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A B S T R A C T

Recommender systems’ (RSs) research has mostly focused on algorithms aimed at improving
platform owners’ revenues and user’s satisfaction. However, RSs have additional effects, which
are related to their impact on users’ choices. In order to avoid an undesired system behaviour
and anticipate the effects of an RS, the literature suggests employing simulations.

In this article we present a novel, well grounded and flexible simulation framework. We
adopt a stochastic user’s choice model and simulate users’ repeated choices for items in the
presence of alternative RSs. Properties of the simulated choices, such as their diversity and their
quality, are analysed. We state four research questions, also motivated by identified research
gaps, which are addressed by conducting an experimental study where three different data
sets and five alternative RSs are used. We identify some important effects of RSs. We find that
non-personalised RSs result in choices for items that have a larger predicted rating compared to
personalised RSs. Moreover, when a user’s awareness set, which is the set containing the items
that she can choose from, increases, then choices are more diverse, but the average quality
(rating) of the choices decreases. Additionally, in order to achieve a higher choice diversity,
increasing the awareness of the users is shown to be a more effective remedy than increasing
the number of recommendations offered to the users.

. Introduction

Recommender systems (RSs) have become indispensable tools for supporting online users in their decision making activity (Ricci
t al., 2015). The research on RSs has been primarily dedicated to optimising the precision of the recommendations, which has
een considered an important indicator of the goodness of the RS (Alhijawi & Kilani, 2020; Li et al., 2007). However, standard RSs
valuation methods, which have been used to measure recommendation precision, do not assess important properties of the actual
sers’ choices for items, which are informed and stimulated by the recommendations. Choices are the items chosen by the users
hen exposed to the system’s recommendations. It is important to stress this distinction between recommendations and choices,
ecause not all the recommendations become users’ choices, and users, in real scenarios, often choose items that have not been
ecommended.

Fortunately, nowadays, there is a growing attention to better understand the effects of RSs on users’ decision making, also
ecause it has been shown that RSs suffer from various types of biases, e.g., the popularity bias (Abdollahpouri et al., 2020; Fleder
Hosanagar, 2009; Mansoury et al., 2020; Matt et al., 2013; Yalcin & Bilge, 2021; Yao et al., 2021). Hence, the effect of RSs on

sers’ choice behaviour has become a topic, studied by either conducting online user studies, i.e., by observing the effect of RSs on
he choices of real users (Lee & Hosanagar, 2014, 2019, 2021; Matt et al., 2013; Zhu et al., 2018), or by designing algorithmic offline
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simulations of the users’ choices in the presence of an RS (Fleder & Hosanagar, 2007, 2009; Hazrati et al., 2020; Nadolski et al.,
2009; Szlávik et al., 2011; Yao et al., 2021). While observing the choices of real subjects is probably the most reliable method, it also
brings the complexity and cost of building an operational RS and running (many of) such evaluations. Conversely, the simulation of
an RS’s effect on users’ choices is simpler to implement and enables to test alternative system configurations. In simulation studies,
repeated simulated choices of the users, even for a long (simulated) temporal interval, are generated, while the users are influenced
by a target RS. In the analysis of the simulated users’ choices, various metrics, which capture the distribution and quality of the
choices, have been considered: the Gini index (Fleder & Hosanagar, 2009), the catalogue coverage of the choices and the average
users’ ratings of the choices (Szlávik et al., 2011).

Simulation of users’ choices has produced some interesting results, hence showing its validity and importance for understanding
he RSs’ effect on users. However, a simulation always provides a partial reconstruction of the reality and specific assumptions must
e made. By analysing the state of the art, we found that some of these assumptions are too restricted and could be relaxed, hence
more reliable simulation framework can be produced. In fact, previous simulation studies, in order to define the possible choices

nd the users’ choice model, have used synthetic data (items and users’ profiles) instead of real users and item descriptions, which
an be derived from operational system log data (Chaney et al., 2018; Fleder & Hosanagar, 2009). Others did not properly model
he knowledge of the users for the catalogue of items and the user preferences for items, which influence their choices (Szlávik
t al., 2011).

In our study, we address these limitations by deriving items and users information from three systems’ log data sets of users’
atings for purchased (chosen) items (Amazon data sets). Moreover, we provide a more realistic definition of the users’ knowledge
f the items by defining a user specific awareness set. We also model the users’ preferences for items with a novel debiased Matrix
actorisation rating prediction approach (Schnabel et al., 2016). These solutions were never used in previous simulations and make
t possible to obtain a more reliable and realistic assessment of RSs effect. Moreover, previously conducted simulations did not
valuate the role of some important contextual settings: how many items are recommended and how wide is the users’ knowledge
f the items catalogue (awareness set). We fully analyse the impact of these important settings.

In the rest of this article, we first sketch the proposed approach and list the research questions that we address (Section 2). Then,
fter having discussed the state of the art in Section 3, we detail the proposed simulation framework (Section 4) and the design of
he simulation experiments (Section 5). The experimental results are presented in Section 6. In Section 7 we compare our results
ith those obtained by previous studies. Finally, in Section 8 we summarise the obtained results, we discuss some limitations of our
pproach and we indicate important future lines of research.

. Simulation framework and research questions

.1. Proposed simulation framework

Fig. 1 shows the general schema of the proposed simulation framework. The full details of this model will be described later on,
ut we give here a description of the most important components: the simulated user, the user’s awareness set and the recommender
ystem. The simulated user is described by a choice model that, based on the estimated utility of items, makes it possible to simulate
epeated choices for items belonging to the awareness set. The user specific awareness set contains items that the user is supposed to
now before the recommendations are provided, plus the recommended items. In fact, the user is supposed to have some previous
nowledge of popular items and items that are estimated to have a large utility, i.e., items that the user tends to appreciate. The
tility of the items is estimated by using an existing rating data set, hence, we try to generate a precise model of the user’s preferences
y using all the available information about the user. Finally, the recommender system computes recommendations on the base of
he simulated users’ choices (this user and all the other simulated users). Hence, the RS, as new choices are simulated, adapts the
ecommendations to the observed preferences (choices) of the users. This creates a dynamic scenario where the RS adapts to the
bserved users’ choices and the user choices are influenced by the RS. We study the variation of important metrics that describe
he diversity and quality of the users’ choices in this scenario.

.2. Research questions

After the analysis of the literature, discussed in Section 3, we have decided to focus on the following important and yet not
learly answered research questions.

. RQ1: How personalised and non-personalised RSs affect the evolution of choice diversity? What features of the RSs determine
their specific impact? Personalised RSs produces a specific recommendation set for each user, hence, they should also produce
more diverse choices, but how specific contextual parameters such as the number of recommendations and the user’s awareness
affect the diversity of the choices is worth to be analysed.

. RQ2: Do personalised RSs suggest items that users rate higher than non-personalised RSs? Personalised RSs are supposed to
perform better than non-personalised RSs, i.e., they should have better precision. But, it is important to verify under which
conditions personalised RSs outperform non-personalised ones when measuring the quality of the users’ choices, i.e., the users’
2

ratings given to their choices.
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Fig. 1. General schema of the proposed simulation framework.

3. RQ3: Does a better users’ awareness of the catalogue of the items, i.e., being aware of a larger number of items, lead to better
choices, that is, higher users’ rating for the choices? We expect that when the awareness of the catalogue increases, the diversity
will increase as well, but the choice’s rating could decrease because fewer recommendations are chosen, and recommendations
are supposed to produce better choices (i.e., with higher ratings).

4. RQ4: Is a larger recommendation set producing an increase of choice diversity? If yes, has the awareness set size a larger or
smaller effect on choice diversity than the recommendation set size? While recommending more items should result in a higher
choice diversity, increasing the awareness set size may even be more effective in diversifying the choices.

3. Related work

The studies dedicated to analysing the effect of RSs on users’ choice behaviour have followed two main approaches: online
experiments and simulation of user behaviour. In online experiments, a web platform offering products to users, while alternative
RSs make recommendations to users, is implemented. Then, the measurable effect of the used RSs on the actual users’ choices is
compared (Matt et al., 2013; Senecal et al., 2005; Zhu et al., 2018). Matt et al. (2013) designed a website offering music tracks
to users. They randomly assigned users to five distinct groups. In each group a specific RS suggests items to the users. Then, they
analyse the effect of the implemented RSs on users’ choices by measuring diversity metrics such as the Gini index (Dorfman, 1979).
Even though their results are interesting, they have tested their hypotheses only on a small set of users (32 users) and one single
domain (music domain).

