following rules:
– if both the user and the movie are new then use the average rating of all
available ratings,
– if only the user is new then use the average rating given to the movie by
others,
– if only the movie is new then use the average rating given by the user to
other movies.
3.3

Scenarios

In order to study how diversity changes under various conditions, it is important
to understand the circular nature of a recommender. On one hand, the recommendations a system provides to its users shape the way users act (otherwise
the system cannot be considered of good quality). On the other hand, the way
users select and, in this case, rate items also aﬀects the recommendations that
the system gives in a later stage (assuming that the system is retrained regularly
or adapts on-line).
This circular process, illustrated in Figure 1, can be broken down into ‘rounds’
where one round is deﬁned, for our purpose, as a list of user-movie-rating tuples.
A tuple indicates that a certain user gave a certain rating to a certain movie, and
one round is made up by several people rating several movies. One round has a
direct eﬀect on the next round, and so on. Namely, after every round, new ratings
are processed by the recommendation engine to update the rating model that will
be used in the next round. In other words, the fact that the recommender system
iteratively updates its model after every round has a cumulative eﬀect on rounds
over time, which is aﬀected by user behaviour. As also shown in Figure 1, both
recommender system designers and users can make several choices. For example,
a system might oﬀer the most popular movies to users, and users might either
behave in an accepting manner, or watch and rate other movies.
In this paper, we select several such system-user choice pairs and investigate
their impact of various aspects of the whole process. System-user choice pairs
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Fig. 1. The lifecycle of a recommender, and choices by system designers and users

deﬁne scenarios, and we run a simulation for each scenario. We have identiﬁed
the following 10 scenarios.
1a. The ﬁrst scenario is made up by the recommender providing personalised
lists of items (i.e., the items that are supposed to receive the highest rating)
and all users rate those, and only those, items that are recommended to
them. The number of items that are recommended to a user is the same
as the number of items the user rated in the true data. As the user is
supposed to rate all the items oﬀered by the recommender, we call this
scenario a Yes-men scenario. It is well-known that in the Netﬂix data
the number of items that are rated by individual users follows a powerlaw. Therefore, sometimes we will refer to this scheme as a power-law or a
natural distribution.
1b. A very similar scenario is made up by, as above, providing users with personalised recommendations which are then accepted, but this time the number of movies rated in a round is distributed evenly among users. This
change allows us to investigate the eﬀect of ‘uniformisation’ in a certain
sense. This scenario will be identiﬁed in this paper as Uniform Yes-men.
2a. As the ﬁrst representative of another group of scenarios, we also deﬁne a
scenario in which users are oﬀered the most popular movies so far. Popularity is deﬁned as the number of times a movie has been rated since the
very beginning of the simulation. Note that this is sensitive to initialisation, but we make an attempt to make this less of an issue, as described in
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the next subsection. With this scenario, as before, users accept what they
are oﬀered, and the number of movies users rate follow a power-law. This
scenario is the Popularists.
The counterpart of the above scenario is called Uniform Popularists, in
which the power-law distribution of the previous scenario is replaced by a
uniform distribution.
We also deﬁne a scenario in which users accept what they are given, the
number of movies rated per user is distributed according to a power-law,
but this time it is the so far highest rated movies that get recommended to
users. We identify this scenario as Trend-followers.
The counterpart of Trend-followers are, obviously, the Uniform Trendfollowers, where the power-law is replaced by a forced uniformity.
The next scenario is signiﬁcantly diﬀerent from those discussed so far. In
this scenario, movies that are presented to users are selected at random.
The number of items that are presented to a user is determined in the same
way as in scenario 1a and follows a power-law. This scenario is called the
Randomisers.
To also investigate mixtures of (power-law based) scenarios, we have made
up three scenarios that present a transition from Yes-men to Randomisers. In these three scenarios, we deﬁne a probability with which a user
either accepts what they are personally oﬀered, or rates a random movie
instead. Thus, between the 100% pure Yes-men and pure Randomisers (=
0% Yes-men), we deﬁne scenarios called 75% Yes-Randomisers, 50%
Yes-Randomisers, and 25% Yes-Randomisers, respectively. These scenarios are to allow us to investigate various mixtures of the two scenarios.