Online experiments have achieved interesting results that show some effects of RSs on users’ choice behaviour. However, they
offer a limited perspective, because only a few scenarios can be analysed and it is difficult to generalise the obtained results. As a
consequence, few researchers have followed this approach.

Conversely, the simulation of users’ choice behaviour is simpler to implement and many alternative conditions can be studied. In
a simulation, a collection of simulated users (agents) make (repeated) choices for items, while an RS is also simulated to affect the
users’ choices. Simulations of user behaviour in RSs have been primarily used to evaluate reinforcement-learning approaches (Huang
et al., 2020; Ie et al., 2019; Zhao et al., 2019). However, some studies have adopted the simulation approach to understand users’
choice behaviour in the presence of more general RSs (Bountouridis et al., 2019; Fleder & Hosanagar, 2007, 2009; Hazrati et al.,
2019; Nadolski et al., 2009; Sie et al., 2010; Szlávik et al., 2011; Umeda et al., 2014).

Fleder and Hosanagar (2009) introduced a simulation procedure in which the users iteratively select items among a small set of
candidate fictitious products based on a probabilistic multinomial-logit choice model (Brock & Durlauf, 2002). The model is based
on randomly generated utility functions, one for each user: the higher is the computed item utility, the more likely the item is chosen.
They were the first to assume and simulate that users cannot select an arbitrary catalogue item, but only items in a smaller, user
specific set, called awareness set, that represents the users’ knowledge of the items in the catalogue. Furthermore, a recommended
item is assumed to receive an increased utility for the target user. This simulates the recommendation’s effect to increase the visibility
and salience of an item and consequently the user’s estimation of its utility. Finally, they observed the effect of RSs on the users’
choices in terms of choices’ diversity. While, this study warned about the lack of diversity that could be produced by an RS, it was
conducted on a small set of (50) fictitious users and items. Conversely, our simulation approach is designed to use more realistic and
large data sets of logged user/item interactions (Amazon eCommerce platform). Moreover, while Fleder and Hosanagar (2009) used
a random utility function for each user, in our simulation (see Fig. 1), the utility functions are derived from the above mentioned
data sets of real users’ choices and ratings. Furthermore, they assume that in each time interval of the simulation, each user makes
a single choice, while we extract from the log data set the number of simulated choices that each user makes.

In another work, Bountouridis et al. (2019) adopt a simulation framework similar to that proposed in Fleder and Hosanagar
3

(2009) and they apply it to the news domain. Their simulation allows content providers to select different RSs and analyse their
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Table 1
Summary list of the most important symbols and notations.
𝑈 Full set of users
𝐼 Full set of items
𝑅 Matrix of observed ratings in the log data
�̂� Matrix of observed and predicted ratings
𝐿 Number of the simulated time intervals
𝑡0 Starting time point of the simulation
𝑡𝑙 End time point of the 𝑙’th time interval
]𝑡𝑙−1 , 𝑡𝑙] Time interval between 𝑡𝑙−1 (excluded) , 𝑡𝑙 (included)
𝑃 Binary |𝑈 | × |𝐼| matrix of the observed choices in the log data
𝑃 0 Matrix of the observed choices in the log data until 𝑡0
𝑃 𝑙 Matrix of the observed choices in the log data in ]𝑡𝑙−1 , 𝑡𝑙]
𝑃 𝑙 Matrix of the simulated choices in ]𝑡𝑙−1 , 𝑡𝑙]
𝑐𝑙 List of the users who make simulated choices in ]𝑡𝑙−1 , 𝑡𝑙]
𝑀𝑙 Size of 𝑐𝑙
�̂�𝑙 Matrix of the observed choices in ]𝑡 = 0, 𝑡0] and simulated choices in ]𝑡0 , 𝑡𝑙]
𝑡𝑢𝑗 The time point of the observed user 𝑢 choice of the item 𝑗
𝐴𝑙

𝑢 Awareness set of 𝑢 in ]𝑡𝑙−1 , 𝑡𝑙]
𝐴 Size of all the users’ awareness set
𝑣𝑢𝑖 Utility of the user 𝑢 for choosing item 𝑖
𝛿 Multiplicative factor increase of utility of a recommended item
𝑐 Scaling factor for transforming a rating into a utility value
𝑘 Number of recommendations

effects with respect to two diversity metrics: long-tail diversity and unexpectedness (Vargas, 2015). Chaney et al. (2018) have also
performed a simulation study of users’ choices, where, similarly to our study, they aim at understanding the influence of alternative
RSs on users. They simulate users’ choices within consecutive time intervals with six alternative RSs that are retrained at the end
of each time interval based on simulated choices. By measuring users’ choice diversity, they show that RSs’ feedback loop causes
homogeneity of users in their preferences. However, unlike our simulations, their utility function is based on synthetic data and
they assume that all the users make the same number of choices in the simulation.

Another important simulation study is described in Szlávik et al. (2011). The authors simulate six choice models and one
S (Funk, 2006). The choice models simulate users with different acceptance probability of the recommendations, namely, the
imulated users may only select a recommended item or could also select other items. Choices are simulated for consecutive time
ntervals, and, similarly to our approach, they retrain the RS at the end of each time interval. They measured multiple metrics
epresenting users’ choice diversity. Comparing this study to our work, while Szlávik et al. (2011) aims at comparing the effect
f ‘‘alternative choice models’’ on the choice behaviour, we aim at understanding the effect of ‘‘alternative RSs’’ on the choice.
oreover, Szlávik et al. (2011) do not consider the users’ awareness of the catalogue, i.e., their simulated users can choose any

tem in the catalogue, which is not realistic. However, similarly to our study, they use a data set of logged users’ choices in their
imulation.

In a more recent work Yao et al. (2021) simulated users’ choices, with alternative choice models. Similarly to our framework,
hey consider the users’ awareness and their utility function is based on a real choice data set. But, their goal is to analyse RSs effect
n items’ popularity distribution, and therefore they considered different degrees of users’ preferences for choosing popular items.

As we have noted above, the cited simulation studies make alternative assumptions on the users’ preferences, choice models,
tems and frequency of choices. Hence, comparing the obtained results is by far easy and straightforward. We further discuss some
f the differences between the finding of the previous studies and our findings in Section 7.

. Simulation framework

Our target scenario is an information system where there are users and items. Users repeatedly select items over time. Here, an
S is supposed to support users’ decision making. We assume that it is possible to access the log data of the system, i.e., ratings
iven to items, and in this way it is possible to estimate the utility of the items for the users. We want to build a simulation process
hat, starting from an initial set of system log data, the data present in the log up to a certain point in time, simulates the subsequent
hoices made by the users after that point in time, also simulating the effect of the RS, providing recommendations to the simulated
sers. Moreover, we would like to compare the simulated choices with the actual choices that are present in the log data set, after
he time point when the simulation started. This can be used to study and understand the effect of an RS when is deployed in the
arget information system.

We denote with 𝑈 the full set of users and 𝐼 the full set of items that appear in the system data log. The most important symbols
nd notations used in this paper are listed in Table 1. The users’ ratings for the items, which are in system log, are assumed to be
tored in a |𝑈 | × |𝐼| matrix 𝑅 and 𝑟𝑢𝑗 indicates the logged rating of the user 𝑢 for the item 𝑗. By using a rating prediction method
IPS-MF) we also predict missing ratings in 𝑅 and we compute �̂�, where �̂�𝑢𝑗 indicates the predicted rating of the user 𝑢 for the item
𝑗. The predicted ratings provide the estimated utility of the items (see Fig. 1) that is used in the simulation of the users’ choices.
More details on rating prediction are given in Section 4.4.
4
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Let 𝑃 be the |𝑈 | × |𝐼| matrix of system logged choices, where an element of this matrix 𝑝𝑢𝑗 is 1 if the user 𝑢, in the system
log data, has chosen the item 𝑗 and 𝑝𝑢𝑗 = 0 otherwise. We assume that ratings in the system log data are given to items that the
users have chosen. Hence, we derive the matrix 𝑃 of logged choices from the matrix 𝑅. Moreover, the logged users’ choices are
time-stamped: 𝑡𝑢𝑗 is the time when the user 𝑢 chose item 𝑗. Assume that 𝑡0 is a selected time point that is the time point of the start
of the simulation; we denote with 𝑃 0, the initial choice matrix, formed by all the logged true choices 𝑝𝑢𝑗 , s.t. 𝑡𝑢𝑗 ≤ 𝑡0. The simulation
procedure starts from this initial knowledge and aims at simulating users’ choices made after this time point under alternative
simulation conditions. We consider successive time intervals, after one or more months, from the time point 𝑡0. For instance, ]𝑡0, 𝑡1]
enotes the time interval spanning from 𝑡0 (excluded) to 𝑡1 (included), 𝑡1 is a time point one month after 𝑡0 and 𝑃 1 is the matrix
ontaining the observed, in the log data, choices in that interval. The simulation iterates on these time intervals to identify 𝑃 𝑙,
hich is the matrix of the simulated choices in ]𝑡𝑙−1, 𝑡𝑙], and the aggregated simulated choices 𝑄𝑙 = 𝑃 0 + 𝑃 1 + ⋯𝑃 𝑙. We assume

hat in each time interval ]𝑡𝑙−1, 𝑡𝑙], the users choose items one after another. A simulated user’s choice involves three computational
teps (cf. Fig. 1):

. Awareness set : The user’s awareness set is built and contains the alternative options that the simulated user may actually choose
(Section 4.1).

. Recommendation: An RS suggests some items to the user ad extends the awareness set. Moreover, the RS influences the user and
this is implemented by increasing the estimated utility of an item. This also increases the probability that a recommended item
is chosen, compared to the case when the item is present in the awareness set but is not recommended (Section 4.2).

. Choice: The user makes a choice among the items in the awareness set by using the choice model: a (stochastic) function of
the estimated utilities of the items in the awareness set. The estimated utilities are proportional to the estimated ratings �̂�𝑢𝑖
(Section 4.3).

.1. Awareness set

As we mentioned earlier, we make the reasonable assumption that users are not aware of the entire catalogue of the items and
an only choose items from a personalised subset of the catalogue called awareness set. The awareness set 𝐴𝑙

𝑢 contains the items that
he user 𝑢 can choose at the 𝑙th time interval, ]𝑡𝑙−1, 𝑡𝑙]. In the simulation described in this paper, 𝐴𝑙

𝑢 is assumed to be of a target size
𝐴𝑙
𝑢| = 𝐴, which is the same for all the users 𝑢 ∈ 𝑈 , e.g., it may contain 500 items of the catalogue. 𝐴𝑙

𝑢 includes the top 𝐴 items
n two ranked lists, 𝑃𝑜𝑝𝑢 and 𝐻𝑢𝑡𝑢: the most popular items and the items with the largest predicted utility (rating), plus a small
ercentage of random items.

𝑃𝑜𝑝𝑢 contains the items, which have not been chosen by 𝑢 before, sorted with respect to their popularity. The popularity of an
item is equal to the number of times the item was chosen by the other users in the previous time intervals. Hence, we make the
assumption that users are more likely to know the popular items in the system (Sampaio et al., 2006; Teixeira et al., 2002).
𝐻𝑢𝑡𝑢 contains the items, not chosen by 𝑢 before the current time interval, sorted with respect to their predicted rating (or
equivalently, utility). The predicted ratings in �̂� are computed by using the IPS-MF model (see Section 4.4). In order to correctly
simulate the users’ preferences, the full knowledge of the system logged data is used in this prediction.

These two ranked lists are then combined by using the Borda count aggregation method (Saari, 1985). In Borda count, the ranks
f the voters (𝑃𝑜𝑝𝑢 and 𝐻𝑢𝑡𝑢 in our case) are converted into scores: the highest rank gets the largest score. Then the items are
anked based on the sum of their 𝑃𝑜𝑝𝑢 and 𝐻𝑢𝑡𝑢 scores. The top 𝛼 ∗ 𝐴 items from this aggregated list are included in the awareness
et (𝛼 ∈ [0, 1]). Then, the remaining (1 − 𝛼) ∗ 𝐴 elements of the awareness set are random items. Random items are added to the
wareness set because real users are actually unpredictable and do not only choose among popular and with high estimated rating
tems. We set 𝛼 to 90%, so, most of the awareness set is composed of top items in the lists 𝑃𝑜𝑝𝑢 and 𝐻𝑢𝑡𝑢.

We also assume that a user does not choose an item more than one time. In fact, the data sets that we consider are for products
books, games and apps) that are typically purchased only once. Hence, an item 𝑗 is removed from 𝑢’s awareness set after it is

selected once, so that it cannot be selected twice.

4.2. Recommender systems

An RS generates for each user 𝑢 in a time interval 𝑙 recommendations that are added to the user awareness set 𝐴𝑙
𝑢. The number of

recommendations 𝑘 is a parameter that is varied in the simulations (Section 5.3). The RS, to simulate a realistic scenario, computes
the recommendations only on the base of the initial set of ratings, before time 𝑡0 and the successive simulated choices of the users.
Conversely, the ratings, �̂�, which are predicted by the IPS-MF model (see Section 4.4) are only used to simulate the users’ choices.

• PCF — Popularity-based Collaborative Filtering: is a neighbourhood-based CF RS that computes the cosine similarity between the
0/1 choices’ vector of a target user 𝑢, 𝑞𝑙−1𝑢 and the choice vector of the other users to find the nearest neighbours. The top-k
popular items among the choices of the nearest neighbour users are recommended to the target user.

• LPCF — Low Popularity-based Collaborative Filtering: is similar to PCF, but it penalises the score computed by PCF by multiplying
it with the inverse of their popularity. The top-k scored items are recommended.

• FM — Factor Model: is a Factor Model (FM) RS which generates recommendations following the approach proposed in Hu et al.
5

(2008).
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• POP — Popularity-based: The top-k popular items in terms of the number of times that they were selected by the users in the past
are recommended.

• AR — Average Rating: The items are scored with a variation of the average predicted rating. A weighted average is calculated for
each item as follows:

𝑤𝑟 = 𝑣
𝑣 + 𝑚

× 𝑅 + 𝑚
𝑣 + 𝑚

× 𝐵 (1)

Where 𝑅 is the average rating for the item, 𝑣 is the number of times that this item is rated, 𝑚 is the minimum number of ratings
required to be considered by the RS, 𝐵 is the average of all of the ratings in the data set. The top-k scored items are recommended.

Additionally, we simulate a scenario, called NO-RS, where users do not receive any recommendations; they only choose items in
their awareness sets.

Finally, it is worth noting that when we simulate the users’ choices in each target time interval, the personalised RSs (PCF, LPCF
and FM) do not compute recommendations for the new users, i.e., those who enter the system with their first choice on that month.
New users are then simulated to make choices only among the items in their awareness sets. Obviously, new users, instead, always
can receive recommendations generated by POP and AR since these two RSs are not personalised.

4.3. Choice model

During a time interval, a simulated user is given the chance to make some choices for items according to a multinomial logit
model (Anas, 1983; Fleder & Hosanagar, 2007, 2009; Hazrati et al., 2020). We decided to apply the same choice model that was
used in past experiments to make our results comparable to these ones; alternative choice models can be considered in the future.

When a user 𝑢 makes a simulated choice she estimates the utility 𝑣𝑢𝑖 of the items 𝑖 ∈ 𝐴𝑙
𝑢 and then makes a choice with the

following probability:

𝑝(𝑢 𝑐ℎ𝑜𝑜𝑠𝑒𝑠 𝑖) = 𝑒𝑣𝑢𝑖
∑

𝑗∈𝐴𝑙
𝑢
𝑒𝑣𝑢𝑗

(2)

Hence, items with larger utility are more likely to be chosen, but the user does not necessarily select the item with the largest
tility. This assumption tries to take into account the potential errors introduced by the estimation of the utility and the fact that
o decision maker is perfectly rational, i.e., follows the standard utility maximisation model (von Neumann & Morgenstern, 1953).
he utility of an item 𝑖 for the user 𝑢 is proportional to the estimated rating of user 𝑢 for item 𝑖:

𝑣𝑢𝑖 = (�̂�𝑢𝑖 − 1) ∗ 𝑐 (3)

In fact, ratings in the considered log data sets are in the [1, 5] scale, hence utility is converted into a [0, 4 ∗ 𝑐] scale. The parameter
adjusts the influence of the rating in the choice model: the larger is 𝑐 the more likely the user will be to choose an item with

arger predicted rating. The value of 𝑐 will be discussed later in this paper when we will describe the three log data sets that we
ave used in our experiments (Section 5.3).