The following subsection describes the simulations in general, which is followed
by the description of diversity measures used for the analysis of simulation results.
3.4

Simulations

The outline of a simulation is depicted in Figure 2: ﬁrstly, we initialise the
recommender, then recommend movies to users, who select movies, then they
rate them. Once movies in a round are rated, the recommender (user and movie
proﬁles) is updated, and the next round of simulation starts.
A round, shown as a loop in Figure 2, represents a time period of one month,
i.e. we simulate recommendations and movie ratings of one month before updating the recommender and moving on to the next one-month period. Given that
we use the Netﬂix data for calibration (see the following paragraphs), we have
60 rounds available per scenario. The choice of one month was made so that it
provided us with a suﬃcient number of rounds, a feasible time frame for running
the simulations, and an intuitive unit of simulation rounds.
In order to keep control over the simulations and to keep them realistic, we
‘calibrated’ our simulations with real data. The data we used for calibration was
the Netﬂix dataset (Section 3.1), to which we refer as the ‘true dataset’ in the
remainder of this article. The calibration consisted of several components.

274

W. Kowalczyk, Z. Szlávik, and M.C. Schut

Initial
Profile

Simulated
Profile

Profile updater

Recommender
List of recommended
movies

Choice simulator
List of chosen
movies

True
Profile

Rating simulator
Rated movies

Logger

Fig. 2. Simulation outline

Firstly, in each round of the simulation, the system was allowed to recommend
only those movies that appeared up to the end of that round in the true dataset.
With this method, we aimed at controlling available movies, so the system would
not recommend a movie that was only going to be released the following month.
Secondly, to avoid large variations caused by random initialisation, we initialised the recommender of the simulation using user-movie-rating triplets from
the ﬁrst one year of the Netﬂix data. This allowed us to make comparisons
between our simulations and what happened in reality from year two onwards.
Thirdly, we only simulated movie recommendation and selection, but not
movie rating. In other words, the scenario determined which movies a user got
recommended and chose, but how users actually rated a movie was determined
by their True Proﬁles (TP-s), that were built for them on the whole true dataset.
The reason for this choice was, similar to the choices described above, to keep
more control over the simulation.
The latter two design choices resulted in three kinds of proﬁles for a simulation: an Initial Proﬁle (IP) was built using one year of data from the true
dataset, a True Proﬁle (TP) was built on the whole true dataset, and a Simulated Proﬁle (SP) was updated in each round of the simulation. A Simulated
Proﬁle can be viewed as a proﬁle that evolves from an Initial Proﬁle over time,
as an interaction between users and the recommender system.
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The selection of users in a given round was also controlled. In each round, we
selected the same users that rated movies in the true dataset in the corresponding period. For example, if there were ratings from 5000 users in the dataset
for February 2002, then our simulation also used those 5000 users in the corresponding round. As we used the same ID-s in our simulation as those in the true
dataset, we achieved a control over users’ decisions to rate movies in a round
(or, for that matter, to join and start rating movies at all).
Throughout the simulations, we assumed that no user should rate a movie
more than once, which was also the case in the true dataset. Allowing for a
movie to be rated several times would not have provided us with valid simulation
data. It had been observed in test simulations that users would get the same
recommendations in successive rounds if an item would be allowed to be rerecommended once already rated.
The number of movies that were recommended to a user in a round was
determined by the scenario in use (see power-law and uniform versions of some
scenarios). To allow for comparison with the real situation reﬂected by the true
dataset, the overall number of movies rated in a simulation round was always
the same as in the true dataset.
3.5

Measures of Diversity

For each of the simulations determined by the ten scenarios described in Section
3.3, we measured diversity in various ways. An overview of the used diversity
measures is presented in Table 1.
Table 1. Overview of diversity measures used in our experiments

Overall
Per movie
Per user
Source data: Binary
Source data: 1-5

Unique Movies Global variance User-based variance Entropy Cosine
x
x
x
x
x
x
x
x
x
x

In addition to the diversity measures described below in more detail, we also
calculated the average rating over all users per simulation round. It is considered to be positively related to user satisfaction and recommender system
performance. We calculated the following diversity values in each round of a
simulation:
– The number of Unique Movies rated in the given round. This measure
allows us to see whether all the movies available in a simulation round were
rated by at least one person. It shows diversity in the sense of breadth of
rated movies. Note that, by deﬁnition, the number of unique movies in a
simulation round can not be higher than that of the true dataset for the
same period.
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– Global variance of ratings in a simulation round, and that of the corresponding period in the true dataset. This measures diversity that describes
the breadth of values of ratings given in a certain round. Both this and the
previous measure are overall measures, i.e., they consider a round’s data
without using detailed information about individual users or movies.
– Mean User-based variance of ratings. We take the variance of ratings for
each user of the current round, and then report the mean of these variances.
Note that this measure is not concerned with the number of movies a user
rates.
– Normalised Shannon Entropy of rated movies in a round. The entropy
H is deﬁned as follows:
n
occ(moviei )
(4)
H = − i=1 pi · log(pi ); pi =
count(ratings)
where n is the number of unique movies rated in a round in question, and
occ(moviei ) denotes the number occurrences of the ith movie. As the maximum value of H depends on the number of movies n, we normalise H by
dividing it by log(n).
– Cosine diversity. The Cosine coeﬃcient is a commonly used similarity
measure, which we base another diversity measure upon. For each pair of
selected users, the vectors Ui and Uj are considered, where Ui,m denotes the
rating given by user i to movie m, where m varies over all available movies.
Then the Cosine coeﬃcient is calculated for each possible pair of users. Because the maximal value of the Cosine coeﬃcient – one – indicates perfect
similarity, and we are rather interested in diversity, we consider a Cosine
diversity measure which is deﬁned as shown in Equation 5. For computational eﬃciency reasons, we calculate the coeﬃcients on a randomly selected
sample of n = 1000 users. Our tests show that this sample size is suﬃciently
representative of the whole population of users in a given round.

Ĉ = 1 −

n−1
n
 
Ui · Uj
1
n(n − 1) i=1 j=i+1 Ui  · Uj 

(5)

Having described scenarios, the simulation setup, and diversity measures in this
section, the next section presents and discusses results of the simulations that
we carried out.

4

Results and Analysis

In this section, we present and discuss the results of our simulations. We do this
using six ﬁgures: Figure 3 shows the mean ratings per round per scenario, and
Figures 4 to 8 show various diversity values that we measured throughout the
simulations.
There are a number of aspects from which results of the simulations can be
investigated. After comparing our simulation results to the true dataset, we move
on to discuss further three aspects as identiﬁed in the Introduction:
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1. What is the eﬀect of forcing users to rate the same number of items in each
round?
2. What is the eﬀect of changing the type of information that a recommender
gives to users?
3. What is the eﬀect of mixing groups of users of diﬀerent type?

Fig. 3. Mean ratings over users

4.1

True Data and Simulation Results

As stated above, we ﬁrst compare our simulation results to corresponding measurements on the true dataset.
Figure 3 shows that several of our scenarios resulted in mean ratings consistently higher than values in the true dataset, while some of our simulated values
are lower. One of our scenarios with a mixed model (25% Yes-Randomisers)
matches values of the true dataset quite closely. In other words, from the mean
ratings perspective, when people accept personalised recommendations in 25%
of the time, otherwise rate random movies, we get a similar situation to reality.
In terms of variance (Figures 5 and 6), we can observe that the true dataset’s
variances are consistently and considerably higher than those in our simulations.
This observation can be explained as follows. In our simulations, everyone rates
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movies according to the same “true rating model” that was built from the Netﬂix
data. Therefore, user ratings are fully consistent with this model. However, it
is well-known that humans are inconsistent when they are allowed to rate the
same movie several times. Cosley et al. [6] measured the consistency of user
ratings by asking 212 users to rate some movies and re-rate them again after
6 weeks, collecting in this way 1892 ratings on the 5-stars scale. It turned out
that although the mean of new ratings was almost the same as for old ones (the
diﬀerence in means was about 0.01 stars), the new ratings were quite diﬀerent
from the original ones: 20% of them were lower and 20% were higher. This
means that the variance that could be attributed to a non-deterministic rating
behaviour of humans is about 0.4. However, to avoid problems with extreme
ratings (1 and 5 stars) the experiment considered only ratings that originally
had values of 2, 3 or 4 starts. Therefore, we could speculate that when using
the full scale of 5 stars, there would be additional 20% of the original ‘5 stars’
ratings re-rated as ‘4 stars’ and another 20% of ‘1 star’ ratings that would be
re-rated as ‘2 stars’. In the Netﬂix dataset 27.65% of ratings had value 1 or 5
what leads to a more realistic estimate of the variance that could be attributed
to user inconsistency: 0.3447 = 0.2 ∗ 0.2765 + 0.4 ∗ 0.7235. Here we assume that a
lower or higher rating diﬀers from the original rating by exactly one star. Let us
notice that after correcting the true dataset’s variances by 0.3447 (Figures 5 and
6), they will still be slightly higher than the variances measured on simulated
data.
According to results displayed in Figure 7, the entropy of rated movies per
round is higher than in the true data in several simulations, while lower in some
others, suggesting that perhaps some combination of our scenarios would be able
to model the true data, at least in the entropy sense.
Values of the Cosine diversity (Figure 8) reveal that the selection and ratings
of movies in reality was close to a 1:3 mixture of Yes-men and Randomisers (=
25% Yes-Randomisers). Apart from the pure random scenario, other scenarios
resulted in lower Cosine diversity than those already mentioned in this paragraph. In short, in reality, the diﬀerences in selections of movies between users
are quite high.
Based on the ﬁndings above, we can conclude that the true dataset’s diversity
can be simulated as a mixture of Yes-men and Randomisers, but only in a limited
sense. In other senses of diversity, other mixtures might model reality better.
Looking at this from another perspective, if a recommender system owner wants
to inﬂuence diversity of ratings, e.g., they want higher diversity in some sense,
they might want to make diﬀerent recommendations to diﬀerent people (e.g.,
personalised or popularity-based recommendations), or they might also want to
inﬂuence user behaviour (e.g., by trying to achieve that people act uniformly, so
perhaps they might be easier to ‘handle’). In the next subsection, we investigate
the eﬀect of forcing users to act uniformly, which is followed by the comparison
of what a recommender can oﬀer to users, and that, by the comparison of some
mixture scenarios.
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Fig. 6. User-based average variance of ratings