As we have already mentioned, if an item 𝑖 is recommended to the user 𝑢 by an RS, it is added to the awareness set of 𝑢. But, in
addition to that, the utility 𝑣𝑢𝑖 is increased (boosted) by a multiplicative factor 𝛿 > 1, before the choice is made. Hence, the utility
𝑣𝑢𝑖 of a recommended item 𝑖 is actually as follows:

𝑣𝑢𝑖 = 𝛿 ∗ (�̂�𝑢𝑖 − 1) ∗ 𝑐 (4)

Hence, the recommended item becomes marginally more likely to be chosen by the user, compared to an item with the same
tility, but not recommended.

.4. IPS-MF model for rating prediction

In order to predict an item’s rating �̂�𝑢𝑖 and then its utility 𝑣𝑢𝑖, we use the full set of ratings actually present in the considered
ystem log data set. However, in general, the observed ratings are subject to selection bias, and therefore any rating estimation
ased on observed ratings is also biased. For example, in a movie website, users typically watch and rate those movies that they like
nd rarely rate movies that they do not like (Pradel et al., 2012), unless they made a bad choice and watched a movie that they did
ot like. This produces a situation where data are said to be ‘‘Missing Not At Random’’ (MNAR) (Marlin & Zemel, 2009; Schnabel
t al., 2016). MNAR data is typically subject to positivity bias, which happens because higher ratings are over-represented; thus,
he average rating is skewed upwards (Boratto et al., 2021; Huang et al., 2020; Pradel et al., 2012; Schnabel et al., 2016; Yalcin

Bilge, 2021). Therefore, in order to debias rating predictions computed with the available data, we use Inverse Propensity Score
Matrix Factorisation (IPS-MF) (Schnabel et al., 2016). IPS-MF modifies the loss function of a matrix factorisation model by taking
6

into account the inverse probability of a user rating an item.
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Fig. 2. Simulation procedure in time interval ]𝑡𝑙−1 , 𝑡𝑙] (𝑀𝑙 choices).

.5. Simulation procedure

We summarise here the complete simulation procedure, which makes use of the modelling assumptions described before. In each
ime interval ]𝑡𝑙−1, 𝑡𝑙], 𝑙 = 1,… , 𝐿, 𝑀𝑙 choices are made by the users, where 𝑀𝑙 is equal to number of choices observed in the 𝑙th
ime interval in the system log data. Moreover, the simulation considers five alternative RSs (PCF, LPCF, FM, POP, and AR) and
enerates recommendations before a user makes a choice.

Fig. 2 shows the procedure of simulating one time interval’s choices (e.g., in the interval ]𝑡𝑙−1, 𝑡𝑙]). At the beginning, one of the
Ss is trained and the awareness sets of all the users are built. Then, we insert, in a random way, the users (with repetitions) in

he list 𝑐𝑙 = (𝑢1,… , 𝑢𝑀𝑙
). Each user can appear in 𝑐𝑙 several times: this is equal to the number of times she made a choice, as it is

ecorded in the log data set, in the considered time interval ]𝑡𝑙−1, 𝑡𝑙]. The list 𝑐𝑙 gives the (inessential) order in which the simulated
users are going to make their choices in this interval. Before a choice for user 𝑢𝑖 is simulated, the recommended items for 𝑢𝑖 are
added to the awareness set 𝐴𝑙

𝑢𝑖
and their utilities are boosted according to Eq. (4). At this point, a choice for 𝑢𝑖 is simulated. Then, if

𝑖 is not already equal to 𝑀𝑙, a new choice for user 𝑢𝑖+1 is simulated. After all the 𝑀𝑙 choices in ]𝑡𝑙−1, 𝑡𝑙] are simulated, these choices
are inserted in 𝑃 𝑙 and the full simulation procedure continues to the next time interval and fills the matrix 𝑃 𝑙+1, until all the 𝐿 time
intervals are considered (10 in our simulations).

5. Simulation experiment design

5.1. Evaluation metrics

We are interested in measuring the diversity and the quality of the simulated choices. Both are essential properties of the users’
choices. Knowing the effect of an RS on these metrics can inform the decision to utilise a specific one in a real application. We
introduce here metrics that capture these properties.

5.1.1. Gini index
The diversity of the users’ choices is measured with the Gini index, which is often used to quantify inequality and has been

previously adopted in related studies to measure sales diversity (Adamopoulos et al., 2015; Fleder & Hosanagar, 2007, 2009; Lee
& Hosanagar, 2019; Matt et al., 2013; Szlávik et al., 2011). Dorfman (1979) discussed the Gini index in detail. A higher Gini
index indicates lower choice diversity. For instance, a Gini index equal to 0 is obtained when the choices are perfectly uniformly
distributed, i.e., all the items have been chosen the same number of times. Conversely, a Gini index close to 1 signals that the
majority of the choices are concentrated on a very small set of items. We observe that diversity is considered a positive feature and,
actually, the lack of diversity is perceived as an adverse effect of RSs (Fleder & Hosanagar, 2007; Matt et al., 2013; Szlávik et al.,
2011).
7
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5.1.2. Choice coverage and recommendation coverage
Choice Coverage captures another critical aspect of the users’ choice diversity; it is the percentage of the items in the catalogue

hat have been chosen at least once by some user. Choice Coverage can show the ability of an RS in recommending the full potential
et of available items. We note that Choice Coverage reveals a different facet of choice diversity, compared to the Gini index. While
hoice Coverage captures the users’ spread of choices over the catalogue, the Gini index measures how uniformly the choices are
istributed over all the chosen items. Besides Choice Coverage, Recommendation Coverage measures the fraction of items present
n the system that were recommended at least once during the simulation. This metric shows the ability of the RS to recommend
iverse items.

.1.3. Choice’s rating: Average predicted rating of the chosen items
The average predicted rating of the chosen items, which is also called in a more compact way, the Choice’s Rating, is the mean

f the (IPS-MF predicted) rating of the users’ chosen items. We compute the average of the predicted rating of the chosen items for
ach user and then we average over all the users’ mean values. We are interested in this metric to understand if an RS helps the
sers to identify the more valuable items; in fact, the predicted rating of a user for an item is the only measure that we have at our
isposal to assess the quality of the choices.

.1.4. Popularity
This metric measures the popularity of the chosen items. For every time interval (month) of simulated choices, we calculate the

verage popularity of the chosen items at the time that they were chosen. The Popularity of an item at a certain time-point is equal
o the number of times the users have chosen this item from the beginning of the log data set (t=0) until that time point, divided
y the overall number of choices from𝑡 = 0 until that time point.

.1.5. Average predicted rating of the recommended items
This metric measures the mean of the (IPS-MF predicted) rating of the recommended items. This average predicted rating mea-

ures the quality of the recommendations. It is expected, given the adopted choice model, that the users choose the recommendations
ore often if they have high predicted ratings.

.1.6. Recommendation acceptance
Recommendation Acceptance measures how often the simulated users make choices among the recommended items. This metric

s computed by dividing the number of times the users have chosen a recommendation, by the number of times they have received
ome recommendations before making their choices. We recall that the users are choosing items in the awareness set and only some
f these items are actually recommended. A higher acceptance ratio indicates a kind of effectiveness of the RS. Conversely, a low
ecommendation Acceptance signals that the recommended items have low utilities (predicted ratings); otherwise, they would have
een selected. This descends directly from the adopted choice model.

.2. System log data sets

We searched for time-stamped choice and rating data sets that could be appropriate for our study.1 A data set contains the log
ata of an information system and our simulation, starting from an initial subset of this data, simulates the next choices of the users.
he actual choices of the users, contained in the log data set, are used to compare the simulated recommendation sessions with the
bserved users’ behaviour. Moreover, the log data set is used to predict the simulated users’ utilities for items, actually, their ratings
nd the users’ awareness sets.

We have then selected three log data sets in the Amazon collection: Amazon 𝐾𝑖𝑛𝑑𝑙𝑒, Amazon 𝐺𝑎𝑚𝑒𝑠 and Amazon 𝐴𝑝𝑝𝑠 (He &
McAuley, 2016). The reason for choosing Amazon data sets is that in the Amazon eCommerce platform, books, games and apps
are typically rated after they are bought. Hence, the logged ratings by the users correctly signal their actual choices. Moreover,
the chosen data sets are recording ratings for rather similar product types (mobile applications, Kindle electronic books and video
games). This helps to make the results more easily comparable and enables us to better generalise the obtained results. Additionally,
users in these three domains do not make repeated choices (purchases) for a single item; this is compliant with our simulation model.

However, the Amazon data sets contain many users that made very few purchases. These users are hard to be modelled and
their choices hard to be correctly simulated. Hence, we decided to consider only users who made at least 20 choices and gave the
corresponding ratings. Amazon 𝐴𝑝𝑝𝑠 data set contains users’ ratings for Android applications over 52.5 months. We consider the
choices collected in the first 42.5 months as starting observed data for building the RSs (time 𝑡0) and then we simulated the last 10
months’ choices. 𝐺𝑎𝑚𝑒𝑠 data set contains users ratings given to Video games over 179 months. Similarly to the 𝐴𝑝𝑝𝑠 data set, we
simulate the choice of the last 10 months.

The third data set, 𝐾𝑖𝑛𝑑𝑙𝑒, which contains time-stamped ratings of users for books, is much more sparse than the previous
twos. Hence, the analysis conducted on 𝐾𝑖𝑛𝑑𝑙𝑒 is essential to understand the impact of data sparsity on recommendation and choice
simulation. This data set is more sparse in the first 12 years (99.93% sparsity), hence, we decided to consider only these first 12 years
to simulate choices in a sparse data set.

1 We have evaluated: http://jmcauley.ucsd.edu/data/amazon/, MovieLens data sets and CiaoDVD from ciao.co.uk
8
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Table 2
Important properties of the considered log data sets.

Property 𝐴𝑝𝑝𝑠 𝐺𝑎𝑚𝑒𝑠 𝐾𝑖𝑛𝑑𝑙𝑒

# of ratings 154,033 80,305 28,346
# of users 4,579 2,061 2,575
# of items 23,921 20,060 16,017
# of time intervals (months) 52.5 179 144
Average number of ratings per user 33.63. 38.96 11.00
Sparsity 99.8% 99.8% 99.93%
# time intervals of simulated choices (𝑛) 10 10 10
Average rating in the data 3.77 3.99 4.20
Average predicted rating 2.91 3.10 2.67
Gini index in the last n months 0.78 0.87 0.53
Coverage of the last n months choices 0.60 0.25 0.70
Average rating in the last 𝑛 months 3.79 4.01 4.20
Average number of choices per month 3796.9 792 1572.5
New users’ choices 9% 7% 17%

Table 3
Baseline and variation of the simulation parameters for each log data set. The values in the parenthesis are lower and higher
values for each baseline value that we used in order investigate the impact of each parameter.

Parameter

Utility
scaling: 𝑐

Multiplicative
factor: 𝛿

Awareness set
size: A (Variation)

Recommendation set
size: 𝑘 (Variation)

Data set
Apps 0.75 2 3000 (1000, 5000) 50 (10, 100)
Games 0.7 2 2000 (1000, 3000) 50 (10, 100)
Kindle 0.8 2 2000 (1000, 3000) 50 (10, 100)

Table 2 summarises the main characteristics of the considered data sets (after the above mentioned filters are applied). In this
able, 𝑛 shows the number of simulated months, which is 10 in this paper for all the data sets. # of time intervals (months) is the time

difference (in months) between the last and the first rating recorded in the data set. Average number of ratings per user is the average
number of ratings/choices of each user over the entire log data set. Average rating in the data is the average of the observed ratings in
the whole log data set. Average predicted ratings is the average of all the predicted ratings using the unbiased IPS-MF model. Average
rating in the last 𝑛 months is the average of the observed ratings in the last 𝑛 (10) months of the data set. Average number of choices
per month is the number of choices a user has made on average in one single month during the last 𝑛 months of the data set. New
users’ choices is the percentage of the choices made by the new users in a single month. This value is an average over all the last 10
months of the data set.

5.3. Simulation parameters

The proposed simulation depends on four important parameters (see Table 3). We first identified a baseline configuration of
the parameters for each data set. Then we ran simulations varying the values of two of these parameters. To identify the baseline
configuration, we run the simulation procedure when the 𝐹𝑀 recommender system was used. This RS is supposed to give the best
recommendations among the five considered RSs. Using 𝐹𝑀 , we searched for parameter values that make the simulated choices
distributed as close as possible, with respect to Gini index and Choice Coverage, to the observed choices in the data set.

The parameters 𝛿 and 𝑘 take the same values in the three data sets. While the coefficient 𝑐, used to scale the utility, and the
awareness set size 𝐴 have been tuned in each data set. The utility coefficient must be tuned because of the differences in the
distribution of the ratings in the data sets (see the Average predicted rating in Table 2). We set the utility coefficient in such a way
that, after that normalisation, (1) the average utility of all the user–item pairs are similar in the data sets and (2) the Gini index
and Choice Coverage are similar to the observed Gini index and Choice Coverage. Moreover, we tuned also the awareness set size
in each data set to achieve the baseline Gini index and Choice Coverage values. The 𝐾𝑖𝑛𝑑𝑙𝑒 data set has a very high sparsity and
diversity. Hence, even with a small utility scaling coefficient and a large awareness set size, we could not come close to the observed
Choice Coverage. Hence, we decided to keep parameters values similar to those used in the other data sets in order to better analyse
the impact of data sparsity.

In order to understand the role of the awareness set size and recommendation set size on the users’ choice behaviour, we have run
the simulations with lower and higher values of these two parameters, as shown in Table 3.

6. Experimental results

Before discussing the experimental results, it is worth explaining how the performance metrics are presented. In order to address
the first and the second research questions, which require the analysis of the evolution of the users’ choices, we calculate each metric
over the set of simulated users’ choices from the beginning of the simulation period until the end of each month of simulated choices.
9
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Fig. 3. Evolution of the Gini index of the observed and simulated choices under the effect of the five considered RSs.

Fig. 4. Evolution of Recommendation Acceptance over the simulated choices under the effect of the five considered RSs.

For instance, in Fig. 3(a), the x axis shows the month of simulation and the y axis shows the values of a metric calculated over all
the simulated choices up to the end of the month x. Hence, for instance, at month 𝑥 = 4 it is shown the Gini index calculated over
the accumulated choices simulated in months 1, 2, 3 and 4.

We also calculate the performance metrics on the observed choices, i.e., those stored in the log data sets in the considered
months of the simulation. This enables us to compare our simulation results with logged users’ choices. Even though we do not
know the exact conditions that have determined the choices logged in the data sets and if, for instance, an RS was used, the metrics
computed on logged data can be used as a qualitative reference point for better assessing the impact of the considered RSs. The
label ‘‘Observed’’, which is used in the graphs, refers to a measured metric on the logged choices observed in the data set, while
the other curves are relative to the simulated choices.

Additionally, to address the research questions 3 and 4, we analyse the calculated metrics over all of the choices, i.e., from the
first to the last simulated month of choices. These information is presented in Tables 5 and 6.

6.1. Recommender systems’ effect on choice diversity: Gini index

We start by addressing the first research question: ‘‘RQ1 - How personalised and non-personalised RSs affect the evolution of
choice diversity? What features of the RSs determine their specific impact?’’

The evolution of the Gini index is shown in Fig. 3. We observe a clear tendency of the choices to grow in diversity with time:
the Gini index is always monotonically decreasing. However, comparing the Gini index in the presence and absence of RSs, we note
that it is very difficult that an RS can produce a higher diversity than when no RS is used. In fact, only in Fig. 3(c) (𝐾𝑖𝑛𝑑𝑙𝑒 data
set), LPCF and FM produce slightly smaller Gini index values than the baseline case, called NO-RS, while in Fig. 3(b) (𝐺𝑎𝑚𝑒𝑠 data
set), only LPCF has a lower Gini index. Nevertheless, considering the comparison of either LPCF or FM with the NO-RS case in the
three data sets, we can conclude that the evolution of the Gini index in the presence or the absence of an RS strictly depends on
the log data.

Another evident observation is that in all of the considered data sets, the personalised RSs (PCF, LPCF and FM) produce lower
Gini index values compared to the non-personalised ones (AR and POP). This means a higher choice diversity for the personalised
RSs. This is more evident in 𝐴𝑝𝑝𝑠 and 𝐺𝑎𝑚𝑒𝑠. This effect is clearly motivated by the fact that the non-personalised RSs make
the same recommendations to all the users, while the personalised RSs adapt to each individual user’s profile. However, there is
another reason why the Gini index is larger for non-personalised RSs: the Recommendation Acceptance of the non-personalised RSs
is higher than for the personalised RSs, especially in the 𝐴𝑝𝑝𝑠 and 𝐺𝑎𝑚𝑒𝑠 data sets (see Fig. 4). Hence, the choices influenced by
the non-personalised RSs are more often made among the narrower set of recommended items and not among the other items in
the awareness set.