Fig. 7. Entropy of rated movies
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Fig. 8. Mean Cosine diversity values

4.2

‘Normal’ and ‘Uniform’ Scenarios

To study the eﬀect of every active user rating the same number of movies in a
round (i.e., a kind of forced behaviour), we consider six of our ten simulations.
We analyse the ‘transition’ from Yes-men to Uniform Yes-men, from Popularists
to Uniform Popularists, and from Trend-followers to Uniform Trend-followers,
respectively. We attempt to ﬁnd eﬀects that are common in these three kinds of
transitions.
It is an important observation that uniformity, in the sense we described it in
the paragraph above, drastically decreases the number of movies ever watched.
Figure 4 shows that, by the end of the simulation, in the unforced cases, almost
18.000 movies have been rated by at least one person, while in case of uniformly
distributed numbers of ratings per movie, only around 1.000 movies have been
rated.
When using the uniform versions of scenarios, the global variance of ratings tends to become lower in case of Yes-men and Trend-followers (Figure 5),
however, user-based variance of ratings tends to increase in over three pairs of
scenarios (Figure 6). Considering the two inconsistent pairs of scenarios, this is
a kind of change also observed in [11], where it was found that the use of a recommender system decreases global diversity but increases individual diversity.
As having to use a recommender system can be considered as a forced way of
acting in a uniform way, some of our scenarios, which also simulate a forced way
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of acting uniformly while using a recommender, are in line with their ﬁndings.
Popularist scenarios do not conﬁrm this, however.
The entropy of rated movies (Figure 7) is almost uniform, for uniform versions
of choice models. This is particularly evident when we consider the diﬀerences
between Trend-followers and Uniform Trend-followers as well as between Popularists and Uniform Popularists, and it seems to hold partially in case of the
Yes-men scenarios. However, if one of these uniformities is not true, i.e., they can
either get personalised recommendations or choose as many movies as they want,
entropy stays lower, meaning that there will be movies increasingly more/less
popular over time.
The Cosine diversity values in Figure 8 show that uniform versions of our
models tend to show higher diversity in case of Yes-men and Trend-followers,
and not in Popularists. The latter case can be explained by the fact that, almost
by deﬁnition, the popular movies become even more popular, so Popularists rate
a very limited set of movies (just the most popular ones) what automatically
reduces the diversity of their ratings. In the former two cases, the number of
movies that users have to rate is increasing with the number of required ratings.
This leads to the increase of rating diversity.
On a diﬀerent note, according to our simulations, forced uniformity makes
the mean global ratings decrease (Figure 3), unless the mean ratings are very
low already. This is probably caused by the fact that many users (in the long
tail of the ‘normal’ power-law distribution) need to rate more movies than they
actually like (or know).
Summary Forced uniformity has some negative eﬀects on user behaviour,
such as that the total number of selected items, and that the mean ratings tend to
decrease. However, in several diversity measurements we do not get a very clear
tendency of change. Looking at the results from another angle, if a recommender
owner wants to achieve certain results (higher/lower diversity in some sense,
higher mean rating which might be associated with user satisfaction), they need
to know which recommendation types match which user behaviours. Then, they
might either target groups of users with certain types of recommendations (e.g.,
highest rated movies or most popular ones), or try to change user behaviour
some other way to match what they oﬀer as recommendations.