When discussing choice diversity, it is worth considering Choice Coverage (see Fig. 5), which gives another perspective on the
broad dimension of diversity. Personalised RSs produce choices that cover a larger part of the catalogue compared to the non-
personalised RSs. Hence, the choices determined by the personalised RSs are covering a larger spectrum of items (Choice Coverage)
and they are distributed more uniformly on those items (the Gini index).
10
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Fig. 5. Evolution of Choice Coverage over the observed and simulated choices under five different RSs.

Fig. 6. Evolution of Recommendation Coverage over the simulated choices under the effect of the five considered RSs.

Fig. 7. Evolution of the average predicted rating of the recommended items over the simulated choices under the influence of the five considered RSs.

Focusing now on the performance differences between the personalised RSs (PCF, LPCF and FM), we can observe that LPCF
results in the lowest Gini index (highest diversity). We note that LPCF, by definition, recommends less popular items than the other
two personalised RSs. Hence, LPCF is somewhat expected to lead to more diverse choices. This is confirmed by the Recommendation
Coverage results (see Fig. 6): LPCF has the highest Recommendation Coverage, i.e., the recommended items (but also the choices,
as shown in Fig. 5) cover a larger part of the catalogue of recommendable items than the other RSs.

Among the non-personalised RSs, POP and AR have slightly different effects on the Gini index. While in the 𝐴𝑝𝑝𝑠 data set,
POP has a lower Gini than AR, both POP and AR have similar Gini index values in 𝐺𝑎𝑚𝑒𝑠. However, in 𝐾𝑖𝑛𝑑𝑙𝑒, AR produces a
lower Gini index. The high Gini index of the non-personalised RSs can also be determined by a high (predicted) rating of the
recommendations: when the recommendations have a large utility, the users are more likely to choose them, i.e., there is a high
Recommendation Acceptance, which can result in a high frequency of choices over these items, which gives a high Gini index. In
fact, we observe in Figs. 3, 4 and 7 that this relationship exists. For instance, we observe in Fig. 7(a) that AR’s recommendations
have higher average predicted ratings and consequently, a high Recommendation Acceptance (see Fig. 4(a)). This results in a higher
Gini index compared to POP (Fig. 3(a)). In the other two data sets, we observe similar relations between the predicted ratings of
the recommendations and the Gini index.

The analysis of the Popularity of the chosen items, shown in Fig. 8, confirms the observations made while discussing the Gini
index and the Choice Coverage. Even though this metric shows a somewhat different evolution in the three considered data sets, it
clearly indicates that the non-personalised RSs tend to recommend more popular items and this bias is increased month by month.

6.2. Personalised vs Non-personalised recommender systems effect on users’ choice’s rating

We now focus on the second research question: ‘‘RQ2 - Do personalised RSs suggest items that users rate higher than non-
personalised RSs?’’. In fact, personalised RSs are considered more accurate and preferable compared with non-personalised RSs,
hence, they are expected to produce better choices.
11
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Fig. 8. Evolution of Popularity of the chosen items for the observed and simulated choices under the influence of the five considered RSs.

Fig. 9. Evolution of the Choice’s Rating (average predicted rating of the choices) over the observed and simulated choices under the influence of the five
considered RSs.

Table 4
Precision of Recommender Systems in the classic evaluation scenario.

Data set

Apps Games Kindle

Recommender System

PCF 66.5 73.7 80.1
LPCF 66.5 73.2 80.1
FM 67.2 75.4 80.3
POP 67.0 74.7 80.1
AR 67.0 72.9 80.1

The Choice’s Rating metric is the average (IPS-MF) predicted rating of the chosen items. As we previously mentioned, it tells us
how good are the users’ choices. The evolution of these metrics is depicted in Fig. 9.

We observe that the non-personalised RSs produce choices for items that are better evaluated by the users: the Choice’s Rating
metric is higher compared to the more sophisticated personalised RSs, such as, FM. This result is matching the previously discussed
result on the average predicted ratings of the recommendations (Fig. 7): not only the user choices influenced by non-personalised
RSs, but even the recommendations of these RSs have a higher average predicted rating, compared to the personalised ones. This
clearly contrasts with common knowledge, i.e., that personalised RSs are more accurate and therefore, should recommend items
that the users rate higher. In order to clarify this aspect, we have measured the precision of the considered RSs.

Precision of the recommender systems. Table 4 shows the precision of the considered RSs on our three data sets. We include in this
evaluation only users with 20 or more recorded ratings. We split the available ratings into 75% training and 25% testing data. The
split is performed based on the time-stamps of the ratings, that is, 25% of the last recorded ratings of each user is considered as
her test ratings. We calculate the precision over the top-5 recommendations for each user and we show here the average of these
values.

Overall, non-personalised RSs perform slightly better than PCF and LPCF and slightly worse than FM. Hence, in these data sets,
non-personalised RSs are actually also rather precise, with a marginally small advantage for FM. It is therefore clear that these
differences in system’s precision are providing only a partial indication of RSs’ quality and impact: other factors, which are studied
in this paper, influence the system’s performance, such as the variety and the predicted ratings of recommendations.

Moving back to the simulation results, an additional interesting observation is that in the 𝐴𝑝𝑝𝑠 and 𝐺𝑎𝑚𝑒𝑠 data sets, the Choice’s
Rating metric computed on the observed choices (those in the log data) takes slightly smaller values than those obtained by the
personalised RSs, especially FM. While in 𝐾𝑖𝑛𝑑𝑙𝑒, the Choice’s Rating metric is much higher on the observed choices than on all
the simulated choices, whatever is the RS that influenced these choices. Moreover, according to Fig. 7, also the recommendations
in 𝐾𝑖𝑛𝑑𝑙𝑒 have a smaller average predicted rating (roughly 3.40) compared to the average of the observed ratings of the last 10
months of simulated choices (4.20). Instead, in the 𝐴𝑝𝑝𝑠 data set, the predicted rating of the recommendations of LPCF and FM
12
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Table 5
Impact of the users’ awareness set size on the considered users’ choices related metrics.

RS Apps Games Kindle

Awareness set size Awareness set size Awareness set size

1000 3000 5000 1000 2000 3000 1000 2000 3000

Gini

PCF 0.90 0.82 0.73 0.92 0.89 0.86 0.90 0.86 0.82
LPCF 0.81 0.76 0.69 0.83 0.83 0.81 0.87 0.83 0.80
FM 0.90 0.80 0.71 0.92 0.89 0.86 0.88 0.85 0.81
POP 0.97 0.89 0.82 0.98 0.96 0.93 0.97 0.93 0.88
AR 0.98 0.91 0.84 0.98 0.96 0.93 0.94 0.90 0.86

Coverage

PCF 0.39 0.50 0.60 0.17 0.20 0.23 0.26 0.30 0.34
LPCF 0.50 0.56 0.63 0.27 0.27 0.29 0.32 0.35 0.38
FM 0.35 0.52 0.61 0.15 0.20 0.24 0.28 0.32 0.35
POP 0.21 0.42 0.53 0.08 0.13 0.18 0.15 0.24 0.31
AR 0.18 0.38 0.51 0.08 0.13 0.17 0.18 0.25 0.30

Popularity

PCF 0.00063 0.00035 0.00025 0.00037 0.00028 0.00024 0.00054 0.00037 0.00029
LPCF 0.00033 0.00021 0.00015 0.00020 0.00018 0.00016 0.00047 0.00034 0.00027
FM 0.00041 0.00024 0.00017 0.00027 0.00021 0.00018 0.00046 0.00034 0.00028
POP 0.00382 0.00216 0.00152 0.00178 0.00132 0.00103 0.0048 0.00282 0.00197
AR 0.00382 0.00232 0.00162 0.00188 0.00138 0.00107 0.00081 0.00053 0.00039

Choice’s Rating

PCF 4.14 4.06 4.00 4.27 4.25 4.23 3.34 3.33 3.33
LPCF 4.03 4.00 3.95 4.17 4.18 4.18 3.34 3.33 3.32
FM 4.00 3.98 3.94 4.17 4.18 4.18 3.32 3.32 3.31
POP 4.28 4.18 4.11 4.44 4.39 4.35 3.44 3.41 3.39
AR 4.40 4.28 4.19 4.48 4.43 4.39 3.32 3.33 3.32

Recommendation Coverage

PCF 0.38 0.43 0.50 0.24 0.24 0.26 0.33 0.37 0.42
LPCF 0.59 0.62 0.68 0.40 0.41 0.42 0.42 0.50 0.54
FM 0.03 0.03 0.03 0.03 0.04 0.04 0.12 0.13 0.13
POP 0.01 0.01 0.01 0.01 0.01 0.01 0.02 0.02 0.02
AR 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01

Recommendation acceptance

PCF 0.67 0.41 0.31 0.64 0.51 0.37 0.63 0.47 0.37
LPCF 0.57 0.34 0.24 0.58 0.41 0.35 0.61 0.44 0.36
FM 0.58 0.34 0.24 0.55 0.43 0.33 0.61 0.46 0.35
POP 0.72 0.49 0.40 0.72 0.57 0.46 0.66 0.51 0.42
AR 0.77 0.56 0.45 0.74 0.57 0.50 0.62 0.43 0.37

(around 3.70) is similar to the average rating of the observed choices (3.79). This clearly shows that all the considered RSs struggle
to find good recommendations in the 𝐾𝑖𝑛𝑑𝑙𝑒 data set and consequently poor choices (i.e., low Choice’s Rating) are influenced by
hese RSs. This is another analysis that shows how important is a simulation experiment in order to understand the impact of an
S in a specific data set.

.3. Impact of the awareness set size on choice diversity and choice’s rating

We now address the third research question: ‘‘RQ3 - Does a better users’ awareness of the catalogue of the items, i.e., being
ware of a larger number of items, lead to better choices, that is, higher users’ rating for the choices?’’ To address this research
uestion, we run the simulation procedure for different awareness set sizes, see Table 5. In order to simplify the analysis of the
esults, we show here the metrics calculated on all the simulated choices (from the first month of the simulation to the last one,
.e., month 10).

By increasing the awareness set size, as expected, the users’ choices become more diverse: the Gini index and the Popularity
etrics both decrease, while choices cover a larger part of the catalogue, as Choice Coverage increases. However, the Choice’s
ating, i.e., the users’ satisfaction with the choices, tends to decrease. Moreover, Recommendation Acceptance decreases as the
wareness set size increases. Accordingly, we can state that when users make fewer choices among the recommended items, because
he range of options among which they can choose expands (awareness set size), then the satisfaction for the choices decreases.
ence, RSs can actually help users to find good (high rated) items, especially when users have a smaller knowledge of the items’
atalogue. According to our simulation, increasing the users’ awareness about the catalogue can be effective for diversifying the
hoices and mitigating the concentration bias introduced by the RS. But, higher awareness sets leads to worse choices.

As it was mentioned earlier, with a higher awareness set size, Recommendation Acceptance decreases. One can then expect that
decrease of the Recommendation Acceptance is associated to a decrease of the Recommendation Coverage, because when users do
ot accept recommendations, the RS keeps suggesting the same set of items. However, we observe the opposite: when the awareness
et size increases, Recommendation Coverage increases as well. This is an interesting result that can be explained by noting that
ith a larger awareness set size, users choose more diverse items (according to the Gini index and Choice Coverage). Consequently,
t the beginning of each month, the RSs models, which are re-trained on the base of these diverse choices, produce more diverse
ecommendations as well. Interestingly, this could contribute to the observed increase in the Gini index and Choice Coverage. In
13
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Table 6
Impact of the recommendation set size on the considered users’ choices related metrics.

RS Apps Games Kindle

Recommendation set size Recommendation set size Recommendation set size

10 50 100 10 50 100 10 50 100

Gini

PCF 0.80 0.82 0.82 0.90 0.89 0.88 0.86 0.86 0.86
LPCF 0.75 0.76 0.80 0.87 0.83 0.85 0.84 0.83 0.85
FM 0.78 0.80 0.81 0.89 0.89 0.88 0.85 0.85 0.83
POP 0.81 0.89 0.93 0.91 0.96 0.97 0.87 0.93 0.95
AR 0.83 0.91 0.94 0.92 0.96 0.96 0.87 0.90 0.90

Coverage

PCF 0.53 0.50 0.36 0.18 0.20 0.22 0.31 0.30 0.29
LPCF 0.59 0.56 0.50 0.23 0.27 0.25 0.34 0.35 0.33
FM 0.55 0.52 0.32 0.19 0.20 0.21 0.32 0.32 0.33
POP 0.52 0.42 0.11 0.19 0.13 0.10 0.31 0.24 0.20
AR 0.51 0.38 0.09 0.18 0.13 0.12 0.29 0.25 0.22

Popularity

PCF 0.00025 0.00035 0.00077 0.00027 0.00028 0.00029 0.00038 0.00037 0.00037
LPCF 0.00020 0.00021 0.00024 0.00022 0.00018 0.00021 0.00034 0.00034 0.00035
FM 0.00023 0.00024 0.00054 0.00024 0.00021 0.00019 0.00037 0.00034 0.00031
POP 0.00135 0.00216 0.00569 0.00084 0.00132 0.00125 0.00160 0.00282 0.00274
AR 0.00150 0.00232 0.00523 0.00099 0.00138 0.00114 0.00047 0.00053 0.00048

Choice’s Rating

PCF 4.05 4.06 4.20 4.27 4.25 4.23 3.34 3.33 3.32
LPCF 4.01 4.00 4.03 4.23 4.18 4.19 3.33 3.33 3.32
FM 4.02 3.98 3.96 4.23 4.18 4.14 3.33 3.32 3.31
POP 4.11 4.18 4.36 4.33 4.39 4.40 3.40 3.41 3.41
AR 4.14 4.28 4.47 4.37 4.43 4.35 3.34 3.33 3.30

Recommendation Coverage

PCF 0.20 0.43 0.38 0.07 0.24 0.40 0.21 0.37 0.42
LPCF 0.29 0.62 0.61 0.10 0.41 0.51 0.31 0.50 0.50
FM 0.01 0.03 0.03 0.01 0.04 0.06 0.04 0.13 0.18
POP 0.00 0.01 0.02 0.00 0.01 0.01 0.01 0.02 0.03
AR 0.00 0.01 0.02 0.00 0.01 0.01 0.00 0.01 0.01

Recommendation acceptance

PCF 0.15 0.41 0.92 0.16 0.51 0.62 0.16 0.47 0.62
LPCF 0.09 0.34 0.87 0.13 0.41 0.61 0.15 0.44 0.63
FM 0.11 0.34 0.87 0.14 0.43 0.59 0.14 0.46 0.62
POP 0.18 0.49 0.94 0.21 0.57 0.70 0.16 0.51 0.66
AR 0.21 0.56 0.95 0.25 0.57 0.67 0.16 0.43 0.61

conclusion, we can state that an increase in the awareness set size results in an increase of the choice and recommendation diversity,
while, paradoxically, it also produces a decrease in the quality of the choices.

6.4. Impact of changing the number of recommendations on choice diversity

We finally focus on the fourth research question: ‘‘RQ4 - Is a larger recommendation set producing an increase of choice diversity?
f yes, has the awareness set size a larger or smaller effect on choice diversity than the recommendation set size?’’

The experimental results are shown in Table 6. One could expect that increasing the number of recommendations should result
n an increase in the diversity of the choices; if a user chooses items from a larger set of options, then the choices should be more
iverse. But, in our simulation, the user can also make choices from the awareness set, for items that were not recommended.
ence, the actual effect of increasing the number of recommendations is not easy to anticipate. In fact, we observe that with the
ersonalised RSs, when the recommendation set size is increased, the Gini index is not substantially affected: it can either grow a
ittle (in the 𝐴𝑝𝑝𝑠 data set) or remains substantially stable (in the 𝐺𝑎𝑚𝑒𝑠 and 𝐾𝑖𝑛𝑑𝑙𝑒 data sets). While the effect on Choice Coverage
s more clear: it decreases. The observed decrease in Coverage is explained by the fact that when a higher number of items are
ecommended, the choices tend to become more focused on these recommendations rather than the awareness set. How the choices
re distributed among the chosen items is not affected too much, i.e., the Gini index is not changing a lot.