4.3

Yes-Men, Popularists and Trend-Followers

In this subsection, we compare three groups of simulation results in order to ﬁnd
out how various – fundamentally diﬀerent – movie recommendation approaches
result in various diversity values. The ﬁrst group contains the Yes-men type
results (personalised recommendation), the second is a group of Popularists,
and the third is results by Trend-followers.
In terms of number of unique movies rated (Figure 4), all three approaches
produce the same results. In other words, it does not seem to matter which of
the three approaches is used, the movie coverage will be very similar (though we
are limited here to the movies rated in the real data).
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The variance of ratings is lowest in case of Trend-followers (Figures 5 and 6),
which shows that when highest rated movies are oﬀered to users, the ratings
will be very consistent. The global variance values of Yes-men tend to be higher
than those of Popularists (Figure 5), while Popularists are clearly associated
with higher user-based variance levels than Yes-men (Figure 6). So although the
Popularist approach results in globally more consistent ratings, on a user level,
users get more consistent quality of recommendations in case of a personalised
approach. Quality is more consistent despite the greater ﬂuctuation in variance
for Yes-men (Figure 6), as variance values still tend to stay below those of Popularists.
With respect to the entropy of rated movies (Figure 7), Yes-men and Trendfollowers have the same level of entropy1 , while Popularist movies are more
evenly distributed in terms of how many users watch and rate individual movies.
From these and other results presented in previous paragraphs it is becoming
evident that recommending popular movies results in very diﬀerent simulation
behaviours from the other two approaches.
The diﬀerence of Popularists from Yes-men and Trend-followers is further
backed up by Cosine diversity values in Figure 8. Selections and ratings of movies
by the Popularist approach are considerably more diverse per user, while the
other two approaches produce comparable Cosine diversity values. The diﬀerence
is also shown by the Cosine values being more stable in case of Popularists.
If we take the mean ratings per user (Figure 3), we can see that the ratings of
Popularists are the lowest among the three approaches studied in this subsection.
Also, mean ratings corresponding to Popularists do not increase over time as with
other approaches. The popularity-based approach is clearly diﬀerent from the
other two. As Figure 3 also shows, oﬀering the so far highest rated movies (Trendfollowers) results in the highest mean rating values, which is surprising given
that we would have expected a personalised approach to produce the highest
mean ratings (which we also associate with highest user satisfaction with the
recommender). We speculate that either the level of personalisation is not of
high enough quality then, or that recommending what has been rated highest
so far is actually better than personalisation (of this kind).
Summary. Trend-followers are associated with the highest mean values, and
often with the lowest diversity values (which indicate consistent quality of recommendations). Recommending highest rated movies, hence, makes sense, and
it seems that the rating scale is just good enough to let new movies also be
recommended (so they get a chance of getting high ratings). Also, a strictly
popularity-based approach does not perform well according to our simulations,
and does not produce consistent ratings: it is highly dependent on the initial
set of movies rated, so when new items enter the database, they stand little
chance of being recommended to many users. Hence, we think that a popularitybased approach should always be coupled with a promotion-based one (not
1

Now we only consider the power-law versions of scenarios as i) they are the ‘normal’
cases (see true dataset), and ii) there are great entropy diﬀerences between these
and uniform versions, which have already been addressed in the previous subsection.

284

W. Kowalczyk, Z. Szlávik, and M.C. Schut

investigated in this paper), so there can be a balance between old, popular
movies, and new, potentially popular movies.
A diﬀerent kind of mixture is investigated in the next section, which studies
the gradual transition from a Yes-men approach to a totally random selection
of movies.