On the other hand, with non-personalised RSs, by increasing the recommendation set size, both the Gini index and Choice
overage clearly signal a decrease in the diversity (a higher Gini index and a much lower Choice Coverage). It is very interesting
o note that while with 10 recommendations, the Choice Coverage of personalised and non-personalised RSs are similar, with 100
ecommendations, the situation changes significantly: non-personalised RSs produce very low Coverage. In this situation, users
hoose more among the recommendations and less among their awareness sets and consequently Choice Coverage decreases. Similar
rguments explain the larger Gini index for these RSs.

Lastly, in order to better understand the situation, we look at the detailed evolution of the Gini index, month by month, in the
𝑝𝑝𝑠 data set and we compare a baseline condition (Fig. 10(a)) with two alternative conditions: when the awareness set size is

ncreased (Fig. 10(b)) and when the recommendation set size is increased (Fig. 10(c)). It can be easily noted that the Gini index is
oth lower and faster-decreasing with a larger awareness set size (5000 vs 3000). In contrast, the Gini index is both larger and less
uickly decreasing when the number of recommendations is increased. This shows that increasing the awareness set size is more
14

ffective in increasing choice diversity than recommending more items.
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Fig. 10. Apps data set. Evolution of the Gini index over the observed and simulated choices under five different RSs when (a) original simulation parameters
are used, (b) awareness set size is increased from original (3000) to 5000 and (c) recommendation set size is increased from original (50) to 100.

7. Comparison with previous simulation studies

As it is discussed in Section 3, previous simulation studies make very diverse design assumptions. Hence, it is not possible here to
make precise comparisons, e.g., by running these state of the art procedures and make one-to-one comparisons with our outcomes.
Our simulation framework is quite different from those previously cited. For instance, Fleder and Hosanagar (2009) use a small
synthetic data set of users and items and also allows repeated choices. Conversely, we use large system log data to define users and
items and to estimate user utility and simulate choices. However, in this section, we make some comparisons, trying to relate the
findings of our study with those of previous works. We focus on the two studies that more closely match our simulation framework.

Fleder and Hosanagar (2009) have shown that adopting RSs always results in a lower choice diversity compared to the case
where the is no RS. However, in our results we show that the extent of this effect largely depends on the RS’s algorithm: some
RSs decrease the diversity much more than others. Moreover, we found that although in the 𝐴𝑝𝑝𝑠 data set, all the considered RSs
produce a lower diversity (higher Gini index) than the NO-RS case, in the other two data sets LPCF produces higher diversity. This
shows that the choice diversity in the presence or the absence of an RS strictly depends on the application domain, and one can
design RSs that can tame this problem. Additionally, Fleder and Hosanagar (2009) have found that when 𝛿 is increased, hence,
the salience of recommendations and the probability of recommendation acceptance becomes larger, also a higher Gini index is
observed. We have not analysed the specific impact of 𝛿, but we have found that when the awareness set size is decreased, that
results in a higher recommendation acceptance (see Section 6.3), as if 𝛿 is increased and the Gini index increases as well. Hence,
we have shown that a decrease in choice diversity can be due to either a smaller awareness of the users or to an increased salience
of the recommendations.

Szlávik et al. (2011) have discovered that different choice models can lead to different users’ choice behaviours, hence they
stressed the importance of properly modelling the user, in addition to the RS. For instance, by increasing the probability of
choosing the recommended items, they have showed that choice diversity can decrease, but, at the same time, users make better
choices (higher ratings). In our analysis, we focus on the awareness of the users, which has an indirect effect on the acceptance of
the recommendations, which was analysed by Szlávik et al. (2011). The results obtained by manipulating the users’ awareness
of the catalogue (Section 6.3) show that by decreasing the awareness set size, the users are more likely to choose among the
recommendations only and choice diversity decreases. Hence, our results, confirm the results found by Szlávik et al. (2011),
i.e., a higher acceptance of recommendations leads to lower choice diversity (higher Gini index). Moreover, in our simulation,
15
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by considering alternative RSs, we have discovered that when an RS is producing recommendations that are accepted more often,
then users also choose better items. This was also found by Szlávik et al. (2011).

8. Conclusion and future work

8.1. Summary of the results and implications

We have presented a simulation framework where the iterative choice making procedure of users, influenced by an RS, is
imulated.

We have discovered that on top of a general tendency in successive months to increase diversity, only LPCF and FM can produce
larger choice diversity with respect to when no RS is used and this is true only in two data sets. Hence, in practice, only relying on
Ss that explicitly penalises the most popular items, such as LPCF, one can increase diversity with an RS, compared to the situation
here no RS is used. However, personalised RSs can increase the diversity of the choices much more than non-personalised RSs,
hich conversely influence users to make choices for more popular items and covering a smaller part of the items’ catalogue.

Secondly, we have found that non-personalised RSs result in choices for items that have a larger predicted rating compared
o personalised RSs. This result, together with the conducted analysis of the precision of the considered RSs, indicates that non-
ersonalised RS can actually be strong baselines if the goal is to recommend items that the user will like, i.e., if there is no need
o diversify the choices of the users and supporting them to discover novel items. In this second case, non-personalised RS must be
voided.

Thirdly, we have found that when the awareness of the users about the catalogue of items is increased, choices are more diverse,
ut there is a clear decrease in the acceptance of the recommendations, which leads to choices with smaller Choice’s Rating. So, in
onclusion, paradoxically, being aware of more items in the catalogue does not help users to make better choices.

Fourthly, our results show that increasing the recommendation set size has a marginal effect on the Gini index of personalised
Ss, but decreases the Coverage of these RSs substantially. This is an apparently strange result, but it is due to the fact that when
ore recommendations are offered, the choices are more frequent among this restricted set of options, instead of ranging over the

arger awareness set and hence the coverage diminishes.
We believe that the proposed simulation framework can become a powerful tool for RSs researchers and developers to anticipate

he effects of a novel RS before actually deploying it to a real system. In addition to predicting the effect of an RS in the future, this
imulation framework can also be employed for exploring counterfactual scenarios, i.e., understanding the effects that a target RS
ould have had on the choice distribution if it was used in a system. In fact, the proposed simulation framework is general and it
s straightforward to be adjusted for specific settings. For instance, one can easily conduct simulations with other data sets, modify
he simulation parameters, such as the number of recommendations, the time intervals, the size of the catalogue awareness of the
sers and the simulated effect of the RS on the choices.

.2. Limitations and future work

There are still some limitations to the simulations conducted in this study that should be addressed in future studies. First of
ll, it is clearly important to compare these offline experiments with an online study, where users are observed while making real
hoices, informed by the considered RSs.

Moreover, since we use log data sets in domains such as books, video games, which are applications where a user typically
onsumes an item only once, it would be interesting to discover the effect of relaxing this condition and allow simulated users to
ake repeated choices. This analysis can be very instructive in application domains, such as music or movies, where this behaviour

s observed. So far, we do not have any result that can indicate how the same parameters that we have manipulated (the awareness
et size and the number of recommendations) can have on the users’ choice distribution.

Another important limitation of the conducted simulation relates to the fact that we predict the full user–item pairs’ ratings at
he beginning of the simulation and we use them to estimate the utility for each user–item pair. In fact, estimating all the utilities
t the beginning of the simulation is equivalent to make the assumption that users’ preferences are independent from their previous
hoices. But, this is actually not true; a user’s choice is typically dependent on her most recent choices: e.g., users listen to music
racks similar to their recently played tracks. It is possible to address this limitation by actively updating the rating prediction model
ith the simulated choices over time. But, this is not a simple task, as it is not clear how the choice model must actually incorporate

he knowledge of the previously made choices. This is a challenging question.
We also note that in our simulation, we use some information about the future user’s behaviour that is derived from the log

ata set. We do observe the users’ preferences and this is necessary to conduct a reliable simulation. However, we have used a
ebiased model (IPS-MF) to correctly estimate the users’ preferences. But we also observe the number of choices made by a user in
time interval. Hence, in some sense, we look at some properties of the future choices when simulating them. It is surely possible

o address this limitation by estimating the number of choices of a user during each time interval based on her previous choices.
However, notwithstanding the above mentioned limitations, the results that we have described clearly show a number of

nteresting effects caused by the manipulation of parameters that an RS designer can actually perform. Hence, we give concrete
nd directly exploitable knowledge about the effects of RS technologies on the users’ choice behaviour.
16
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