4.4

From Yes-Men to Random Selection

In this section we investigate how diversities and main ratings change as we introduce noise into personalised recommendations. Whether the source of noise,
i.e. randomness, comes from the user rejecting recommendations and rating other
movies, or from the recommender introducing random movies (for example, to facilitate exploration of movies), it does not make a diﬀerence for our purpose. One
of the questions we aim to answer is whether we can model the true dataset as a
combination of Yes-men and noise. If this can be done, further research into recommenders and user behaviour could be made easier. For our investigation, we
consider ﬁve scenarios in which randomness gradually ranges from 100% to 0%.
As Figure 3 shows, as we introduce more randomness into the personalised recommender approach, average ratings will gradually decrease. This is natural, as
noise can not really be considered ‘quality’. What is noticeable though, is that if
users take only 25% of the personalised recommendations, we end up with mean
ratings that closely match reality. So we might say that there is a lot to improve
on the recommender producing the true dataset, but we also need to keep in mind
that there are considerable diﬀerences between reality and our simulations (diﬀerent recommender engine, various user behaviours in reality, etc.).
In terms of both types of rating variances measured (Figures 5 and 6), there
do not seem to be a mixture that would model reality (even if reality is corrected by intra-user variability mentioned already). Also, there is no monotonic
function that would show a clear transition from Yes-men to Randomisers. As
the ﬁgures show, a 50% noise level (an even mixture) seems to give the highest
variance in ratings. This is due to the fact that the mean ratings of Yes-men
and Randomisers are relatively far apart, and low in variance, and, as there are
both low and high ratings in mixture scenarios, the variance of mixtures should
indeed be higher, reaching their peak at around a 50-50% mixture.
Regarding entropy (Figure 7), it seems possible to match reality relatively
closely, although this is not achieved the same way as for the mean (i.e. with 25%
Yes-Randomisers). The mixture that models reality would roughly be a 65% YesRandomisers scenario. Comparing entropy values of various levels of randomness,
by deﬁnition, a totally random approach results in the highest entropy, while less
noise results in movies less evenly distributed.
As for entropy, Cosine diversity values (Figure 8) also show the highest possible value for Randomisers, and that a mixture can model reality quite closely.
However, now it is again the 25% Yes-Randomisers that ﬁt the true data well
(just as for the mean ratings). With respect to the overall values of Cosine diversity, total randomness results in users’ selections and ratings being the most
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diﬀerent from one another, and less noise makes people select and rate movies
more similarly.
Summary. Introducing noise to personalised movie recommendations can model
reality, although not consistently across diversity measures. This shows that,
naturally, reality is more complicated than a single recommendation algorithm
plus a somewhat random user behaviour. However, for speciﬁc purposes, we
believe that such mixtures can be useful for future studies of recommenders.

5

Conclusions

In this paper, we have investigated how diversity changes under diﬀerent scenarios determined by 1) the type of information a recommender oﬀers, and 2) the
behaviour of users of the recommender. We have considered four main types of
recommender-user interaction styles: Yes-men, Trend-followers, Popularists and
Randomisers. Depending on the number of items that users rate we have identiﬁed two variants of each type (except Randomisers): ‘power law’, where users
rate the same number of movies as in Netﬂix data, and ‘uniform’, where each
user rates the same number of movies. Additionally, we have analysed mixtures
of users of Yes-men and Randomiser type, using proportions of 25%, 50% and
75%.
For each of the 10 scenarios we have performed extensive simulations of 60
rounds (covering the period of 5 years) collecting, for each round, the following
diversity measures:
–
–
–
–
–

the mean and the variance of ratings,
the mean of user-based variances of ratings,
the number of unique movies rated in a given round,
the normalised Shannon entropy of rated movies,
Cosine diversity of users’ ratings.

The analysis of results demonstrates a big variability of the simulated scenarios.
In particular, it turned out that for non-uniform scenarios:
– the mean rating is highest for Trend-followers, then Yes-men, followed by
Popularists and Randomisers,
– the diversity of rated movies (entropy) is biggest for Randomisers, then Popularists, followed by both Yes-men and Trend-followers,
– the diversity of user ratings (Cosine diversity) is biggest for Randomisers,
then Popularists, followed by Yes-men and Trend-followers.
None of the simulated scenario mimics the behaviour of Netﬂix clients. This may
have been caused by the fact, that these clients do not form a uniform group
that falls under one of our scenarios. Finding mixtures of scenarios that reﬂect
real-life user behaviour is beyond the scope of this paper, but is certainly worth
further investigation.
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Our results have some practical consequences for designers of recommender
systems. We have found that imposing the uniform selection mechanism has
some negative eﬀects. For example, the average ratings of Yes-men and Trendfollowers signiﬁcantly drop, suggesting lower user satisfaction. Additionally, to
achieve certain targets (e.g., high ratings which could be attributed to the high
performance of the recommender system), user groups that behave according
to certain patterns need to be identiﬁed. Once it is known how groups of users
behave, they can be oﬀered appropriate kinds of recommendations (e.g., personalised lists of items, most popular items, or certain mixtures) in order to achieve
the previously identiﬁed targets.
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